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Abstract

Language recognition (LR) refers to the task of identifying the language being spoken in
a speech utterance with the help of machines. Following the success of the i-vector repre-
sentation in speaker recognition task, it is also noted to yield state-of-the-art performances
in LR task. The i-vectors form a popular low-rank representation of speech utterances
and are derived from the Gaussian mixture model (GMM) mean supervectors using factor
analysis. The i-vector extraction involves a low-rank "total variability matrix" which is
hypothesized to incorporate both language and the session/channel variabilities. The ses-
sion/channel variabilities are compensated by appropriate techniques like linear discrimi-
nant analysis (LDA), within class covariance normalization (WCCN), etc. The concept of
total variability space as a single space is an extension of the joint factor analysis (JFA),
where the language and the session/channel variabilities are modeled separately. In the
recent years, sparse representation classification (SRC) has been successfully exploited in
many pattern recognition tasks including LR. The existing SRC based LR approaches use
an exemplar dictionary created by concatenating the i-vectors corresponding to the training
utterances. The i-vector representation for the test utterance are then sparse coded over the
exemplar dictionary. Based on the indices of the non-zero coefficients in the sparse coded
vector (s-vector), the language of the spoken test utterance is determined. With increase
in the number of training examples being available, the size of the exemplar dictionary
also increases, and the computational burden of sparse coding over such highly redundant

dictionary becomes quite prohibitive.

Towards addressing that challenge, this thesis explore various dictionary learning approaches
for designing compact dictionaries for LR task. These compact dictionaries not only reduce
the computational burden but also result in enhanced LR performances. For dictionary

learning, the K-SVD, the D-KSVD, the LC-KSVD, and the online learning (OL) dictio-

nary approaches employing lgp-norm, /1-norm, and combined [; and ls-norm regularizations
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are investigated. Though the i-vector approach is found to be very successful, it suffers
from high computational complexity involved in its extraction as well as high memory re-
quirement in the storage of the total variability matrix. For addressing that, an ensemble
of random subspaces of GMM mean supervector employing LDA followed by WCCN based
session/channel compensation in the subspace has been investigated. The proposed ap-
proach does not require any learning for creating the subspaces and has very low memory
requirements. In typical LR applications, the number of languages involved is not very
large. As a result of that, unlike speaker recognition task, the overall complexity of the
JFA based system turns out to be lower than that of the i-vector approach. Exploiting
this fact, the combination of the proposed ensemble approach with JFA is also explored.
Furthermore, the JFA compensated maximum a-posteriori (MAP) point estimates (i.e., la-
tent vector) are themselves used as the spoken utterance representations. Compared to the
i-vector, the JFA latent vector has considerably lower dimensionality. The sparse coding
algorithms are then applied to the JFA latent vector, and the performances are compared

with the i-vector based LR system.

We also proposed an ensemble of learned-exemplar (class-wise concatenation of the learned
dictionary) approach in order to reduce the latency and to achieve some diversity gain. In
this approach, multiple small-sized dictionaries are created, and each of the dictionaries is
used for extracting the sparse representation of a particular test utterance. In this way,
multiple s-vectors are obtained for that test utterance. The language-specific coefficients
in each of the s-vectors are averaged to have multiple score vectors. Finally, these score
vectors are used to decide the spoken language of an unknown utterance. The recently
proposed bottleneck features based i-vector representation is also explored in the sparse

representation framework.

Keywords: Sparse representation, GMM mean supervector, i-vector, JFA latent vector,

learned dictionary, language recognition.
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1. Introduction

Language recognition (LR) refers to the task of determining the identity of the language spoken
in a speech utterance with the help of machines. The LR task can be based on written or spoken
resources. In this work, we will always refer LR in the context of spoken language, i.e. spoken language
recognition. The LR can be broadly divided into two different variants: language identification (LID)
and language detection (LD). In LID task, the language of the given spoken segment is determined
from a set of target languages. While, in the LD task, it is determined whether the unknown speech
segment belongs to the claimed language of interest or not, thus posing a two class problem. The
language recognition task can be a closed-set or an open-set. In closed-set, the test speech segments
are limited to target languages which are used in the training process. However, in the open-set
task, the non-target languages are also included in testing. The industries like travel and tourism,
telecommunication and emergency services typically require an interface in multiple languages, thus
employ human resources who have a working knowledge of multiple languages. With the expansion
of such industries and the need for providing round the clock services, the cost of maintaining such
services becomes exorbitantly high. To address this challenge, a number of automated multi-lingual
services have been developed in the past. The success of such multi-lingual services depends on the
fast and accurate determination of the spoken language by the LR system. The LR is a promising
technology for various multi-lingual speech processing applications like spoken language translation,

multi-lingual speech recognition, and spoken document retrieval.

1.1 Perceptual cues

The perceptual cues that human listeners use to recognize the languages always form the source of
inspiration for automatic spoken LR [5] tasks. It has been noted from the human listening experiments
that perceptual cues [6,7| can be broadly categorized into pre-lexical and the lexical semantics [5].
The pre-lexical group includes acoustic-phonetics, phonotactics, and prosodic information while lexical
provides words and syntax based knowledge [1,8]. Acoustic-phonetic deals with the acoustic aspects of
speech sounds. The information about distinct speech sounds (phones) and the frequency of occurrence
of phones helps to recognize the spoken language. Phonotactics refers to the rules that govern the
combination of different phones in a language. Prosody, in general, refers to suprasegmental features,
such as stress, rhythm, and intonation. The lexical group deals with the words or morphemes and a

syntactic system that governs how words and morphemes are combined to form phrases and utterances.
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1.2 Literature survey on language recognition

Among these perceptual cues, acoustic-phonetic and prosodic features are commonly used in LR task
due to the simplicity of feature extraction as well as comparable performance to the lexical cues based
LR system. The Mel frequency cepstral coefficients (MFCC) [9] and shifted delta cepstral (SDC) [10,11]
features are commonly used to capture the acoustic information. However, the prosodic cues such as
stress, rhythm, and intonation are captured by the energy contour, the syllable duration, and the
pitch contour, respectively. The extracted features are a compact and efficient representation of the
speech utterance while incorporating all the most important aspects of the speech characteristics and

excluding the redundant information [8].

1.2 Literature survey on language recognition

Over the last few decades, many LR systems have been developed. In this section, a brief review

of LR systems is presented on the basis of different time intervals.
1.2.1 Very early works

The researchers at Texas Instruments have made the sustained efforts in LR in between the year
1973 and 1980 [12-15|. In [12], the authors have explored the frequency occurrence of certain reference
sounds in different languages. The automatic segmentation to the reference sounds has been done
based on spectral change. The decision on the spoken language of the speech utterances has been
made on the basis of time average log-likelihood of the languages. This work has been extended
in [13], where sequences of several phoneme-like segments were used for classification. In [14], the
human interactive approach has been used for the generation of reference sounds. The reference
sounds were selected manually followed by automatic isolation of the representative occurrences of
these sounds from the speech data. The work has been further extended in [15], where more emphasis
was given on properly specifying the reference sounds as well as providing more flexibility in selection
of reference sounds. House and Neuberg work’s [16] was based on manually phonetic transcribed data
for LR. In this work, the hidden Markov model (HMM) [17] was trained on broad phonetic labeled
data derived from phonetic transcription. The perfect discrimination of eight languages was shown
and demonstrated that excellent LR can be achieved by exploiting phonotactic information. In [18§],
an automatic acoustic-phonetic segmentation based approach has been used for developing the LR
system. The segmented data were grouped into six classes: (i) syllable nuclei, (ii) non-vowel sonorant,

(ili) vocal murmur, (iv) voiced frication, (v) voiceless frication, and (vi) silence/low energy segments.
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Based on the segmented data, two statistical models were considered: segmental and syllable. The
accuracy of 80% has been achieved in five languages. In [19], a polynomial classifier was designed
on 100-elements linear predictive coefficients (LPC) [20] derived acoustic feature vectors consisting of
15 autocorrelation coefficients, 15 cepstral coefficients, 15 filter coefficients, 15 area functions, 15 log
area ratios, 15 reflection coefficients, first-five formant frequencies, and their bandwidths. The overall
accuracy of 84% was achieved in eight languages. Foil [21] has developed two LR approaches. In
the first approach, a classical quadratic classifier was applied to the seven prosodic features extracted
from the pitch and energy contours. The second approach exploits the frequency of occurrence of
characteristic sounds using the formant frequencies and the language decisions were made on the
basis of vector quantization (VQ) [22] distortion measure. With the formant cluster approach, 64%
recognition rate with 11% false rejection was reported on the three language database collected from
the radio with a 5 dB signal to noise ratio (SNR). Goodman et al. [23] extended the work described
in [21] by incorporating additional and modified parameter sets, a new voicing method, and various
distance metrics for classification.

In summary, the works in LR task in the early 1990’s were based on the frequency occurrence
of certain reference sounds, phonotactic information, LPC derived acoustic features, and prosodic
features. For speech segmentation, both manual and automatic approaches were reported. The statis-
tical approaches like log-likelihood, VQ, HMM and polynomial classifiers were also investigated. The

interested reader is referred to the review work carried out by Muthusamy [24].
1.2.2 Works in last decade of 20th century

Muthusamy et al. [25] have built a multi-language, neural network-based segmentation and broad
classification algorithm using seven broad phonetic categories. The neural networks were trained using
back propagation with conjugate gradient optimization [26]. The experiments were carried out in four
languages and 82.3% accuracy was noted on the test set. In [27], authors have investigated the VQ
technique on the LPC derived features. Two strategies were considered for developing LR systems. In
the first approach, separate VQ codebook was created for each of the languages. While, the second
approach was based on single universal (common) VQ codebook for all languages, and its occurrence
probability histogram. The recognition rates of 65% and 80% were reported in the first and second
approaches, respectively. The results are reported with only 8 sentences of unknown speech (about
64 seconds). In [28], four statistical methods: VQ, discrete HMM, continuous density HMM and
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Gaussian mixture model (GMM) [29] were compared. The 10 mel-cepstrum coefficients along with its
dynamic coeflicients were used as a feature vector. These mel-cepstrum coefficients were obtained by
transforming 14 cepstrum coefficients (derived using 14" order LPC analysis) on the mel scale. Lamel
and Gauvain [30] have conducted cross-lingual experiments with phone recognition in both French and
English. Three-state left-to-right continuous density HMM with GMM observation density has been
used to build the phone models. In that work, BREF, a large read-speech corpus for French [31] and
DARPA Wall Street Journal (WSJ) corpus [32] were used for French and English data, respectively. It
was found that the recognition of French language at phone level (phone accuracy for BREF is 76.4% vs.
69% for WSJ) is easier but harder to recognize at the lexical level due to a larger number of homophones.
It was also reported that the 4 kHz signal bandwidth is sufficient for the French language whereas 8 kHz
is needed for the English language. In [33], phone-based acoustic likelihoods technique has been applied
for LR task. The basic idea was to train the language-specific phone model sets in parallel, which were
used to process the unknown speech. The experiments were done on the Oregon Graduate Institute
(OGI) multilingual telephone corpus [34]. Muthusamy and Berkling [35], have compared three distinct
techniques based on (a) raw acoustic features, (b) broad phonetic categories, and (c) fine phonetic
categories for LR. The distinction task was limited to English and Japanese language. The acoustic
representation used was 7-order perceptual linear prediction (PLP) features [36]. It was shown
that the combination of fine phonetic uni-gram and bi-gram features using a neural network classifier
performs better than that of Viterbi search. Zissman [37], has developed LR techniques employing
continuous-observation, ergodic HMMs with tied Gaussian observation probability densities. In this
approach, the MFCCs and first-order delta-cepstrum vectors have been used. In [38], the authors
presented an analysis of the phoneme-based features for LR system. The features considered in this
work were derived from a superset of phonemes of all three languages (German, English and Japanese).
This study conclude that, using known pair-wise contrastive mono-phonemes, it is possible to limit the
number of features incase of large number of languages. In [39], automatic segmentation based sub-word
representation has been used to discriminate the languages within same language group. The techniques
based on acoustic differences between the phonemes in each language, relative frequencies of phonemes
in each language and the combination of the two sources of information have been examined. In [40,41],
a comparison between four LR approaches: (i) GMM, (ii) single language phone recognition followed by

language modeling (PRLM), (iii) parallel PRLM (PPRLM) which uses multiple single-language phone
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recognizers, each trained in a different language, and (iv) language-dependent parallel phone recognition
(PPR) have been performed. The PPRLM provides the best performance among the four approaches.
Kadambe [42], has used the differences in phone/phoneme inventory and phonemotactics to identify the
languages. The phoneme recognition based on tri-phonemes and tri-gram phonemotactic models have
been achieved using continuous density, second order ergodic variable duration hidden Markov models.
This work has been extended by incorporating the lexical access module to the phoneme recognition
system [43]. Schultz et al. [44] studied the effects of phonetic, phonotactic, lexical and syntactic-
semantic knowledge sources to large vocabulary continuous speech recognition based LR system. It
was shown that incorporating lexical and linguistic knowledge leads to significant improvements in
recognition performance. Navratil [45], has investigated modified bi-grams with a context-mapping
matrix and language models based on binary decision trees exploiting the language information from a
wide phonetic context. The proposed approaches were found to be more efficient compared to standard
bi-gram in the phonotactics approach.

In summary, the majority of LR works in last decade of 20th century were based on acoustic features
(e.g., PLP and MFFC) and phonotactic information. Apart from this, lexical and syntactic-semantic
knowledge sources were also used to enhance the LR performance. The statistical modeling techniques

like neural network, VQ, HMM, GMM, PRLM, PPRLM and PPR were also explored.
1.2.3 Works in first decade of 21st century

Wong et al. [46] investigated GMM-universal background model (GMM-UBM) for language model-
ing as a speed enhanced alternative to standard GMM system. The MFCC along with delta coefficients
have been used for speech parametrization. On comparing with standard GMM based LR approach,
a slight degradation was noted. In [47], the authors have presented the phonotactic-acoustic features
based LR system that combines extended phonotactic and acoustic features using neural network clas-
sifier as well as phonotactic background normalization method for rejecting the unknown language.
Singer [48] has described three LR systems based on Lincoln laboratory implementation of the phone
recognition, GMM, and support vector machine (SVM). The LR performances have been evaluated
on the 1996 and 2003 NIST test sets. In [49,50], SVM classifier using generalized linear discriminant
sequence (GLDS) kernel has been used on SDC features. For contrast purpose, the author has also
developed the GMM based LR system, and found a slight degradation in the performance of the pro-

posed system. Nagarajan et al. [51,52] has proposed syllable-like unit instead of the phoneme as a basic
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sound unit in a framework similar to PPR, but without using annotated corpora. In this approach,
similar syllable segments are clustered and syllable models are trained incrementally. The determi-
nation of the language identity from the unknown test utterances is done with the help of language
dependent syllable models. In [53], the acoustic and phonetic speech information has been utilized for
automatic spoken LR system. The GMM-UBM based LR system employing various acoustic features
has been developed. In this work, the vocal tract length normalization (VTLN) [54,55] which is used
to reduce the speaker variation is also studied for LR task. The different aspects of phonetic speech
information were also explored for the PPRLM based LR system. In [56], rhythmic units related to
syllables are segmented using vowel detection algorithm. These rhythmic units are used to extract the
various parameters and are modeled using GMM. In [57], a set of Legendre polynomials are used to
approximate a segment of pitch contour. The coefficients of the polynomials form a feature vector.
The extracted feature vectors are modeled using GMM. The LR work discussed in [58] uses SVM
classifier in which Louradour sequence kernel with the background GMM was used to map the variable
length sequence of acoustic feature vectors consisting of MFCC along with their with delta coefficients
to the fixed dimensional space. On comparing with GLDS kernel, the Louradour sequence kernel
resulted in improved LR performance. Campbell et al. [59] proposed GMM supervectors with SVM
classifier for speaker verification task. This approach has been further extended to LR domain [60]
along with adaptive relevance factor to take care of the duration mismatch. A GMM supervector is a
high dimensional representation of a speech utterance which is derived by concatenating the mixture
means of the language adapted GMM-UBM. In that approach, 56-dimensional SDC feature vectors
(formed by concatenating 7 static MFCC plus 49 dynamic features using 7-1-3-7 delta-shift pattern)
were used after voice activity detection (VAD). In [61], the vector space modeling (VSM) was proposed
for automatic spoken LR task. This approach leads to a discriminative classifier backend, which was
demonstrated to give superior performance over likelihood-based n-gram language modeling backend
for long utterances. Ma et al. [62] adopted distributed output coding strategy in ensemble classifier
design for vector space spoken LR. In this approach, multi-class LR problem is decomposed into many
binary classification tasks, and the results of the classifiers are combined to form an output code as
a hypothesized solution to the overall LR problem. Matejka et al. [63] describes Brno University of
Technology (BUT) LR system for 2007 NIST Language recognition (LRE) evaluation. A total of 13

LR systems were fused (4 acoustic and 9 phonotactic). The 4 acoustic LR systems used were (i) GMM
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system with 2048 Gaussians per language and eigen-channel adaptation, (ii) discriminatively trained
GMM using maximum mutual information (GMM-MMI), (iii) GMM-MMI with channel compensated
features, and (iv) SVM classifier on GMM super-vectors. The phonotactic systems were based on
three phone recognizers: two ANN/HMM hybrids and one based on GMM/HMM context-dependent
models. In [64], an alternative approach to PPRLM system, which aims at improving the acoustic di-
versification among its parallel subsystems by using multiple acoustic models has been proposed. Mary
and Yegnanarayana [65] explored the vowel onset point (VOP) based prosodic features for LR task.
The location of VOPs is used to obtain the syllable-like regions in continuous speech. The prosodic
cues such as stress, rhythm, and intonation are characterized by energy contour, duration, and pitch
contour, respectively. The quantitative parameters of energy contour, pitch contour and duration are
computed from the syllable like regions and forms the prosodic features. For classification, a multilayer
feedforward neural network is trained using these features. In [66], an Eigen-language space in analogy
to the eigenvoice modeling approach has been proposed. The estimated language factors are applied
as input features to SVM classifiers. In [67], PCA-based feature extraction for phonotactic LR has
been proposed. Using PCA, the dimensionality of fixed length feature vectors from lattices obtained
using phone recognizer is reduced, and are used with the SVM-based system. Stolcke et al. [68] has
demonstrated the superior performance of language-independent phone recognizers in both PRLM and
PPRLM based LR systems. The authors have also investigated the ways to use speaker adaptation
transforms estimated by maximum likelihood linear regression (MLLR) as a complementary feature
for language characterization. Torres-Carrasquillo et al. [69] have presented the description of MIT
Lincoln laboratory LR system submitted to the NIST 2007 LRE. In this, a fusion of four LR systems
namely a GMM-MMI spectral system, an SVM classifier on GMM supervector, an SVM language
classifier using the lattice output of an English tokenizer, and a language model classifier using the
lattice output of a Hungarian tokenizer. The similar approaches were used on the NIST 2009 LRE
database [70]. The per system score calibration has been done using single discriminatively trained
Gaussian, followed by score fusion with logistic regression. In [71], the dimensionality reduction tech-
niques like PCA or random projection (RP) for using higher order n-grams in SVM-based phonotactic
LR have been investigated. Richardson and Campbell [72] have applied a nuisance attribute projection
(NAP) to token based LR system. The NAP formulation was done in such a way that it scales well to

high dimensional sparse feature vectors. In [73|, an attempt has been made to develop a two-level LR
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system for Indian languages using acoustic features. In the first level, the system identifies the family
of the spoken language, and then it is fed to the second level which aims at identifying the particular
language in the corresponding family. In [74], a wide range of prosodic attributes has been considered
for improving the LR performance. These attributes are modeled by the bag of n-grams approach with
SVM.

In summary, the major contributions in the first decade of the 21st century in terms of features are
the SDC features, VOP-based prosodic features, GMM-supervector as the utterance representation.
In terms of statistical modeling techniques, GMM-UBM, and SVM played a major role in achieving
the improved performances. The VTLN and NAP were also found helpful in improving the LR per-
formance. A good introductory tutorial on the fundamentals of the theory and the state-of-the-art

solutions can be found in [1].
1.2.4 Works in present decade

In this subsection, we present a brief review of recent works in the LR domain. On surveying the
literature, we find that those works can be categorized into three broad themes: low-rank modeling,
sparse domain modeling, and deep neural network based modeling. This review serves two purposes.
First, it highlights the important contributions made in the LR domain and also provides the basis for

the work carried out in this thesis.
1.2.4.1 Low-rank modeling

One of the most popular concept in the last decade is i-vector based utterance representation,
a modification to joint factor analysis (JFA) [75-77|. These approaches were originally proposed for
speaker verification task. In JFA| speaker and session/channel subspaces are being modeled separately.
In this work, the presence of speaker-specific information was noted in the session/channel subspace.
In order to address this problem, the i-vector [78] modeling was proposed where both speaker and
session/channel variabilities are captured jointly by constructing a low- rank projection matrix re-
ferred to as total variability matrix. The i-vector is considered as the low dimensional representation
of GMM mean-supervector derived using factor analysis. Martinez et al. [79] have investigated three
different classifiers (linear generative model, SVM and logistic regression) on the i-vector as front-end
features and these systems were noted to outperform the JFA based one. In [80], dimensionality re-

duction techniques like linear discriminant analysis (LDA), neighborhood component analysis (NCA),

TH-1998_08610209




1. Introduction

and their combination with within class covariance normalization (WCCN) were proposed in order to
compensate for the session/channel variabilities present in the i-vector. The SVM classifier was directly
applied to compensated low-dimensional i-vectors, followed by score calibration. In [81], a language-
dependent total variability matrix for each of the target languages was used for the extraction of mul-
tiple i-vectors and then concatenated i-vectors are used in SVM based classification. Soufifar et al. [82]
have presented a method for extracting i-vectors by a means of subspace multinomial modeling of the
n-gram counts for phonotactic LR. The SVM and logistic regression based techniques were used for
scoring. In [83], speaker adaptation vectors from sub-space GMMs [84] were used as the features for
LR. Although the performance was found inferior to the state-of-the-art acoustic i-vector system, it
provides complementary information and useful in the fusion. In [85], prosodic features based i-vector
with a generative classifier was developed for LR task. Martinez et al. [86] have combined prosodic
and formant features based i-vectors are used to build a generative LR system. Zhang et al. [87],
have investigated diverse acoustic features in the i-vector framework. For classification, generative
Gaussian (GG) and cosine distance scoring (CDS) classifiers have been used. In [88]|, an LR system
for mixed-language TV broadcast has been proposed. The JFA was used to separately model the
language and channel variabilities, represented by the eigenvoice matrix V' and the eigenchannel ma-
trix U, respectively. The corresponding language and channel factors are extracted simultaneously by
concatenating the V and U into a single matrix and by following the standard procedure of i-vector
extraction. Only language factors are considered and used to obtain the scores using Gaussian and
CDS classifiers. In [89], phonetic tokenizations and tandem features were investigated in the i-vector
framework for speaker verification and LR task. The tokens for computing zero-order statistics were
extended from the MFCC trained GMM components to phonetic phonemes, 3-grams and tandem
feature trained GMM components using phoneme posterior probabilities. It was shown that for LR,
the tandem feature is superior to MFCC in terms of first-order statistic calculation. Diez et al. [90]
have investigated phone log-likelihood ratios (PLLR) features in the i-vector framework for LR task.
This work was extended in [91] where PLLR features are projected into a subspace that enhances the
information retrieved from the system [92]. The dimensionality of the projected features is reduced
using PCA and used for the computation of shifted deltas. The fast and memory efficient approaches
for i-vector extractions are described in [93,94]. In [95], simplified and supervised i-vector modeling

framework for robust and efficient speaker verification and LR was proposed.
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1.2 Literature survey on language recognition

1.2.4.2 Sparse domain modeling

The sparse representation of signals for classification is an active research area in much signal pro-
cessing tasks. The sparse representation technique relies on the underlying assumption that a signal
can have a compact representation as a linear combination of few columns (atoms) of an overcomplete
dictionary. In an ideal condition, the selected dictionary atoms belong to the same class label as that
of a query signal. Motivated by this fact, the sparse representation classification (SRC) has been orig-
inally proposed for face recognition [96] and thereafter it has gained attention in various applications
such as speaker identification [97], speaker verification [98,99] and LR [100] due to its superior per-
formance compared to well-known classifiers like CDS and SVM. In [101] the sparse representation of
GMM mean shifted supervectors over a K-singular value decomposition (K-SVD) learned dictionary
for speaker verification has been investigated. In [102], a speaker verification system employing sparse
representation of GMM mean shifted supervectors over discriminatively learned dictionary (supervised
K-SVD) was proposed. In [103|, sparse coding has been performed in order to determine the sparse
vectors corresponding to SDC feature vectors. For classification, a linear SVM classifier was applied
on the pooled sparse vectors. The work has been further extended with an adaptive sparse coding,
which uses maximum a-posteriori (MAP) adaptation scheme based on online learning. A good survey

on the sparse representation can be found in [104].
1.2.4.3 Deep neural network modeling

Most of the works employing deep neural network (DNN) was used for the direct classification
of input features and the indirect way of computing frame-level features. The LR system discussed
in [105] deals with DNN as a classifier which uses PLP features. The indirect methods of computing the
features include the bottleneck features (BNF) from a DNN with a bottleneck layer or DNN posteriors
features from the outer layer. In [106], an i-vector representation based on BNF for LR was proposed.
The 43-dimensional features including 39-dimensional MFCC features and 4-dimensional pitch based
features are spliced across 10 frames and applied to the input of DNN. A stack of restricted Boltzmann
machines is trained using unsupervised generative pre-training procedure to initialize weight matrices.
After pre-training, the standard error back-propagation algorithm is used to fine tune the DNN in a
supervised manner. In [107], DNN replaces the GMM to compute the posterior of the frames with

respect to each of the classes in the model. In the case of DNN, the classes are senones (tied triphone
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states) which are achieved using a standard decision tree for automatic speech recognition (ASR).
While in the GMM case, the classes correspond to the individual Gaussian in the mixture model. The
DNN posteriors are then used to compute sufficient statistics for the i-vector. Richardson et al. [108]
have investigated speaker and language recognition systems under the i-vector framework employing
BNF along with DNN posteriors. The performance of the proposed system was found slightly inferior
to BNF along with GMM posteriors. In that work, an LR system is developed to distinguish among
24 different languages, but the DNN was trained on the transcribed English speech data from the
Switchboard-I corpus. Later in [109], multilingual transcribed data was used to train the DNN
and found helpful to get an improved performance. Most of the works exploiting DNN for LR task
require transcribed speech and pronunciation dictionaries which is expensive to obtain, thus limiting
the applicability of this approach. Recently, the work [110] explored the DNN based LR system which
uses acoustic features in the input and replaces the ASR based output labels with those learned from
a Bayesian nonparametric model. This learns an appropriate set of sub-word units automatically from
the speech data. The i-vector extraction using DNN is computationally expensive for both acoustic
modeling and bottleneck feature extraction. Motivated by this, DNN was used as a classifier in the
i-vector space [111], i.e. input to the DNN was the i-vectors, unlike the spectral features. In [112], a
discriminative fine-tuning of a PLDA model in a low-dimensional PLDA latent subspace is proposed
for the LR task. In [113|, the performance of the feed-forward neural network based LR employing
line spectral frequencies and MFCC front-end features are compared. Tang et al. [4] proposed the
phonetic temporal network which makes use of phonetic information captured by time delay neural
network (TDNN) [114], and applied them as input to long short-term memory (LSTM) [115,116] for
LR. In [117], DNN is used to map the sequences of speech features to fixed-dimensional embeddings
called x-vectors, and are used for LR task. Various structures of DNN and their details can found in
[118,119]. The specifications and performances of salient language recognition system reported in the

literature are summarized in Table [I[-11

1.3 Motivation of the study

e In LR domain, the idea of sparse representation was first explored in [100]. The authors de-
rived the s-vector over an exemplar dictionary created using state-of-the-art i-vector front-end
features. With the increase of a number of training examples, the size of the exemplar dic-

tionary increases, and the computational burden of sparse coding over such dictionary be-
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Table 1.1: Summary of specifications and performances of salient language recognition system reported in the

literature.
Ref. | Year of Salient specifications Evaluation data/ Reported Results
No. | Publication | of LR system No. of languages/ Measure,
Test segment Duration: Value
durations
[79] | 2011 Utt. Rep. : JFA, i-vector NIST LRE 2009/ In 100 x Cyuyg,
Channel Comp. : LDA and NAP 23 Languages/ 3s:14.10
Classifiers : GG, SVM and MLR 3, 10, and 30 seconds 10s : 4.04
Score Calibration : GB+MLR 30s : 1.88
[80] | 2011 Utt. Rep. : i-vector NIST LRE 2009/ In % EER,
Channel Comp. : LDA, WCCN, 23 Languages/ 3s:11.8
and NCA 3, 10, and 30 seconds 10s : 3.9
Classifiers : SVM 30s : 2.2
Score Calibration : GB+MLR
[100] | 2012 Utt. Rep. : i-vector NIST LRE 2007/ In % EER,
Channel Comp. : LDA and WCCN 14 Languages/ 3s:22.43
Classifiers : SRC, SVM and CDS 3, 10, and 30 seconds 10s : 10.51
Dictionary : Single Exemplar /Multiple 30s : 3.57
Exemplar using Random subspace
[120] | 2013 Features : BNF using DNN NIST LRE 2009/ In % EER,
Utt. Rep. : i-vector 23 Languages/ 3s:9.71
Channel Comp. : LDA and WCCN 3, 10, and 30 seconds 10s : 3.47
Classifiers : K-Nearest Neighbor 30s : 1.98
[105] | 2014 Features : PLP NIST LRE 2009/ In 100 x Cyoq :12,
Classifiers : Fully connected 8 Languages/3s In % EER, :9.58
feed-forward DNN Google 5M/
Score Calibration : MLR 25 Languages In 100 x Cgug : 5
+ 9 dialects/
From 1 second
up to 8 seconds
[108] | 2015 Features : SDC/BNF NIST LRE 2009/ In 100 x Cyyyq ,
Utt. Rep. : i-vector 23 Languages/ 3s:15.9
based on GMM /DNN posteriors 3, 10, and 30 seconds 10s : 6.55
Classifiers : PLDA 30s : 2.76
Score Calibration : Discriminative GB
[109] | 2015 Features : Multilingual Stacked BNF NIST LRE 2009/ In 100 x Cyuyg ,
Utt. Rep. : i-vector 23 Languages/ 3s:6.75
Channel Comp. : WCCN 3, 10, and 30 seconds 10s : 2.34
Classifiers : MLR, *Training data in 11 30s : 1.43
Score Calibration : MLR, languages
[103] | 2016 Features : SDC NIST LRE 2015/ In 100 x Cqeyq ,
Method: Adaptive sparse 9 Languages (2 clusters: | Arabic: 18.74
coding of SDC features Arabic (5) and Chinese: 16.34
Classifiers : SVM Chinese (4))/
upto 30s
[117] | 2018 Features : x-vectors trained NIST LRE 2017/ In 100 X Cprimary »
on MFCC/BNF /Multilingual BNF, 14 Languages xvect-mbnf : 13.0
Utt. Rep. : i-vector (5 clusters)/ xvect-bnf : 14.8
Channel Comp. : WCCN 3, 10, and 30 seconds xvect-mfcc : 20.9
Classifiers : Discriminative Gaussian
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1. Introduction

comes quite prohibitive. Thus, extracting the sparse representation of i-vector over simple
learned /discriminatively learned dictionary may be the preferable choice. It helps to reduce
the computational burden and expected to provide enhanced performance.

e The major drawback of the i-vector approach lies in high computational complexity in its ex-
traction and the storage requirements. In order to be effective, the i-vector approach requires
appropriate session/channel compensation. That indicates the application of compensation tech-
niques in low dimensional space is very much required in order to get the good performance.
This may be done by partitioning the GMM-mean supervector into subvectors (slices) followed
by the session/channel compensation. This approach does not require any learning for creating
the subspaces and has very low storage requirements.

e Unlike the speaker verification task, the number of languages handled by the LR system hap-
pens to be much smaller. As a result of this, in the LR task, the language-specific information
in JFA can be captured without restricting the language space unlike done for the speaker space
in speaker recognition tasks. Attributed to a small number of language factors involved, the
complexity of JFA based LR system is expected to be quite low compared to the i-vector based
one. In this thesis, we have used JFA modeling in two ways: more efficient session/channel com-
pensation of GMM-mean supervector and deriving a relatively much lower dimensional feature
than the i-vector feature in sparse representation based LR system

e As mentioned, the sparse coding over reduced size learned/discriminately learned dictionary may
be the preferable choice to reduce the computational burden of the s-vector extraction over an
exemplar dictionary based LR approach. The question arises can we do something to further
reduce the latency. The ensemble of learned-exemplar (class-wise concatenation of the learned
dictionary) may be a suitable option in order to reduce the latency as well as to achieve the
diversity gain.

e Recently, DNNs have gained lots of attention in the speech technologies on account of yielding
impressive gain in the respective performance measures. In general, DNN can be trained as a
classifier for the intended task or can be used as a means of extracting features to be used by
another classifier. The DNN-bottleneck features based i-vector has been reported to provide
the state-of-the-art performances in LR task [108]. This motivated us to explore the sparse

representation derived using the DNN-bottleneck based i-vector features.
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1.4 Contributions of the thesis

The thesis mainly explores the use of sparse representation for LR task. Apart from invoking the
SRC, the LR is also performed by applying the CDS classifier to the s-vectors. The salient contributions

made in this thesis are summarized as follows:

e Exploration of learned dictionary based sparse representation in LR task. In this context, both
simple and discriminative learned dictionaries have been created employing different kinds of reg-
ularization. Two different representations of speech utterances namely GMM-mean supervector
and i-vector are used in this work.

e In order to address the computational complexity in the i-vector extraction along with run-time
memory requirement, a low complexity LR approach exploiting ensemble of random subspaces of
GMDM-mean supervector is proposed. Furthermore, the JFA-based session /channel compensation
is applied to the GMM mean supervectors to further improve the LR performances.

e To further enhance the recognition performances by exploiting the diversity, the sparse coding
of i-vector/JFA latent vector over ensemble discriminative learned dictionaries for LR is also
proposed.

e For contrast purpose, recently proposed bottleneck features based i-vector, TDNN, LSTM, and
PTN based LR systems are developed. Motivated by those works, the use of the bottleneck
features based i-vectors is also made in the sparse coding domain. The resulting LR systems

noted to outperform the existing contrast systems.

1.5 Organization of the thesis

The rest of the thesis is organized as follows. Chapter 2 describes different modules of a typical
language recognition system and reviews the most commonly used techniques for realizing each of the
modules. The state-of-the-art i-vector-based language recognition is also described in detail, which
is used as the primary contrast method in this thesis. The details of the speech corpus and the
performance measure are also presented in this chapter.

Chapter 3 presents an in-depth exploration of the sparse representation approaches for LR task.
It begins by describing the existing LR approach employing the i-vector representation over an ex-
emplar dictionary using Lasso regularization based sparse coding. The work is further extended to

employ OMP /ENet regularization in sparse coding and the use of GMM-mean supervector as utter-
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ance representation. It is followed by an exploration of simple learned and discriminatively learned
dictionaries for LR task. For session/channel compensation, the i-vectors are applied with well-known
techniques like LDA, WCCN, and LDA followed by WCCN, while the GMM-mean supervectors are
processed with JFA prior to dictionary learning. The i-vector based system with different classifiers is
also implemented for the contrast purposes.

Chapter 4 deals with the implementation of low complexity LR system exploiting ensemble of ran-
dom subspaces of GMM-mean supervector which includes LDA/WCCN based session/channel com-
pensation in the subspace. This work is intended for addressing the high computational complexity and
memory requirement associated with the i-vector-based LR systems. The proposed ensemble-based LR
approach does not require any pre-learned projection matrix for obtaining the subspaces and has very
low storage requirements. In typical LR applications, the number of languages required to be identified
is limited to 10-30. As a result of that, the complexity of the JFA based system turns out to be lower
than that of the i-vector based one. Exploiting this fact, the combination of the proposed ensemble
approach with JFA is also explored.

In Chapter 5, an ensemble of the learned-exemplar dictionary (concatenation of class-based learned
dictionaries) based LR approach is proposed which can handle large sized training data efficiently along
with benefitting from the diversity gain. In this approach, each of the test vectors is sparse coded
over multiple learned-exemplar dictionaries, unlike single learned-exemplar dictionary. The language-
specific coefficients of each of the s-vectors are averaged and used as the score vectors. These score
vector obtained from each of the dictionaries in the ensemble is first calibrated with Gaussian back-end
and then all calibrated scores are fused together using the multiple-class logistic regression for the final
decision.

In Chapter 6, we explore the sparse coding of DNN based i-vectors for LR task. For i-vector
representation, DNN based bottleneck features are used, unlike the conventional MFCC features. For
contrast purpose, the existing DNN based LR approaches are also developed.

Finally, Chapter 7 summarizes the work presented in this thesis and presents a few directions for
future work. The details of the key algorithms used for sparse coding and dictionary learning are
presented in Appendices A and B, respectively. The details of the tuning parameters of the dictionary

learning approaches are presented in Appendix C.
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2. Language Recognition System

2.1 Introduction

The primary focus of this chapter is to review the techniques involved in the task of automatic
spoken language recognition. Like developing any other classifier, it involves two stages namely the
training and the testing. In the training stage, speech utterances from the target languages are used
for creating the corresponding language models while the testing stage depends upon the task, i.e.,
whether we need to perform language detection or language identification. The testing stage of language
detection uses a segment of speech and a target language claim and performs the pattern matching
with the claimed target language model towards accepting/rejecting the claim. However, the testing
stage of language identification determines the language of the unknown speech segment by computing
maximum similarity score with respect to target languages being modeled. The block diagram of the
state-of-the-art language detection system exploiting the acoustic features and the i-vector paradigm
is, shown in Figure 2l The different blocks involved in the training and testing stages are shown
separately. The following sections describe the functionality of each of the blocks used to build the

language detection system.

Training -
Speech Speech UBM
>| Parameterization Training —>| UBM Model
v !
Baum-Welch J T-Matrix
Statistics l Training T-Matrix
i—
i-vector N Sess./Chan. Training
Extraction Comp. i-vectors Training Phase
————————————— e | T _ | S . b ek
Language
Hypothesis Testing Phase
Test v v v
Speech Speech 5 Welch et sess./Ch Decisi Accept/Reject
aum-Welc i-vector ess./Chan. o ecision
— izati Classif
Parameterization Statistics Extraction | 7|  Comp. asster Logic

Figure 2.1: Block diagram of the i-vector based language detection system
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Figure 2.2: Block diagram of MFCC plus SDC feature extraction

2.2 Speech parametrization

The speech parameterization is the process of extracting the relevant information from speech
signal. Speech is a non-stationary signal and therefore needs to be processed/analyzed over short
duration speech frames. In general, a Hamming window of typically 20-30 ms is applied on the speech
signal with a frameshift of 10 ms. These speech frames are assumed to be stationary and used to obtain
the appropriate acoustic feature vectors from each of the frames. Prior to windowing, the pre-emphasis
filter is usually applied to an utterance in order to enhance the high-frequency components. To remove
the silence or non-speech regions from the utterances usually, VAD is also performed. The signal
energy based VAD forms the simplest method for speech and silence regions and works satisfactorily
for telephone (narrowband) speech [121]. In that method, the speech/non-speech frame is decided by
comparing the frame energy to a threshold derived from the average energy of the utterance. When the
energy of a given frame is more than the threshold value, that particular frame is marked as the speech
frame or otherwise silence frame. The indices of speech /non-speech frames (VAD marks) are stored and
used to remove the frames after the feature extraction. The majority of the acoustic feature extraction
techniques used for LR task are based on short-term spectral features. MFCC [9] and PLP [36] are
two dominant spectral features used for speech-based classification tasks, with MFCC being the most
popular for LR task. Figure shows the block diagram of the MFCC feature extraction procedure
and it comprises of following salient stages:

(i) apply the fast Fourier transform (FFT) to the windowed speech and compute the periodogram

estimate of the power spectrum, (ii) multiply Mel-scaled filterbank with the power spectrum, and
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Figure 2.3: The illustration of extraction of the ¢-th frame of SDC feature for the choice of parameter set,
Z-d-P-k = 7-1-3-7 [1]

then compute the energy output of each filter in the filterbank by adding up the weighted spectral
coefficients, and (iii) finally obtain the cepstral domain representation by applying logarithmic com-
pression to the filterbank energies, followed up by the discrete cosine transform (DCT). The cepstral
coefficients only contain information about the particular frame, and hence usually referred to as the
static features. Additional information about the temporal dynamics of the signal is captured by com-
puting first and second derivatives of cepstral coefficients [122-124], and are referred to as delta (Ac)
and delta-delta (AAc) coefficients, respectively. The delta coefficients provide information about the
speech rate, while delta-delta coefficients give the information similar to the acceleration of speech.
The traditional delta cepstra are computed over a few neighboring frames, thus the captured temporal
context is limited. In order to capture the temporal dynamics to a greater extent, SDC [125] feature
vectors are also proposed. The SDC feature vectors are created by stacking delta cepstra compounded
across multiple speech frames as illustrated in Figure 2.3l The four parameters Z-d-P-k completely
specify the SDC features. Z is the number of cepstral coefficients computed at each frame, d represents

the time advance and delay for delta computation, P is the time shift between consecutive blocks, and
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k is the number of delta-cepstral blocks whose coefficients are stacked to form a final feature vector.

Using Z-d-P-k SDC feature extraction scheme, the Z static features are calculated as

!

C(t) = [Co(t)vcl(t)ch(t)7 "'7CZ—1(t)] (21)
and the ith block of delta-cepstral features is computed as
Ac(t,i) =c(t+iP +d) —c(t +iP —d) (2.2)

The Z static and kZ dynamic feature vectors at time ¢ are computed and attributed to represent the
static and dynamic characteristics of the vocal tract. The concatenation of SDC features with the
static features is reported to yield the improved LR performance.

The cepstral mean normalization (CMN) [126] and the cepstral mean and variance normalization
(CMVN) [127,128] are relatively easy and effective feature normalization techniques. In CMN, the
mean value of the cepstral coefficients computed over the whole utterance is subtracted from each of
the cepstral coefficients. This helps to remove the time-invariant distortions (convolution) introduced
by the transmission channel and the recording device. However, in CMVN, the cepstral coefficients
are linearly transformed to have zero mean and unit variance. In real time application, normalizing
a feature vector over the entire utterance is not a feasible solution [129], as it causes an unnecessarily
long processing delay. To reduce the processing delay, the segmental CMVN [128] technique is also
proposed. Here, cepstral features are normalized over a sliding window of 3-5 seconds duration. The
feature vector to be normalized is located at the center of the sliding window. The VTLN is another
widely used normalization approach which helps to reduce the inter-speaker variability that arises
due to physiological differences in the vocal-tracts across the speakers. The speaker normalization is
done by warping the frequency-axis of the spectra of speakers by appropriate warp factor [130]. The
maximum likelihood search with respect to a GMM model is done to find the appropriate warp factor.
In addition, relative spectral (RASTA) [131] filtering performed on temporal trajectories of critical
band energies is also useful to enhance the speech features. It addresses the problem of the slowly
time-varying linear channel. The RASTA filter is a band pass filter used to suppress the spectral
components that change more slowly or quickly than the typical range of change of speech.

Apart from the acoustic-phonetic features, various levels of perceptual cues such as prosodic [65,

74,85,86] and phonotactic [82,132] approaches are also been explored for the LR task. In [85], it
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was reported that the i-vector representation over prosodic feature based LR system gives a degraded
performance in comparison to the acoustic and phonotactic system. However, these features are used
as meaningful complementary sources of information and fused to obtain the improved performance. In
comparison with phonotactics level features, comparable performance was noted with acoustic-phonetic
SDC features [82,133]. The phonotactic system requires a good phoneme recognizer which needs to
be trained on large transcribed speech corpus [134]. Only a few works have been reported utilizing
the lexical information. The reason behind this may be due to high computational complexity and
requirement of language-specific transcribed speech data [44,134,135|. Nowadays, many state-of-the-art

LR systems still include or rely on acoustic modeling [70].

2.3 Statistical modeling techniques

Statistical modeling is a critical issue in scientific data analysis. Its purpose is to construct a model
that approximates the true structure as accurately as possible through the use of available data. A
statistical model is a probability distribution, and are used to represent stochastic structures, predict
future behavior, and extract useful information from the available data [136]. The language detection
task also relies on the statistical models (language models) as it depends on similarity calculation
between test utterance and the reference model of the language. Thus, construction of the good
model is critical for the success of LR system. The extracted SDC feature vectors of the training
speech data in target languages are used to train the corresponding language models. In literature,
various statistical modeling approaches for LR have been tried including VQ [22], HMM [17], artificial
neural network (ANN) [137], GMM [29], GMM-UBM [138|, SVM [139, 140], GMM mean supervector
representation 59|, i-vector representation [78], PRLM [41|, PPRLM [41], and PPR-VSM [61]. A few

of the most commonly used statistical modeling techniques are described in the following subsections.
2.3.1 Gaussian mixture model

A GMM is a parametric model of probability density function of the feature vectors represented as

a weighted sum of C' component Gaussian densities [29]. A GMM denoted by A can be expressed as,

C
p(x|A) =D mib(x| i, ) (2.3)
i=1
where x is a D-dimensional feature vector and b(x|u;, 3;),i = 1,2,...,C are the component Gaussian

densities. The parameters n;, p;, 33; represent the mixture weight, mean vector and covariance matrix
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of the ith mixture component. These parameters are collectively represented by the notation, A =

{nis Wi, Ei}ic:l. Further, each component density is a D-variate Gaussian function of the form,

1 1 A
The mixture weight n; must satisfy the condition
C
> mi=1 (2.5)
i=1

The covariance matrices 3J; can be full rank or constrained to be diagonal. It depends on the number of
Gaussian components and amount of data availability for estimating the GMM parameters. Usually, the
diagonal covariance matrices are preferred on account of the computational constraint [29]|. For using
GMM as a language model, the model parameters {n;, t;, Zi}iczl are required to be estimated using
the corresponding language training data. These parameters are estimated following the maximum

likelihood (ML) criteria with the help of expectation maximization (EM) algorithm [141].
2.3.2 GMDM-universal background model

As the number of languages increases, building a language-specific GMM model having a large
number of mixture components is not a good choice. This requires too much time to build all the
language specific models and needs large memory storage space for saving all the models. To overcome
this problem, GMM-UBM [138] is used. In the GMM-UBM system, training language model is derived
by adapting training utterances with UBM and a form of Bayesian adaptation. UBM is language
independent model and derived from large multilingual training dataset using EM algorithm. Following
the MAP approach, a language-dependent GMM is obtained by adapting the parameters of the UBM
from language-dependent training data. In general, only mean parameters are adapted as it is found
to be effective.

Suppose we have access to a language independent GMM-UBM which is represented by weighted
sum of C' Gaussian mixture densities and denoted as Aypm = {772‘7/%,22‘},-0:1 and the language-
dependent data vectors X = {x1,x2,...,Xx}, the MAP adaption process of its mean parameters
is performed as follows. The posterior probability p(i|xg, Aupm) of the ith mixture component for a
data vector x; with respect to Aygm is computed as,

nib(Xk |pis i)
S5y mib(xk s, X))

p(i|xk, Aum) =
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Once posterior probability p(i|xx, Aupm) is determined, the sufficient statistics for estimating the mean

are computed as

K

0™ order statistics : N; = Zp(ﬂxk, AUBM) (2.7)
k=1
1 K

1% order statistics : F; = N kZ_lp(ﬂxk, AUBM )Xk (2.8)

This is same as the “Expectation” step in the EM algorithm. Finally, the MAP adapted mean vector

¢ corresponding to the 7th mixture is computed as
pi = iy 4 (1 - ai)p (2.9)
where «; is the adaptation coefficient controlling the balance between old mean and adapted mean.

2.3.3 GMDM mean supervector representation

GMM mean supervector is a high dimensional vector derived from adapted GMM-UBM [142]| and
forms the choicest representation in speaker and language recognition domains [60, 143]. The mean
vectors corresponding to a language adapted GMM-UBM are concatenated to form a GMM mean
supervector 3. Let us consider u® € R¢*YN be the GMM adapted mean matrix for an utterance u.
Each row represents a mean vector corresponding to a particular Gaussians. The concatenation of

mean vectors form a supervector and is given by

s=pt. | s, | ... we] (2.10)

where pjf. represents the mean vector of the i-th Gaussian in GMM. In order to reduce the bias due

to UBM, the centered GMM mean supervectors are generally used and are derived as
S§=8—p (2.11)
where p is the GMM-UBM mean supervector.

2.3.4 i-vector representation

The concept of total variability space or i-vector approach was first applied to speaker verification
[78]. Later, the same idea was applied for language identification in [80], [79]. The i-vectors are
the reduced dimension representation of GMM mean supervectors derived using factor analysis and

involve a low-rank projection matrix referred to as the total variability matriz. In context of language
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identification, the total variability matrix models both the language and the channel variability. Given a
speech utterance u, the language and session/channel-dependent GMM mean supervector § is modeled
as

s=p+Tw (2.12)

where p is the language independent UBM mean supervector, T is the total variability matrix, and w is
known as the identity vector or i-vector and assumed to have normal distribution N (0, I). The training
procedure of total variability matrix T is exactly the same as learning the eigenvoice matrix [144] except

the way speech utterances are treated. For an utterance u, the i-vector w is computed as,
w=T+T S 'NuT) 'T'S F(u) (2.13)

where 3 and N (u) are diagonal matrices whose diagonal blocks are 3; and N;I, respectively. F (u)
is a super vector of size C'D X 1 obtained by concatenating all centralized first -order Baum-Welch
statistics F} for a given utterance u. The centralized first-order Baum-Welch statistics for ith UBM
mixture component is given by
K
F, =" p(ilxe, Avsar) (xp — 1) (2.14)
k=1
where i = 1,2,...,C is the Gaussian index and p(i|xx, A\upar) is the posterior probability of the ith

Gaussian mixture component for a data vector x; with respect to A\ypas.

2.4 Session/Channel compensation

The recordings belonging to the same language obtained through different channels (different micro-
phones, acoustic environments, and transmission channels) known as inter-session channel variability.
The other variability may be due to the different environmental conditions while recording the train-
ing and testing data from different languages. These issues make the LR problem more challenging.
Here, we present the brief idea of three channel compensation techniques which are popularly used in
speaker verification and language recognition to minimize the session/channel effects. The JFA is used
to remove the session/channel effect in high dimensional GMM supervector space while LDA /WCCN

are commonly used in i-vector space.
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2.4.1 Joint factor analysis

In JFA [75], the GMM mean shifted supervector § for a language is represented as the sum of three
factors as,

s=Uu+Vv+ Dd (2.15)

where U is the session/channel subspace (eigenchannel matrix), V' and D define a language subspace
(eigenvoice matrix and diagonal residual matrix, respectively). The vectors u, v and d are session
and language dependent factors in their respective subspaces, and each is assumed to be a random
variable with normal distribution N(0,I). The session/channel compensated GMM mean shifted
supervector is given by § = Vv 4+ Dd. In our implementation, we have used Vv factor only, ignoring
the residual factor. The factor Vv is referred to as the JFA compensated supervector or in short the
JFA-supervector. The MAP point estimate v corresponding to the eigenvoice matrix is referred to as

the JFA latent vector in this work.
2.4.2 Linear discriminant analysis

LDA is used to perform session/channel compensation of i-vector representations by maximizing
the separability between languages. In this, the i-vectors are projected down to a set of new orthogonal
axes where the discrimination between different classes (languages) is maximum. The projection matrix
is composed of eigenvectors corresponding to top (L — 1) eigenvalues, where L is the total number of

languages used. The eigenvalues can be obtained by solving eigenanalysis equation
(W™ B)a = Aa (2.16)

where W is the within-class covariance matrix, B is the between-class covariance matrix, « is an
arbitrary vector, and A is the diagonal matrix of eigen values [78|. These matrices are learned on large
set of training i-vectors. The matrix W is defined as

L

L1 1 & _ N
W = fzn—z (wf — @1)(w} — ) (2.17)
=1 s

1

where w; = o > w! is the mean of i-vectors for each language, L is the total number of language

and n; is the number of i-vectors per language. The matrix B is computed as

/

1 L
B = EZ(‘*” — @) (w — @) (2.18)
=1
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In factor analysis, the i-vectors have standard normal distribution w ~ N(0,I), hence the language

population mean vector w is equal to the null vector.
2.4.3 Within-class covariance normalization

WCCN is another linear transformation method widely used to mitigate the session/channel effects
from the Gaussian mean supervector and the i-vector [78,145]. In WCCN method, the data vectors
are transformed using a matrix which minimizes the upper bounds on the classification error metric
and hence minimizes the classification error. The transformation matrix B is obtained by Cholesky

decomposition of the inverse of the within-class covariance matrix w as,
W' =BB' (2.19)
2.5 Classifiers

In this section, five popularly used classifiers in speaker/language recognition domain are briefly
discussed for the contrast purpose. The strengths and weakness of each classifier are summarized in
Table 211 The algorithms are explained in terms of the i-vector based representation of the speech

utterances.
2.5.1 Cosine distance scoring

The CDS provides the similarity between two i-vectors. Given the training and test i-vectors (wy,

and wyg ), the score is computed as,

(wtrn)/tht
S ==
core(Wirn, Wist ) |l wernlls |west]|5

(2.20)

Using Equation 2.20, the scores against all training i-vectors are are computed for a particular test

i-vector. Finally, the class-wise mean of the scores are computed for the final decision.
2.5.2 Support vector machine

The SVM [139] is a supervised binary classifier. In the training phase, a set of training instance-
class label pairs (w;,¢;), i =1,2,... N, w; € R™, ¢; € (—1,+1) is used to determine the best linear
hyperplane H, which maximizes the margin between the two classes. The notations w; and c¢; represent

ith i-vector and corresponding class label, respectively. The classification function f associated with
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the optimal hyperplane H is given by,

N
flw) =" aicik(w, w;) +b (2.21)
=1

where «; and b are the Lagrange multiplier and bias, the SVM parameters obtained from training step.

Considering the linear kernel function k(w,w;) = w;-w, Equation 22T can be re-written as

/

N
flw) = (Z aic,-wi) wH+b=adw+b (2.22)

i=1
where a = (Zf\i 1 aiciwi) is the weight vector. For the given test i-vector w;s, the classification is
performed by noting the sign of the function f(wys). The one-vs-all strategy is used to obtain the
scores for all languages. The other three popular kernels used in SVM are as follows:
e radial basis function (RBF): k(w,w;) = exp (—v[lw — w;][?), v >0
e polynomial: k(w,w;) = (yw,w + )%, v >0
e sigmoid: k(w,w;) = tanh(yw,w + 1), v > 0

where v, r and d are the parameters of the kernel.
2.5.3 Generative Gaussian model

In linear generative Gaussian (GG) model [79], the class specific i-vectors are used to train a class
dependent multivariate normal distribution N (g, 3), where full covariance matrix 3 is shared across

all classes. Given the test i-vector w, the log-likelihood score for each class is computed as
| 1 -1
Inp(wll) =~ w X" — 5 wE (2.23)

where p; is the mean vector and X is the common covariance matrix. Equation 223 is linear in w,

and hence leads to a linear classifier.
2.5.4 Logistic regression

Given a set of training instance-class label pairs (w;,¢;), i = 1,2,... N where w; € R™ and
¢i € (0,1) are the ith i-vector and its class label, respectively. The probability distribution of the class

label ¢ given an i-vector w can be modeled using logistic regression [146], and given by

1

ple=1|w;0) = (0 w) = T op(—0w)

(2.24)
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where 8 € R™ are the parameters of logistic regression model and o(.) is the sigmoid function. The
regularized logistic regression model can be described as

N

arg ;naxz log p(cilw;; 0) — AR(0) (2.25)

i=1
where R(6) is the regularization term. The parameter 6 can be computed using Equation The
value of R(0) = ||0]|, and R(8) = ||0||; corresponds to I; and [y regularized logistic regression. Once
0 is computed, find the decision boundary for the classification. The decision boundary is defined as
the line where

ple=1|lw;0) =05 = 0w =0 (2.26)
For multi-class problem, one-vs-all strategy is used to obtain the scores for all languages.

2.5.5 Gaussian-PLDA

Assume wy, represents the kth i-vector of a language data, where k = 1,2,..., N. The Gaussian-
probabilistic linear discriminant analysis (G-PLDA) [147], [148] model assumes that each i-vector wy,

can be decomposed into language component ! and channel component ¢ and is expressed as
wp=l+c=(m+ ®p)+ (P, + nk) (2.27)

The language and channel components describe the between-language and within-language variabil-
ity, respectively. The former doesn’t depend on the particular utterance while the later is utterance
dependent. The columns of ® and W provides a basis for the language subspace (eigenvoice) and
channel subspace (eigenchannel), respectively. The ¢ and 1), are the corresponding latent identity
vectors having standard normal distributions. The residual term 7y is assumed to be Gaussian with
zero mean and diagonal covariance 3. The global offset is represented by m. In this work, we have
used the modified G-PLDA [149] model due to low dimensional i-vector. Here, the eigenchannels have

been removed and X is considered as full covariance matrix. The modified G-PLDA model is given by
wp=m+ P+ g (2.28)

The EM algorithm [141] is applied on the large development data for ML point estimates of the model

parameters {m,®, X}
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Table 2.1: Comparison among CDS, SVM, MLR, GG, and G-PLDA classifiers

S.No. | Classifiers | Pros Cons
Simple and easy to implement. 1. Less optimal under spaces of lower dimension.
1 CDS , )
2. Don’t work well for correlated classes.
1. SVM’s can model non-linear decision boundaries 1. Memory intensive,trickier to tune due to the
2 SVM and there are many kernels to choose from. importance of picking the right kernel.
2. Fairly robust against over-fitting, especially 2. Don’t scale well to larger datasets.
in high-dimensional space.
1.Algorithm can be regularized to avoid over-fitting. 1. Unstable with well separated classes
3 MLR 2.Logistic models can be updated easily with 2. Unstable with few examples.
new data using stochastic gradient descent. 3. Tends to under-perform when there
are multiple or non-linear decision boundaries.
1. A good algorithm to use for the classification 1. For computational reasons, it can fail
4 GG of static postures and non-temporal pattern recognition. | to work if the dimensionality of the problem is too high.
2. User must set the number of mixture models
that the algorithm will try and fit to the training dataset.
1. A probabilistic version of LDA and so inherits Lack of robustness to outliers
LDA’ s discriminative nature. in the language and channel subspaces.
5 G-PLDA . : ! .
2. A generative model which places a Gaussian prior
on the underlying class variable, and so can model
classes with very limited training data.

2.6 Score calibration

In a language detection system, the scores from the detectors of different languages may have
different score distributions. This necessitates the score adjustment in order to achieve good language
recognition performance. Although it may be ideal to adjust the detection scores of different target
languages separately, in practice, a global score transformation is performed [150]. A global score
adjustment and calibration method often assumes the least prior knowledge. Gaussian backend scores
and likelihood ratios are commonly adopted measures by LRE systems [48,151|. The language scores
computed using different classifiers may not be well calibrated. This may be due to the varying
utterance length, unequal amount of training data used for target language modeling, etc. To calibrate
the language scores, Gaussian backend (GB) [79] followed by multi-class logistic regression (MLR)
[152] employing the FoCal toolkit [153] is used prior to final decision. The parameters for calibrating
the score was trained in a cheating way, that is, using the evaluation scores themselves [105]. This was
done to concentrate on the ability of the underlying models to discriminate between the given classes

by not allowing any errors due to miscalibration.
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Table 2.2: Number of training and test data segment for 2007 NIST LRE general test set condition.

Languages Train Test (30s)
Seg. Count | Dur.(hrs) | Seg. Count
Arabic 1593 106.24 80
Bengali 1525 165.56 80
Chinese 6265 394.33 398
English 2438 259.09 240
Hindustani 1329 71.00 240
Spanish 730 56.36 240
Farsi 484 24.33 80
German 4247 4.29 80
Japanese 884 44.01 80
Korean 1362 65.39 80
Russian 2090 120.11 160
Tamil 843 130.11 160
Thai 1911 97.32 80
Vietnamese 2437 228.17 160

T Minimum number of training utterances among all the languages, and therefore

only 420 utterances per language are considered during classification.

2.7 Databases
2.7.1 2007 NIST LRE

The 2007 NIST language recognition evaluation (LRE) [154] dataset contains 14 target languages
in general test set condition. It consists of 7530 conversational telephone speech (CTS) utterances of
30, 10 and 3 seconds duration including the out-of-set data. The training data set includes the speech
data extracted from multiple corpora: NIST speaker recognition evaluations (SREs) (2004, 2005,
2006, 2008), NIST 2007 supplementary training dataset, previous NIST LREs, OGI-multilingual, and
Babel [155] data-sets. The experiments are performed in closed set condition on 30 seconds duration
segments. The distributions of training and test data are shown in Table. 2.3l The number of speech
segments along with overall speech durations for each of the target languages are shown for training
data. We have also shown the number of test segments for each languages having approximately 30

seconds of duration.
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Table 2.3: Distribution of training and test data for 2009 NIST LRE

Languages Train Test

Seg. Count | 30s | 10s | 3s
Ambharic - - - -
Bosnian - - - -
Cantonese 250 378 | 352 | 341
Creole(Haitian) 250 323 | 323 | 323
Croatian - - - -
Dari - - - -
English (American) 250 896 | 863 | 856
English (Indian) - - - -
Farsi 250 390 | 385 | 384
French - = = -
Georgian 250 399 | 399 | 399
Hausa - - - -
Hindi 250 667 | 618 | 637
Korean 250 463 | 451 | 451
Mandarin 250 1015 | 991 | 970
Pashto - - - -
Portuguese - - - -
Russian 250 511 | 492 | 483
Spanish 250 385 | 385 | 385
Turkish 250 394 | 392 | 394
Ukrainian - - - -
Urdu - - - -
Vietnamese 250 315 | 285 | 278

2.7.2 2009 NIST LRE

The 2009 NIST LRE [156] dataset contains 23 languages in general test set condition. The dataset
contains speech utterances from both Voice of America (VOA) radio broadcasts and CTS. Most of the
test segment is from VOA limited to telephone bandwidth. We consider only 12 languages which are
sub-set of the NIST-2009 LRE corpora due to limited training data in remaining languages. The sub-set
includes American English, Cantonese Chinese, Mandarin Russian, Farsi, Hindi, Korean, Vietnamese,
Creole, Georgian, Turki, and Spanish languages. The training data is collected from CTS only, which
includes NIST LRE 2007 supplementary dataset, NIST SRE (2004, 2005, 2006 and 2008) and Babel
database. The experiments are performed in closed set condition on segments of 30, 10 and 3 seconds

duration.
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Table 2.4: Summarization of database profiles used in the AP17-OLR challenge

AP17-OL3 AP17-OL3-train/dev AP17-OL3-test
Code | Description | Channel | " °f | Utt/Spk | Total Utt. | N0 °F | Utt/Spk | Total Utt.
Speakers Speakers
ka-cn Kazakh in China Mobile 86 50 4300 86 20 1720
ti-cn Tibetan in China Mobile 34 330 11220 34 50 1700
uy-id Uyghur in China Mobile 353 20 7060 353 5 1765
AP16-OL7 AP16-OL7-train/dev AP16-OL7-test
Cantonese in
ct-cn China Mainland Mobile 24 320 7680 6 300 1800
and Hongkong
zh-cn | Mandarin in China Mobile 24 300 7680 6 300 1800
id-id Indonesian in Mobile 24 320 7680 6 300 1800
Indonesia
ja-jp Japanese in Japan Mobile 24 320 7680 6 300 1800
ru-ru Russian in Russia Mobile 24 300 7680 6 300 1800
ko-kr Korean in Korea Mobile 24 300 7680 6 300 1800
vievn | Vietnaplse in Mobile 24 300 7680 6 300 1800
Vietnam

2.7.3 AP17-OLR

The speech database for oriental language recognition (OLR) are collected from AP16-OL7 and
AP17-OL3 database as per AP17-OLR Challenge [157]. The AP16-OL7 [158] database is created by
Speechocean Inc. It is divided into three parts: AP16-OL7-train, AP16-OL7-dev, and AP16-OL7-test.
The database includes seven languages namely Cantonese, Mandarin, Indonesian, Japanese, Russian,
Korean and Vietnamese. The speech signals for Mandarin, Cantonese, Vietnamese and Indonesian
were recorded in quiet environment while for Russian, Korean and Japanese, the recordings were
conducted in 2 different sessions for each speaker. In the first session, the recordings were conducted
in quiet environment and in the second session, the speakers were asked to record the utterances in
noisy environment. However, AP17-OL3 database is created as a part of the multilingual minorlingual
automatic speech recognition (M2ASR) project in China. The database involves the newly included
3 oriental languages namely Kazakh, Tibetan and Uyghur. The AP17-OL3 database is partitioned
into 3 parts: AP17-OL3-train, AP17-OL3-dev and AP17-OL3-test. While creating this database, the
sentences of each language were randomly selected from the original M2ASR database. The AP17-OL3
database contains much more variations in terms of recording conditions and number of speakers as
compared to the AP17-OL3 database. All the speech signals were recorded in reading style using
mobile phones at a sampling rate of 16 kHz and 16 bits/sample resolution. Each language consist of
about 10 hours of speech data. The transcriptions of the all the training utterances and lexicons of

all the 10 languages are also available to the participants. The details of the databases are described
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in Table 2.4l As per the challenge, the participants can use all the mentioned database for training
the LR system excluding AP17-OL3-test and required to report the results on development set. The
development set includes AP16-OL7-test and AP17-OL3-dev. Note that development and training
data sets are non-overlapping, i.e., there is no common speech utterances. The performances are
evaluated in closed set condition on three different development data sets corresponding to 1 second,
3 seconds and full-length utterances. The AP17-OLR test set includes the data from AP17-OL3 and
AP17-OL7 test sets. The AP17-OL7 database is a newly created database by SpeechOcean. It contains
7 languages as in AP16-OL7, each containing 1800 utterances. The recording conditions of AP17-OL7

are the same as as those of AP16-OL7.

2.8 Performance evaluation metric

Appropriately designed performance metric has been employed for measuring the confidence of the
developed LR systems in decision making. In LD task, it is determined whether the unknown speech
segment belongs to the claimed language of interest or not, thus posing a two class problem. The
basic pair-wise LR, performance is represented in terms of miss and false alarm probabilities. The miss
probability (also known as false rejection rate (FRR)) is defined as the probability at which the genuine
trials are wrongly rejected by the system, whereas the false alarm probability (or false acceptance rate
(FAR)) is the percentage in which the system incorrectly accepts the imposter trials as the genuine
one. These probabilities are combined into a single number that represents the cost performance of a

system, and expressed as
C(Lt,Ln) = Chwiss - Prarget - Pumiss(L7) + Cra - PNon-Target - Pra (L7, L) (2.29)

where,

Lp and Ly are the target and non-target languages,

CMiss, Cra and Praget are application model parameters.
For both LRE07 and LRE09, Chiss = 1, Cra = 1 and Prarget = 0.5. The range of values of C'(L7, Ly)
is 0 to 0.5. The minimum value of 0 is obtained when Pyjiss(L7) = Ppa (L7, Ly) = 0 and the maximum
value of 0.5 is obtained if Pyjiss(L7) = 0 and Ppa (L7, Ly) = 1 or Pyiiss(L7) = 1 and Ppa (L7, Ly) = 0.
In addition, an average cost performance which is a measure the cost of taking bad decisions, is used

to evaluate the capabilities of one-vs.-all language detection. This primarily used evaluation metric is
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considered in various language recognition task [79,105,108|. The performance metric as defined in

2007 NIST LRE and 2009 NIST LRE plans is given as

C'Miss . PTarget . PMiss(LT)

1
Cavg = E Z + ; CFa - PNon—Target ) PFA(LT7 LN) (230)
Lt N

+CFA ' POut—of—set : PFA(LT7 LO)

where,
L is the number of target languages in the (closed set) test,
Lo is the Out-of-set language,

0.0, for the closed-set conditions
POut—of—set =
0.2, for the open-set conditions

and

PNon—Target = (1 - PTarget - POut—of—set) / (L - 1)

Prior to the release of 2007 NIST LRE plan, commonly used metric was the equal error rate (EER),
computed for each of the target languages. The EER is defined as the point at which FAR and FRR
is equal. This can be graphically shown by detection error trade-off (DET) curve. The EER value
(in %) varies between 0 to 50. The lower the value of performance metric (C,ng or EER), greater the
confidence that the segments contains the speech of target language.

On the other hand, the primary evaluation metric used for language identification task is an average

identification rate (IDR), and is given by

IDR =

=

L
> (2.31)
=1

where S; is the correct score of the i-th target language.
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3. Language Recognition using Sparse Representation

The sparse representation technique relies on the underlying assumption that the signals can have a
compact representation as a linear combination of few columns (atoms) of an overcomplete dictionary.
In an ideal condition, the selected dictionary atoms belong to the same class label as that of a query
signal. The existing SRC based LR system [100] utilizes sparse coding algorithms over an exemplar
dictionary to obtain the sparse coefficients (s-vector), which are then employed for classification pur-
pose. The exemplar dictionary is created by simply grouping the suitable vector representation of
class-specific training examples. With the increase of a number of training examples (e.g., i-vector),
the size of the exemplar dictionary increases, and the computational burden of sparse coding over such
dictionary becomes quite prohibitive. To address that, various sparse representation techniques over
simple/discriminately learned dictionaries are explored for LR task. The SDC is used as the front-end
features for the i-vector framework.

In general, the dictionary learning approaches are based on batch or online mode. At each iteration,
the batch-mode based dictionary learning requires the entire set of training examples to minimize the
objective function under some constraints. On the other hand, in the online mode, the dictionary is
updated incrementally by taking one training example. To improve the speed of convergence of the
online learning, the mini-batch (draws b-training example, b > 1) extension is also proposed [159].
The K-SVD [160] and the online learning (OL) [159] dictionaries are two popular examples of the
batch and the online dictionary learning modes, respectively. Both approaches employ an iterative
procedure that alternates between the sparse representation of the training example based on the
current dictionary and the dictionary update stages at each iteration. Apart from the differences in
the learning process, the two algorithms also differ in dictionary update rule. In the work reported
in this chapter, both K-SVD and OL dictionaries have been explored. Though originally designed for
optimizing the reconstruction fidelity, these learned dictionaries are also investigated for classification
tasks [101,161]. The dictionary designed especially for classification can also be categorized into two
groups [162]. In the first group, the dictionary is forcibly made discriminative and representation error
is used for the classification while in another group the sparse coefficient is made discriminative and
used as the input feature to the classifiers. The Meta-face learning [163] and dictionary learning with
structured incoherence (DLSI) [164] are two specific examples of the first group. The discriminative-
KSVD (D-KSVD) [165], label consistent-KSVD (LC-KSVD) [166], and Fisher discrimination dictionary
learning (FDDL) [167] methods belongs to the second group. The D-KSVD and LC-KSVD dictionaries
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specially designed for classification purpose are also investigated in this research work. The OMP [168]
based sparse coding solves [p-norm minimization problem while modified version of LAR [169] is used
to solve the [j-norm minimization problem as well as combined [y and Iy (denoted by symbol I3 — I3)
norm minimization problem. Other than SRC, CDS [78], SVM [139], G-PLDA [147], GG [79] and
MLR [152] based classifiers are also developed for the contrast purpose. To calibrate the language
score, GB followed by MLR is used prior to the final decision. It is to be noted that the GB is
essentially the same model as the GG classifier. However, its inputs are the scores from the classifiers
rather than the i-vector/GMM supervector as utterance representation.

The rest of this chapter is organized as follows. Section [3.1] provides the basic concepts of /,-norm
and its usage in determining the sparse representation. The LR using a sparse representation with
learned-exemplar and discriminately learned dictionaries employing various regularization techniques
are also investigated in Section The experimental setup is described in Section B3] while the results

and discussion are presented in Section B4l The chapter is summarized in Section

3.1 Role of [,-norm in sparse representation

In this section, we present the basic concepts of [,-norm followed by its role in determining the

sparse representation of a signal.
3.1.1 [,-norm : Basic concepts

The p-norm or l-norm (1 < p < oo) of an n-dimensional real vector x = [zr1,22,...,2y] in

Euclidean space is given by

n 1/17
xl[p = (Z Iwi\”> (3.1)
=l

e when p=20

[xlo =l = lim (Z rmp) 5:2)
or
Il = # (i 2 #0) (33

where the notation # denotes the number of non-zeros elements in vector x.
The lp-norm is actually not a norm, but a special case of [,-norm for p — 0, and hence also known

as lp-pseudo-norm. The [p-norm determines the number of non-zero coefficients in a vector x,
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Figure 3.1: Behavior of the scalar function f(z) = |z|? — the core of l,-norm computation for various values of
pin 1-D space. Asp — 0, f(z) = |z|? approaches the indicator function, which is 0 for z = 0 and 1 elsewhere [2].

and is a measure of sparsity of a vector. If vector x has k non-zero coefficients, the vector is
called k-sparse vector. In 1-D case, it is observed from Figure Bl that as p — 0, f(z) = |z|?
approaches the indicator function, which is 0 for x = 0 and 1 elsewhere. The concave, non-
smooth, discontinuous, and global non-differential behavior of lp-norm function can be seen in
Figure Bl The geometric interpretation of the p-norm in 2-D space for the value of p = 0.001
is shown in Figure which is a crisscross.

e when0<p<1
The I,-norm (0 < p < 1) function is a concave, non-smooth, global non-differential function, and
can be seen in Figure Bl The geometric interpretation of p-norm in 2-D space for the value of
(p = 0.5) is shown in Figure which is a Astroid.

e whenp=1
The [-norm of vector x, i.e., ||x||; represents the sum of the absolute values of the coefficients in
the vector x. The [1-norm function is a convex, non-smooth, and global non-differential function,
which can be seen from the Figure Bl The geometric interpretation of p-norm in 2-D space for
the value of p = 1 is shown in Figure which is a square with forty-five degree rotation.

e when p =2

The ls-norm or Euclidean norm is defined as the square root of the sum of the coefficients square.
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Figure 3.2: Geometric interpretations of the p-norm unit balls for different values of p in 2-D space [3]. The
two axes of the above plots are x; and x5.

The lo-norm function is convex, smooth and global differential function, which can be seen in
Figure Bl The geometric interpretation of p-norm in 2-D space for the value of p = 2 is shown

in Figure which is a circle.
3.1.2 Sparse solutions of a linear system of equations

Given a target signal y€ R™ and a full rank matrix A€ R™*™ with m < n, the underdetermined
linear system of equation is defined as y = Ax. The underdetermined or overcomplete-basis system
has lesser number of equations than the number of unknown variables, which results in infinitely many
solutions. In order to narrow the choice to one well-defined solution, additional criteria are needed.
A familiar way to do this is regularization, where a function J(x) is introduced to govern the kind of

solution(s). The general optimization problem is defined as
min J(x) subject to y= Ax. (3.4)
X

The unique solution of the Equation 8.4 is guaranteed by selecting a strictly convex function J(.).

Considering J(x) = ||x|3, the squared Euclidean norm, the optimization problem is given by
min |x|[3 subject to y = Ax. (3.5)
The unique solution of the Equation is given by
£=Ax=A"(AA)ly. (3.6)

where AT and A’ are the pseudo-inverse and transpose of the matrix A, respectively. It is to be
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noted that the matrix A is assumed to be full rank, and hence the matrix AA'is positive definite and
thus invertible. The solution X obtained using lo-norm minimization is not the sparse solution.

Considering J(x) = ||x||o, the optimization problem for solving the sparsest solution (sparse code)
% is formulated as

min ||x|lp subject to y = Ax. (3.7)
X

This is a non-convex combinatorial optimization problem, and it has proven that obtaining an exact
solution to the Equation 3.7 is, in general NP hard [170]. However, there exist a number of pursuit
algorithms to find the approximate solution. One of the popular sparse coding algorithm among those
is OMP [168]. The OMP is an iterative greedy algorithm and at each step it selects a dictionary atom
that is most correlated with the current residual. In order to obtain the approximate solution, the

optimization problem given in Equation B.7is reformulated as

min [|x[|p subject to |y — Ax|[3 <e (3.8)
X
or
min ||y — Ax||3 subject to |Ix[o <~ (3.9)
X
or
1 2
min Slly - Ax[+ dolio (3.10)

where € is the error bound, v and )y are the sparsity constraint (i.e., controls the number of non-
zero elements). The solution X is the sparse representation of the target signal/vector y. The sparse
representation refers to the representation of a target signal using a linear combination of only few
dictionary atoms.

Another well known pursuit algorithm used for computing sparse representation is basis pursuit
(BP) [171]. In BP, the optimization problem is obtained by setting the function J(x) = ||x||1. It uses
[1-norm constraint instead of lp-norm which makes the optimization problem convex. The optimization

problem based on [/1-norm minimization is formulated as
min ||x||; subject to y = Ax. (3.11)
X

This problem can be solved using general purpose solvers such as simplex and interior point methods

[172] in order O(n3) which is slow for large scale problems. If data y is noisy, the optimization problem
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given in Equation [B.11]is reformulated as
min |[x[; subject to |ly — Ax||3 <e (3.12)
X

or

1
min §‘|Y—Ax||§+/\1\|x\|1 (3.13)

where A; is a regularization parameter that controls the trade-off between sparsity and reconstruction
fidelity. The problem mentioned in Equation I3l is called basis pursuit denoising (BPDN) in signal
processing domain. In the statistical community, the optimization problem related to Equation B.13]is

well known as Lasso [173] and formulated as
min ||y — Ax||3 subject to |Ix|; < ¢ (3.14)
X

where ¢ is the [;-norm constraint on variables. The matrix A€ R™*" is implicitly assumed to have m >
n, i.e. representing an overdetermined linear system. The Lasso is an efficient regularization method
for estimating the sparse solution in linear models. It regularizes or shrinks a fitted model through an
l1 penalty or constraint. The problem mentioned in Equation is equivalent to Equation B.14l under
an appropriate correspondence of parameters. If X is a solution to Equation for some Ay > 0,
it also solves Equation B.14] for ¢ = ||x||; [174]. The Lasso is not robust when predictors (dictionary
atoms) are highly correlated. It will arbitrarily choose one and ignore the others. The Lasso selects not
more than m variables if n > m. To overcome these limitations, there exist an ENet [175] regularized
regression method which linearly combines l; and ls penalties of the Lasso and the ridge regression
(RR), and is given as

! A2
min 5”3’ — Ax|)3 4+ M[x[l + 7“XH§ (3.15)

where A1 and A9 are the positive regularization coefficients. The I; penalty term of Equation does
the variable selection while the Il part does the grouped selection and stabilizes the solution paths with
respect to random sampling, thereby improving prediction [175]. In ENet, a group of highly correlated
variables tend to have coefficients of same magnitude. When n > m, the ENet select more than m
variables unlike the Lasso. The ENet problem simplifies to RR when A; = 0 and to the Lasso when

A2 = 0. The Equation ([BI5) can be transformed into an equivalent Lasso problem as
~ . 1 * * 2
x:argmmEHy — A™x||5 + M||x]]1 (3.16)
X
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where
y A
y = and A*= (3.17)
0 VAol
(m+n)x1 (m+n)xn

Note that the dimension of y* is (m + n) and A* has a rank of n. This means that in all situations
the elastic net can selects all n variables, and thus overcome the limitation of Lasso. The details of
sparse coding algorithms such as OMP and a modified version of LAR referred as LARS are provided
in Appendix [Al The Lasso-based regularization problem can be efficiently solved using the LARS
algorithm. The same algorithm can be used to solve the ENet-based regularization problem after
transforming the ENet-based problem into Lasso-based one.

The success of any sparse coding algorithm depends on the choice of matrix or dictionary A.
In general, the dictionaries are either parametric (analytic) or data-driven. The examples of the
analytic dictionary include Fourier [176|, wavelet [177| , curvelet [178| and contourlet [179] transforms
where a pre-specified set of mathematical functions is employed to represent the target data. The
resulting dictionary usually leads to simple and fast algorithms which do not involve multiplication by
the dictionary matrix for computing the sparse representation [176]. The model functions used in the
analytic dictionaries are limited and over-simplistic compared to the complexity of many natural signals
which is a major drawback of the analytic dictionary. On the other hand, data-driven dictionaries are
derived from the training data (i.e., exemplar dictionary) itself or using a learning algorithm. The
method of optimal directions (MOD) [180], K-SVD [160], D-KSVD [165], LC-KSVD [166] and OL
dictionary [181] are few examples of dictionary learning algorithms. In the subsequent sections, we
have explored the use of sparse representation for LR task, considering exemplar and various learned
dictionaries like K-SVD, D-KSVD, LC-KSVD, and OL. The steps involved in learning these dictionaries
are provided in Appendix The proposed sparse representation based LR systems are contrasted
with the i-vector based LR systems employing various classifiers like CDS, SVM, MLR, G-PLDA, and
GG.

3.2 Sparse representation based language recognition

In this section, we have discussed sparse representation over an exemplar, K-SVD/OL learned
dictionary and class-based K-SVD/OL learned dictionary. The K-SVD/OL were originally designed

for reconstruction task, and hence, in addition, the discriminatively learned dictionary which was
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specially designed for classification tasks are also described. The proposed techniques are applied to
two spoken utterance representations: the i-vector and the GMM mean supervector. Therefore, the

training and test vectors represent either the i-vector or the GMM mean supervector.
3.2.1 Sparse coding over exemplar dictionary based LR

Assume there are L distinct languages in the training set with [th language containing n; example
utterances. Let y;; € R™ denote the suitable m-dimensional vector representation for the jth example
of the Ith language, where [ = 1,2,..., L and j = 1,2,...,n; denote the indices of the languages and
the training examples in the [th language, respectively. It is assumed that a test vector w € R™

belonging to the [th language class can be approximated as,

W R anyi + apyi + o+ amYin (3.18)

where {ay; ;”: 1 are the real scalar coefficients.
For computing the sparse representation, an exemplar dictionary Y is formed by stacking the

sub-matrices corresponding to L languages as,
Y =[Y1,Ys,..., Y] € R™", n=31 m (3.19)

where the Ith matrix Y; = [yu,¥i2,--,¥m,] € R™™ is formed by stacking all training vectors
corresponding to that language.

Now the test vector w is approximated as linear combination of n columns of the exemplar dictio-
nary Y as

w~ Ys (3.20)

where s € R" is the vector of unknown coefficients. With the assumption made in Equation [3.18] the
vector s is expected to be sparse. It is known as s-vector corresponding to a test vector w. The sparse

solution § to Equation [3.20] can be obtained by solving any of the following optimization problems:

e [p-norm minimization based sparse coding problem:
§ = argmin||w — Ys||3 subject to ||s|jo < v (3.21)
S

where 7y is the chosen constraint on the sparsity controlling the number of nonzero coefficients

in the s-vector §. The OMP sparse coding algorithm is used to solve the Equation B.21]
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e BPDN or Lasso sparse coding problem:
. .1
s:argm1n§|]w—Ys|]§—i—)\leHl (3.22)
S

where \p is the positive regularization coefficient, which controls the number of nonzero coeffi-
cients in the solution §. The modified LAR for Lasso (LARS) is used to solve the Lasso based
sparse coding problem.

e ENet sparse coding problem:

. o A
§ = argmin §||w —Ys|2 4+ M ls|ly + —22 Is||3 (3.23)
S

where A1 and Ay are the positive regularization coefficients. The I; penalty term of Equation 3.23]
does the variable selection while the lo part does the grouped selection and stabilizes the solution
paths with respect to random sampling, thereby improving prediction. The Equation B.23 is
transformed into an equivalent Lasso problem and solved using LARS. The Lasso sparse coding
problem is a special case of Equation 3.23] with Ao = 0.
In the s-vector §, ideally all nonzero coefficients should correspond to the dictionary atoms (columns)
from the language class to which the test vector w belongs to. This is valid based on the assumption
in Equation B8 However, in practice, the s-vector does have some nonzero coefficients for the atoms
other than those belonging to the class of w owing to modeling error, noise and session/channel

variability.
3.2.1.1 Language identification

The LID is done by comparing the class-wise mean of the sparse representation vector as

1 &
argmax | — St 3.24
! m; ; (3.24)

where §;; is the jth sparse coefficient of /th language class. The unknown test vector is assigned the
class of the maximum class-wise mean. The classification can also be done by comparing the class-wise
reconstruction error as,

arg min||w — Y;§||3 (3.25)
l

Here, the class leading to minimum reconstruction error is assigned as the class of the unknown test

vector. Both of these approaches are referred to as the SRC. The performance of the LID system is
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measured by the average language identification rate (IDR). The higher the value of IDR, greater the

confidence in the identified language of the segment.
3.2.1.2 Language detection

The language detection using sparse representation is performed by comparing the target (the
language of interest or claimed) and the non-target scores. These scores are determined by taking
the mean of the sparse representation vector corresponding to the target and the non-target sparse
coefficients. The maximum among these two scores is used to decide whether the claimed language is
present or not. The detection may be true or false. The primary performance measure for language
detections is an average detection cost Cgyg metric as defined in 2007 NIST LRE [154]. The lower the

value of Cgyg, greater confidence that the segment contains the speech of target language.
3.2.2 Sparse coding over learned dictionary based LR

The learning of dictionary atoms (i.e., bases) from the data instead of using off-the-shelf bases
(e.g., cosine and wavelet) leads to state-of-the-art results in many applications such as image denoising
[182], image classification [183], speaker verification [101], etc. The learned dictionary can be designed
to have fewer bases, and hence finding a sparse representation of test vectors over a reduced sized
learned dictionary is computationally less expensive than that of an exemplar dictionary (language-
wise concatenation of training i-vectors). The dictionary learning problem can be divided into two
subproblems: a) finding the sparse solution of the data samples based on the initial dictionary or
that obtained from the previous iteration, and b) update the dictionary atoms keeping the s-vector
fixed. These two subproblems are solved in an iterative manner while fixing one of the solutions. The

regularization term in the sparse coding stage is based on either [y, [ and I; — I norms.
3.2.2.1 K-SVD/OL dictionary learning with [y regularization

Given a set Y = {yi}i]il of training vectors and the sparsity constraint 4/, the dictionary learning

problem can be defined as:

N
i , — Ds;|3 bject to ||siflo < Vi 2
r]gl}sn{;\lyz Sz||2} subject to [sillo <7/ Vi (3.26)
1=
or
%ﬂél{HY—DSH%} subject to [|sillo <+ Vi (3.27)
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where D is the learned dictionary of size m X k, where m denotes the dimensionality of training
vectors and k is the number of atoms. The set of sparse vector (s-vector) corresponding to Y is
denoted as S = {s;}V, and s; being the s-vector for the ith training vector. An alternative form of

Equation [3.26] is given by
N
. 1
mm{z S llyi —Dsi|’%+)\6H3iH0} (3.28)

D,S ‘
i=1
where X is the dictionary sparsity parameter which controls the number of non-zeros elements in
the s-vector. The solution to Equation or Equation [B.28] can be obtained by solving the sparse
coding sub-problem and dictionary update subproblems in an iterative fashion. The OMP algorithm
can be used to find the sparse solution while the dictionary update rule of K-SVD/OL can be used for

updating the atoms of the dictionary.
3.2.2.2 K-SVD/OL dictionary learning with /; regularization

In this, the dictionary is created by considering /i regularization term in sparse coding stage and
dictionary update rule of either K-SVD and OL dictionary . The dictionary learning problem is given

as

N
: 1
mln{z 5 llyi —DSz'||§+>\/1||Sz’||1} (3.29)

D,S

=1

where )] is the dictionary sparsity parameter which controls the number of non-zero elements in the

s-vector.
3.2.2.3 K-SVD/OL dictionary learning with [; — [ regularizations

In this approach, the learned dictionary is created by [; — lo regularization terms in sparse coding
stage and dictionary update rules of either K-SVD or OL dictionary. The dictionary learning problem
is given as

N

) 1 X

wmin {Zl 5y = Dsill3 + Xlsill + ;nsm%} (3:30)
1=

e s-vector extraction and scoring
Once the dictionary D is obtained following any of the learning approaches discussed in Equa-
tions [3.20] and [3.30, the train vector y and test vector w can be modeled as the linear
combination of dictionary atoms:

y = Dsy (3.31)

w = Dsy (3.32)
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3.2 Sparse representation based language recognition

where s, and s,, are the s-vectors for the train and test data, respectively. These s-vectors
can be considered as the new representation of the speech utterances. The s-vector extraction
uses similar type of sparse coding algorithm as used during dictionary learning. Unlike the
exemplar case, the atoms of the learned dictionary could not be assigned to language classes in
a straightforward manner. Thus, the s-vectors corresponding to train and test data vectors are
determined with respect to the learned dictionary using Equation B.31] and Equation [3:32, and
are applied as inputs to CDS classifier to obtain the score. The mean of the language specific
coefficients in the s-vector is computed to obtain the score. Finally, the scores are calibrated,

and are used for language identification and detection.
3.2.3 Sparse coding over class-specific learned dictionary based LR

The learned dictionaries are more efficient than the exemplar ones, but they happen to be deficient

in two aspects:

(i) During dictionary learning process, the class labels of the training data do not get retained.

Thus, the class labels of the atoms of the resulting dictionary are unknown.

(ii) The number of atoms corresponding to each of the classes can not be controlled. Thus, there is
no guarantee that the set of atoms belonging to different classes in the dictionary may not be

balanced across the classes.

The first aspect rules out the direct application of the SRC approach, whereas the second one is more
critical as it prohibits from keeping the same sparsity constraint same for all the classes. To overcome
these challenges, we have also explored the class-based K-SVD/OL learned dictionary based SRC for
LR task.

3.2.3.1 Class-based KSVD/OL dictionary learning with [y regularization

Given the training data for the lth language containing n; numbers of m-dimensional vectors
Y! = {yi}g , and the constraint on sparsity as 7/, the problem of class-based dictionary learning can
be defined as,

HflliDlHYl — D'S!||% subject to ||st|o <4 Vi (3.33)
D!,S

where D! is the language specific learned dictionary having k columns and [ = 1, ..., L. The matrix S’

denotes a set of sparse vectors corresponding to Y with sﬁ being the sparse vector for the ith vector
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of the [th language.
3.2.3.2 Class-based K-SVD/OL dictionary learning with [; regularization

The [ regularized (Lasso) class-based dictionary learning problem is formulated as

ny
, 1
iz {Z Sy —DlSi-H§+A’1HS§Hl} (3.34)

i=1

where yi- is the ith training data of the Ith language. Equation. B.34] can be efficiently solved by
performing the sparse coding stage and dictionary update stage iteratively while keeping one of them
fixed. The LARS sparse coding algorithm is used to solve the Lasso-based sparse coding problem,

while the dictionary atoms are updated using K-SVD/OL dictionary update rule.
3.2.3.3 Class-based K-SVD/OL dictionary learning with /; — [s regularization

The [; — I3 regularization (ENet) class-based dictionary learning problem is formulated as

D.,S!

ny !
min {Z 5y} — DIsLE + Xt + %nsén%} (335)
i=1
Equation. (3:35]) can be efficiently solved by performing the sparse coding stage and dictionary update
stage iteratively while keeping one of them fixed. The ENet based sparse coding problem is transformed
into Lasso problem and solved using LARS algorithm, while the dictionary atoms are updated using
the K-SVD/OL dictionary update rule.
e s-vector extraction and scoring:

The language specific dictionaries obtained using any of the dictionary learning approaches as

mentioned in Equations B.36] [3.34] and are combined to form a single learned-exemplar

dictionary Dip.xRr as,

Dipxr = [D!|D?|...| DY (3.36)

where ‘|” denotes a horizontal concatenation operator. For sparse representation, the test vector

w can be represented as the linear combination of the dictionary atoms as
W = DLD—XRS (3.37)

where s is the s-vector corresponding to the test vector. The computation of s-vectors are done
with the similar sparse coding algorithm as used in dictionary learning. In this approach, the

class-labels of the s-vector coefficients are known, and SRC can be used for LR.
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3.2.4 Discriminative-KSVD dictionary based language recognition

The D-KSVD [165] is a dictionary learning approach which incorporates classification error term
in addition to reconstruction error used in classical K-SVD. The idea is to simultaneously learn a
dictionary D and a linear classifier W by solving the joint optimization dictionary learning problem.
The D-KSVD dictionary learning problem employing lgp-norm regularization is formulated as

(D,W,S) = arg min {||Y — DS|% + B|H - Wsufp} such that ||sil|, <~ Vi (3.38)

) )

where Y € R™*N is the set of training data vectors, D € R™*F is the learned dictionary, S € R**V is
the set of sparse codes corresponding to Y, 3 is the regularization parameter, the matrix H € RL*N

RLXk

contains the class label of training data vectors, W &€ is a linear classifier.

For solving Equation B.38] using the classical K-SVD algorithm, we could rearrange it as

2

o e s Y D
(D, W, S) = argmin - S such that  [|s;||, <+ Vi, (3.39)

D,W.S \/BH \/BW

F

Once the dictionary D is obtained, the OMP algorithm can be used to compute sparse coefficient
vector s of the test vector over learned dictionary D. The class-similarity vector cy, of the test vector
can be obtained by applying predicted linear classifier W to the sparse coefficient s, i.e., ¢ = Wis.
Finally, the class label of the test vector is decided by noting the index corresponding to the maximum
value of cy. The D-KSVD dictionary design is further extended with /;-norm regularization (Lasso)

and 1 — l3 norm regularization (ENet).
3.2.5 Label consistent-KSVD dictionary based language recognition

In LC-KSVD [166] dictionary learning approach, discriminative sparse-code error term enforcing
label consistency was incorporated in addition to the terms (i.e., reconstruction and classification error
term) used in D-KSVD formulation. The LC-KSVD dictionary learning problem employing lp-norm

regularization is formulated as

(D, A, W,S) = argmin {|Y ~ DS|} + a|Q ~ AS|} + BIH - WS|}} st [sillg <7 Vi
D,A,W,S
(3.40)

where Y € R™*N is the set of training data vectors, D € R™*F is the learned dictionary, S € RF*V is

RL><N

the set of sparse codes corresponding to Y, matrix H € contains the class label of training data
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vectors, and W € RE*F is a linear classifier. The matrix Q € R**¥ is the discriminative sparse codes
matrix promoting label consistency (refer Appendix [Blfor details), A € R*** is a linear transformation,
«a and 3 are the regularization parameters used to balance the discriminative sparse code errors and
classification error to overall objective function, respectively. For solving through the classical K-SVD

algorithm, Equation [3.40] can be rearranged as

2
Y D
D,A,W,S) = argmin - A |S st lsillg < Vi 3.41
( ) argmin | /aQ Ja Isillg <~ (3.41)
VBH VBW »

Once the dictionary D is obtained, the sparse coefficient vector s corresponding to the test vector
can be computed by using any suitable sparse coding algorithm such as OMP. Now, on applying the
predicted linear classifier W to the sparse vector s, we obtain a class-similarity vector cy as ¢y = Wss.
Finally, the class label of the test vector is decided based on the class label associated with the index
in vector cy, attaining the maximum value. The LC-KSVD dictionary design is further extended with
l1-norm regularization (Lasso) and l; — [y norm regularization (ENet).

The special case of LC-KSVD problem with g = 0 is referred as LC-KSVD1 while with non-zeros
values of regularization parameters « and g, it is referred as LC-KSVD2. The learning procedure of
LC-KSVDL1 is same as of LC-KSVD2, however the classifier W for LC-KSVDI1 is trained separately
after the computation of D, A, and S. The estimate of linear classifier W in case of LC-KSVD1 is
obtained by solving the equation

W = HS'(SS" + A1) ! (3.42)

where A is the lo-norm regularization coefficient and I is the identity matrix. The dictionary initial-
ization step of LC-KSVD differs from D-KSVD. In the LC-KSVD, the dictionary is initialized using
a single learned-exemplar dictionary while the initial dictionary in D-KSVD uses pooled data from
all classes [184]. In our implementation, a single learned-exemplar dictionary based initialization is
considered in both D-KSVD and LC-KSVD based approaches. This has been done to know the actual

performance gains of the algorithms.

TH-1998_08610209

52



3.3 Experimental setup

3.3 Experimental setup

Various sparse coding-based LR systems are developed employing different variants of dictionaries
created using both the GMM mean supervector and the i-vector as the utterance representation. The
recognition performances of these sparse coding-based LR systems are primarily contrasted with the
i-vector employing various classifiers. The dictionary learning approaches are based on popular K-SVD

and OL. In the following subsections, we have provided the details of developed systems.
3.3.1 Dataset and system parameters

The experiments are performed on the 2007 NIST language recognition evaluation (LRE) database.
It contains speech data from 14 languages collected from CTS. The performance evaluation of the
system is done as per the NIST 2007 LRE evaluation plan [154]. In this work, we have focused on
the closed set with test utterances having 30 seconds duration. The full training data is used for the
system development (i.e., for building the GMM-UBM and a T-Matrix). However, a balanced training
data consisting of 420 speech utterances collected from CTS are considered during classification. The
distributions of the training and test utterances are described in Section R.7.11

The speech signals are analyzed with 20 ms Hamming window with 10 ms shift and a pre-emphasis
factor of 0.97. Each frame is converted into 7-dimensional (cy — ¢g) base MFCCs [9] by considering 23-
channel Mel filterbank. The acoustic MFCC features are normalized using VTLN [130] and CMN [126].
Then, 49-dimensional shifted delta cepstral (SDC) [125] coefficients using 7-1-3-7 scheme are obtained
and appended to 7 static MFCCs to form 56-dimensional feature vector. A energy based VAD is used
to remove the frames corresponding to silence regions.

A language-independent GMM-UBM of 1024 Gaussians is employed to build the LR system by
pooling features from all 14 languages. For each utterance, the corresponding acoustic feature vectors
are mapped to an i-vector using T-matrix of rank 400 based on a GMM with 1024 mixture components.
The dimensionality of the i-vector is chosen based on the experimentation. The GMM mean supervector
is formed by concatenating the mean vectors corresponding to utterance adapted GMM-UBM. For the
dimensionality of acoustic features being 56 and the number of mixtures in GMM-UBM being 1024,
the resulting supervectors turn out to have the dimensionality of 56 x 1024 = 56 K.

The WCCN and LDA matrices are created using balanced training data and are used to compensate

for the session/channel variations present in the i-vector. The size of WCCN matrix is 400 x 400. For
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the number of target languages being 14, the dimensionality of the LDA compensated i-vector reduces
to 13, i.e., one less than the number of target languages. For compensating the nuisances present in
the GMM mean supervectors, the JFA is employed. The number of language factor (LF) and channel
factor (CF) are chosen to be 14 and 400, respectively.

A host of simple and discriminative classifiers such as SVM, G-PLDA, MLR, GG, CDS, and SRC,
are explored for computing the language scores. For score-calibration purpose, techniques like GB,
MLR and GB followed by MLR (GB+MLR) implemented in multi-class FoCal toolkit [153], are reap-
plied. The performance of the language detection systems is primarily evaluated using average detection
cost function Cy,y. However, for language identification, an average identification rate (IDR) is used

for an evaluation metric. The details are described in Section 2.8

3.4 Results and discussion

In this section, various experimental results of the proposed sparse representation based LR systems
as well as of contrast systems on NIST 2007 LRE are presented and discussed. The tuning of system

parameters is done to get the best performance.
3.4.1 Contrast LR systems

In this subsection, we have investigated the i-vector based LR system with various classifiers (SVM,
G-PLDA, MLR, GG, and CDS) for contrast purpose. For session/channel compensation, LDA, WCCN,
and LDA followed by WCCN (LDA+WCCN) compensation techniques are used for i-vector. However,
JFA is used for mitigating the session/channel effect in supervector based utterance representation.
Three calibration techniques namely GB, MLR and GB+MLR are used for score calibration. The
performance of i-vector based LR system employing CDS classifier with different session/channel com-
pensation and calibration techniques are summarized in Table Bl It is to be noted that the perfor-
mance of i-vector based LR system with WCCN compensation and GB+MLR calibration is superior
compared to LR systems which use LDA or LDA4+WCCN compensation with other two calibration
schemes. The work is further extended with other mentioned classifiers considering the WCCN com-
pensation and GB+MLR calibration scheme. The results are summarized in Table and the best

performance is noted with GG classifier.
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Table 3.1: Performances of LDA/WCCN/LDA+WCCN compensated i-vector based LR systems employing
CDS classifier with different score calibration schemes.

Calibration LDA WCCN LDA+WCCN
LD LID LD LID LD LID
100 X Cavg | IDR (%) | 100 x Cawg | IDR (%) | 100 X Copg | IDR (%)
None 6.98 82.95 6.49 83.04 6.33 83.66
GB 3.71 88.67 3.17 89.82 3.77 88.79
MLR 4.87 85.62 5.24 86.16 5.04 85.90
GB+MLR 3.46 88.93 3.13 89.84 3.43 89.15

Table 3.2: Performance comparison between i-vector based LR with different classifiers (SVM:support vector
machine, G-PLDA:Gaussian PLDA, MLR:multi-class logistic regression, GG:generative Gaussian, CDS:cosine
distance scoring). The scores are calibrated using GB-+MLR.

Classifier Compensation LD LID
Technique 100 x Covg | IDR (%)
CDS 3.13 89.84
GG 3.07 90.33
MLR WICER 3.18 90.10
SVM 3.20 89.96
G-PLDA None 3.28 89.14

3.4.2 Language recognition using sparse representation over an exemplar dictio-
nary

In this subsection, we explore the SRC based LR system where an undercomplete dictionary is
created by concatenating all GMM mean shifted supervectors corresponding to the training data. For
contrasting the performance, the SRC with overcomplete dictionary, another system is developed using
the i-vectors for the same task. The resultant dictionary in both the situation is known as exemplar
dictionary. Three sparse coding algorithms: OMP, Lasso and ENet are used for finding the s-vectors,
which are further used for classification. The class-wise mean are computed to obtain the final scores
followed by score calibration. The GB+MLR is used to for score calibration.

The reason behind the undercomplete dictionary is the length of supervector which is quite large.
Typically the number of Gaussian mixtures is in the order of 1 K and the acoustic features (e.g., SDC)
of 56 dimensions. For developing an overcomplete exemplar dictionary in such cases, one would require
much more than 56 K training examples. The collection of such a huge training dataset, especially in
language processing area is not an easy task.

Figures 3.3 B.4], and show the performance comparison of proposed SRC based LR approach

employing GMM mean shifted supervector and i-vector utterance representation with OMP, Lasso and
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Figure 3.3: Effect of sparsity constraint () in SRC based on i-vector/GMM supervector with appropriate
session/channel compensation in terms of: (a) Cayg and (b) IDR. The sparse coding is performed using OMP
algorithm.

ENet sparse coding algorithms, respectively. Two compensation techniques namely LDA and WCCN
are applied to the i-vector system, while JFA has been used in GMM mean supervector system. In
Figure B3] s-vectors corresponding to i-vectors/GMM-supervectors are computed using OMP algo-
rithm over exemplar dictionary. It is observed that in OMP based SRC framework, the performance
of LR system employing supervector utterance representation is much better compared to i-vector
based representation. Furthermore, with fixed sparsity constraint v = 10, the results are summarized
in Table We used an undercomplete dictionary in solving sparse classification problem in GMM
mean shifted supervector approach unlike overcomplete dictionary in i-vector approach. But, still, the
results obtained in GMM supervector approach with SRC are better than i-vector approach. A relative
improvement of about 4% Cl,,4 is observed with SRC based GMM mean shifted supervector with JFA
than SRC based i-vector with LDA+WCCN. However, with Lasso and ENet based SRC framework,
i-vector with WCCN compensation performs better than JFA-supervector, summarized in Table B.3l
Among the three sparse coding algorithms, the best performance is noted with WCCN compensated
i-vector employing the ENet coding. It is also to be noted that the computational complexity requires
to extract the s-vector in case of supervector is very high due to its high dimensionality. The optimal

parameters of OMP, Lasso and ENet sparse coding algorithms are selected by proper tuning, as shown
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Figure 3.4: Effect of sparsity constraint (A1) in SRC based on i-vector/GMM supervector with appropriate
session/channel compensation in terms of: (a) Cyyg and (b) IDR. The sparse coding is performed using Lasso
algorithm.
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Figure 3.5: Effect of Regularization Parameter (\2) for fixed (A; = 0.05) in SRC based on i-vector/GMM
supervector with appropriate session/channel compensation in terms of: (a) Cyuy and (b) IDR. The sparse
coding is performed using ENet algorithm.

in Figures B3] B4, and 3.5 respectively.
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3. Language Recognition using Sparse Representation

Table 3.3: Performances of language recognition systems using exemplar dictionary with SRC classifier em-
ploying different regularization techniques (OMP, Lasso and ENet) on two utterance representations: i-vector
and supervector. The regularization parameters are tuned to give best result. The sparsity constraint in OMP
is chosen as v = 10. In lasso, regularization parameter A\; = 0.05 is selected while regularization parameters
A1 =0.05 and A2 = 0.1/1/1 (in LDA/WCCN/JFA to obtain best result) are chosen in ENet.

Utterance Channel Regularization LD LID
Representation | Compensation 100 x Covg | IDR (%)
ivector LDA OMP 9.42 78.73
Lasso 5.88 82.93
ENet (A2 =0.1) 5.88 84.06
WCCN OMP 9.39 72.76
Lasso 3.95 85.69
ENet (A2 = 1) 3.27 87.89
LDA+WCCN OMP 9.17 78.22
Lasso 5.94 83.23
ENet (A2 =0.1) 5.83 84.44
Supervector JFA OMP 8.82 78.08
Lasso 5.89 83.54
ENet (A\y = 1) 4.55 86.69

3.4.3 Language recognition using sparse representation over learned dictionary

In this subsection, LR using sparse representation over K-SVD/OL dictionary on two utterance
representation: i-vector and supervector employing three sparse coding algorithms (OMP, Lasso, and
ENet) are reported. For session/channel compensation, WCCN and JFA are applied on i-vector and
GMM-mean supervector respectively. Both K-SVD and OL approaches use an iterative method that
alternates between the sparse representation of the training example based on the current dictionary
and the dictionary update stage. The sparse coding stage is used to find the sparse representation
of the training data samples given the dictionary. This can be done by selecting any sparse coding
algorithms like OMP, Lasso, and ENet. The dictionary update rule of the two dictionary learning
algorithms differs, apart from the differences in the dictionary learning process. In the dictionary
update stage of K-SVD, each atom is updated with the topmost singular vector obtained by singular
value decomposition of the data samples associated with that atoms. However, in OL approach,
dictionary update uses block coordinate descent with warm restarts. Once the dictionary is learned, s-
vectors corresponding to training and test utterance representation is extracted over learned dictionary
followed by CDS classifier. The resultant scores are class averaged and finally, scores are calibrated
using GB+MLR. The size of dictionary and regularization parameters of sparse coding algorithms like

OMP, Lasso and ENet is tuned to obtain the best system performance, and described in Appendix
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Table 3.4: Performance of LR systems using sparse representation over learned dictionary (of size 28) with
best tuning parameters values. In OL approach, the size of mini-batch is selected to be b = 512.

Utt. Representation Dictionary/ LD LID
+Channel Comp. | Regularization Parameter(s) [ 100 X Cavg Parameter(s) | IDR (%)
K-SVD/OMP N =20,7=15 3.29 A =20, 7 =20 90.41
K-SVD/Lasso | A} =0.01, A\; = 0.001 3.13 Ap =0.02, A\ = 0.001 89.94
N =0.01, \, = 04, N = 0.01N, = 1.2,
. K-SVD/ENet |3 001,00 = 0.2 3.07 A= 0.001, 0 =02 | S99
ivector+WCCN
OL/OMP ~ =20, = 20 3.52 + =20~ = 20 88.79
OL/Lasso | M, =0.015, A, =0.001 |  3.14 | M =0.005, \, = 0.01 | 89.84
,, N, = 0.015,%, = 0.4, N, = 0.015,0, = 0.8,
OL/ENet |\ —0.001,, = 0.2 307 N =000 =02 | 8084
K-SVD/OMP ~' =20,y =15 6.83 v =20,y=5 80.86
K-SVD/Lasso | A =0.05, Ay = 0.001 4.81 Al = 0.05, Ay = 0.02 85.80
A =0.05)\, =1 A =0.05,)\, =2
K-SVD/ENet 1 =005 =1, 3.95 1=0054 =2, | gg.31
supervector+JFA A1 = 0.001,A2 = 0.6 A1 =0.001, 2 = 0.6
OL/OMP ~ =5y=10 6.42 I—54=5 81.10
OL/Lasso | A, =0.05, A = 0.02 4.37 N, = 0.05, A\, =0.02 | 85.99
N, =005, =2, N, = 0.05.0, =08,
OL/ENY AL = 0.02) = 0.2 St A =002 0 =18 | 5837

The performance of proposed K-SVD /OL dictionary employing different regularization techniques
on WCCN compensated i-vector and JFA-supervector utterance representation with best tuning pa-
rameters are summarized in Table 34l It is observed that the performance of i-vector based LR system
is much better than the JEA-supervector. Among OMP, Lasso and ENet based regularization, the ENet
based sparse coding gives satisfactory performance. The performances of two dictionary learning ap-
proaches, the K-SVD and the OL dictionary learning approaches are comparable. It is also observed
that the learned dictionary based LR systems performs much better than an exemplar dictionary based
LR. On comparing with i-vector employing GG classifier, the equal performance is noted.

3.4.4 Language recognition using sparse representation over class-based learned
dictionary

In this subsection, the performance of LR systems using sparse representation over class-based
learned dictionary are summarized in Table Two standard dictionary learning method namely
K-SVD and OL are used for creating the class-wise dictionaries from language-specific training data.

Finally, sparse coding is done over a composite dictionary created by concatenation of class-wise
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3. Language Recognition using Sparse Representation

Table 3.5: Performance of LR systems using sparse representation over class-based learned dictionary with
best tuned parameter values. The K-SVD and OL learned dictionary of size 400 x 28 employing different regu-
larization techniques (OMP, Lasso, and ENet) on WCCN session/channel compensated i-vector are considered.

Dictionary/ LD LID
Regularization Parameter(s) | 100 x Cauy Parameter(s) | IDR (%)
K-SVD/OMP N =15=09 3.06 N =15=13 90.05
K-SVD/Lasso | A\] =0.04, A; = 0.005 3.01 Al =0.04, Ay = 0.005 89.84

N, =0.04,%, =0, N = 0.04,%, = 0.1,
K-SVD/ENet | 3" 00050 = 1 3.00 A= 0005, —09 | 5983
OL/OMP v =1y=14 3.02 v=1y=14 90.04
OL/Lasso Al =0.06, A\; = 0.01 3.16 A] =0.06, A\; = 0.01 89.32
N, = 0.06,%, = 1.5, X, = 0.06,\, = 0.9,
OL/ENet A= 001,05 =0 i A = 0010 =17 | 002

dictionaries. The size of the composite dictionary is selected to be 24 considering 2 dictionary atoms per
class. Apart from the choice of the dictionary, we have also compared the LR performances considering
OMP, Lasso, and ENet based sparse coding regularization techniques. The tuning parameters are
varied over a wide range and the best parameters are selected based on the best LR performance.
The dictionary sparsity 4/ and decomposition sparsity v in class-based learned dictionary employing
OMP regularization is varied in the range of 1-2 and 1-28 respectively. With Lasso, the dictionary
sparsity A} is varied from 0.01-0.1 with increment of 0.01 while decomposition sparsity A varies between
0.005-0.02 with increment of 0.005. Using K-SVD employing Lasso, the best performance is obtained
with the value of \] = 0.04 and \; = 0.005. However, using OL employing Lasso, \| = 0.06 and
A1 = 0.01 gives the best performance compared with other values. In ENet, the dictionary and
decomposition sparsity are selected based on the best performance of Lasso and kept fixed. The other
two regularization coefficients A\, and A2 are varied in the range of 0-2 with an increment of 0.1. It is
observed that the performance of class-based learned dictionary approach performs significantly better
than that of the learned dictionary. The improved performance is due to the discriminative nature of

class-based learned dictionary.
3.4.5 D-KSVD and LC-KSVD learned dictionary based language recognition

In this subsection, we have explored two discriminative learned dictionaries, the D-KSVD, and LC-

KSVD specially designed for classification purpose. The results are summarized in Table for the
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3.5 Summary

Table 3.6: Performance of LR systems using D-KSVD and LC-KSVD learned dictionary with best tuned
parameter values. The K-SVD learned dictionary of size 400 x 28 employing different regularization techniques
(OMP, Lasso, and ENet) on WCCN session/channel compensated i-vector are considered.

Dictionary/ LD LID

Regularization Parameter(s). [ 100 X Carg Parameter(s) | IDR (%)

D-KSVD/OMP v =1,v=22VF=03 2.93 v =10,y =23,/B=02 90.67

D-KSVD/Lasso | X, =0.05, A\; = 0.01,\/3 = 0.2 2.92 N =0.1, A =0.01,/3 =04 90.59

D-KSVD/ENet A= gfi% f\%iloj 0.01, 2.99 A= i‘@%é%’f 0f10'01’ 90.13
LC-KSVD1/OMP v =6,v=22ya=0.1 2.76 v =1y=21,/a=0.1 90.78
LC-KSVD1/Lasso | X, = 0.05, \; = 0.001,y/a = 0.1 2.93 N, =0.005, \; = 0.01,\/a=0.1 | 90.46
LC-KSVD1/ENet o¥s O/\'SE’:”\%.Z \0/'27: 0%10.001, 2.97 A= 0/&20:5?:2\750:\6.2: 0.01, 91.01
LC-KSVD2/OMP \/a”/ ;:0§£7“\V/gilé'2 2.71 \/57 /220.1177://5536.2 90.68
LC-KSVD2/Lasso A\Il/a:j'g.‘r’l’f/gzo'gﬂl’ 2.86 A\'l/gzo'gf”l’il/gf'gg” 90.57
LC-KSVD2/ENet XIA;:O'(??/%’? :(? f\l/g:()'g_oll’ 2.91 ’\L::Od?g’:i/%::%?éﬁ/g gglf 91.05

best tuning parameters. On comparing with D-KSVD and LC-KSVD, a slight improvement in the LR
performance is noted in LC-KSVD. The improved results are due to the incorporation of discriminative
sparse-code error term enforcing label consistency in addition to the terms (i.e., reconstruction and
classification error term) used in the D-KSVD formulation. In LID, the ENet based sparse coding is
found to give satisfactory result compared to OMP and Lasso. However, the OMP based LR system is
slightly better than the LR system employing Lasso and ENet based regularization. It is to be noted
that the performance of LC-KSVD based LR system is superior among D-KSVD, class-wise learned
dictionary, simple learned dictionary, an exemplar dictionary based LR systems. A large improvement

is also observed compared to the i-vector LR systems employing GG classifier.
3.5 Summary

In this chapter, we have first analyzed the effect of three sessions/channel compensations on i-
vector utterance representation based LR employing CDS classifier. For score calibration, GB, MLR,
and GB+MLR have been investigated. The experimental results show the superior performance with
WCCN compensation and GB+MLR calibration. Further, various classifiers (SVM, G-PLDA, MLR,

GG, and CDS) on i-vector have been explored. Among the classifiers, the best performance is noted
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with WCCN compensated i-vector with GG classifier.

The SRC based LR system have been also explored where an exemplar dictionary has been cre-
ated with i-vector/GMM-mean supervector utterance representation with appropriate compensation
technique. The sparse coding is performed over an exemplar dictionary employing three regularization
techniques (OMP, Lasso, and ENet). The best performance has been noted with WCCN compensated
i-vector using ENet based sparse coding. On comparing with the i-vector employing GG classifier, a
slightly degraded performance has been noted in SRC based LR.

With the increase of a number of training examples (e.g., i-vector and GMM-mean supervector),
the size of the exemplar dictionary increases and the computational burden of sparse coding over such
dictionary becomes quite prohibitive. To address that, various sparse representation techniques over
simple learned dictionary have been also explored for LR task. For creating the learned dictionary, both
K-SVD and OL dictionary learning approaches employing different kinds of regularization have been
investigated. Once the dictionary is learned, s-vectors corresponding to the training and test utterances
have been extracted, and scores have been computed with the help of CDS classifier. It is to be noted
that the class-labels in the case of the simple learned dictionary are not retained and hence the SRC is
not feasible. To address this problem, the class-based learned dictionary has been also explored. Here,
the language-specific learned dictionaries are concatenated to form the learned-exemplar dictionary.
The performance of learned-exemplar dictionary based LR is much better compared to the simple
learned dictionary, and this may be due to the discriminative nature of s-vector computed using
learned-exemplar.

The D-KSVD and the LC-KSVD learned discriminative dictionaries specially designed for classi-
fication purpose have been also investigated. On comparing with D-KSVD and LC-KSVD, a slight
improvement in the LR performance is noted in LC-KSVD. The improved results are due to the in-
corporation of discriminative sparse-code error term enforcing label consistency in addition to the
reconstruction and classification error terms used in the D-KSVD formulation.

On comparing with two utterance representations, the GMM mean supervector and the i-vector, it
is observed that the performance of the proposed language recognition approaches are much better with
the i-vector employing suitable channel compensations. The major drawback of the i-vector approach
lies in its computational complexity and storage requirements. Motivated by these constraints, in the

next chapter ensemble of random subspaces of supervector based LR approach is explored.
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4. Low Complexity Language Recognition Exploiting Ensemble of Random Subspace

4.1 Motivation

The current approaches for spoken LR are predominantly based on GMM mean supervector or
its variants as the representation of the utterances. It is assumed that the language information
lies in a linear manifold of low dimensional spaces. Exploiting that low dimensional projections of
the GMM mean supervectors, known as i-vectors, are derived using a total variability matrix. The
i-vector representation followed by LDA /WCCN based session/channel compensation forms the state-
of-the-art. The major drawback of the i-vector approach lies in its computational complexity and
storage requirements. Let m, p, and ¢ represents the number of Gaussian mixture components, feature
dimension and the size of i-vector, respectively. Using Equation 213l the computational complexity
and memory requirement involved in i-vector estimation for an utterance is O(mpq + mq? + ¢*) and
O(mpq + mq?), respectively. For example, the computational complexity and memory requirement in
i-vector extraction for the typical value of parameters m = 1024, p = 39, and ¢ = 400 are in tune of
243,814,400 and 179,814,400 bits (~ 22.477 MB), respectively. Motivated by these constraints, in this
chapter we explore ensemble of random subspaces of supervector based LR approach which includes
LDA/WCCN based session/channel compensation in the subspace. The proposed approach does not
require any learning for creating the subspaces and has very low storage requirements. In typical LR
applications, the number of languages required to be identified is limited to 10-30. As a result of that,
the complexity of the JFA based system turns out to be lower than that of the i-vector based one.

Exploiting this fact, the combination of the proposed ensemble approach with JFA is also explored.

4.2 Introduction

In recent times, the JFA [75] and i-vector [78| based statistical models are found to be very
effective in speaker recognition |[75,78] and language recognition [79,80, 88| tasks. The idea of JFA
is to model the speaker and session/channel spaces separately. The i-vector, an extension of the JFA
approach, is motivated for addressing the loss of some relevant speaker information during modeling
of speaker and session/channel subspaces [78]. In the i-vector approach, the dominant variability
in high dimensional supervector are first captured into a relaxed lower dimensional space and then
appropriate measures like LDA and WCCN [145] are employed for compensation of session/channel
variability. Recently, some works have been reported towards addressing the issues of complexity and

storage requirements in the i-vector computation [93-95]. In addition to these efforts, there also exists
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4.3 Proposed ensemble of subspaces based language recognition

an ensemble learning framework based on random sampling of PCA subspace in face recognition [185]
and speaker verification [186-188|. The idea was to employ LDA or Fishervoice classifiers in the
randomly sampled PCA subspace of high dimensional vector representation employed. In practice, the
usage of PCA gets restricted due to the high complexity involved, whereas with random sampling the
chance of losing some useful information is always there. It has also been shown that the constructed
LDA classifier is often biased and unstable when the PCA subspace dimension is relatively high [185].

In this work, we propose a sequential partitioning of randomly permuted supervector to derive
low dimensional subvectors (slices). The subspaces created in this manner are expected to be more
balanced than the sequential partitioning of the supervector without randomization. Note that in the
proposed approach the information in supervector simply gets distributed into the subvectors without
any loss unlike that in the random sampling approach. Also, the proposed approach does not involve
any learning for the creation of subspace unlike the PCA or i-vector approach. The LDA followed by
WCCN channel compensation is then applied on low dimensional random subspace to mitigate the
session/channel variability. The compensated, reduced dimensional subvectors are concatenated to
form a single vector and the CDS is used to find the similarity score.

It is to note that though there are a large number of languages being spoken over the world,
the current publicly available language databases cover only a small set of languages. As a result of
this, the language-specific information in JFA can be captured without restricting the language space.
Thus, we argue that in LR task, there will be an insignificant loss of language-specific information with
JFA modeling unlike that reported for a speaker verification task. Attributed to a small number of
language factors involved, the complexity of JFA based LR system happens to be quite low compared
to the i-vector based one. Exploiting this fact, we have also explored the combination of the proposed

ensemble approach with JFA.

4.3 Proposed ensemble of subspaces based language recognition

The main motivation of the work reported in this chapter lies in the development of an LR system
having low computational complexity and storage requirements. To achieve the same, we have explored
an ensemble of subvectors based LR approach. It is assumed that the GMM mean shifted supervector
based representation of the utterances is available. Each of the given supervectors is then sliced into

subvectors of suitable length. Prior to slicing, the supervectors can also be randomly permuted. For
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Figure 4.1: Flow diagram of the proposed ensemble of subspaces based LR system (§: centered GMM mean
supervector, 5y: N partitioned subvector, CC: session/channel compensation using LDA/WCCN transfor-
mation, CDS: cosine distance scoring).

session/channel compensation, the linear transformations like LDA /WCCN are applied to the obtained
subvectors. The compensated subvectors are then concatenated to form a single vector. The cosine
kernel scoring has been used for recognition purpose. Figure 1] outlines the proposed ensemble of
subspaces based LR system. The algorithm of the proposed LR approach and a brief description of

the partitioning stage are presented in the following subsections.
4.3.1 Algorithm

The steps in the proposed ensemble based LR approach:

(i) Given the language independent GMM-UBM, generate the zeroth- and the first-order statistics

for the utterance.

(ii) Using the statistics, create a GMM mean supervector and remove the bias from it by subtracting

the UBM mean supervector.
(iii) Randomly permute the derived GMM mean shifted supervector 8, if required.

(iv) Partition the supervector § € RM into N subvectors. The derived subvectors 3;, i = 1,2,...,N

are of length K each, such that M = K x N.
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4.3 Proposed ensemble of subspaces based language recognition

(v) Apply suitable session/channel compensation on each of the subvectors §;. Let §., € R¥ denote

the corresponding compensated subvectors of length P < K.

(vi) Concatenate session/channel compensated subvectors {3., })¥, to form a single vector x of length

P x N.

(vii) Given the training vector Xy, and the test vector X, compute the cosine distance score as

/ .
Score = —trm ' Xtst (4.1)

[[%ern | [%st |

where x}, is the transpose of X¢y.

(viii) Repeat the step (vii) for each of the training vector keeping fixed test vector. Finally, the language
specific scores are obtained by computing the mean of scores belonging to particular language

class.
4.3.2 Partitioning of supervector

Consider a GMM supervector § of length C'D, where C' is the number of Gaussian mixtures and
D be the dimensionality of the feature vector. The mean supervector is created by stacking the mean
vectors of MAP adapted GMM-UBM in row-wise fashion, such that the first D entries correspond to
15 mixture and so on up till C** mixture. Furthermore, in order to reduce the bias due to the UBM,
the language-independent UBM mean supervector u is subtracted from the GMM supervector &, thus
creating the centered GMM mean supervector §.

For slicing the GMM mean shifted supervector, we can follow two schemes as described below:

e Sequential slicing: The given supervector is partitioned sequentially to create the slices of
appropriate length. As the entries in the supervector are structured, the resulting slices would
exhibit some finite structures depending on the chosen length of the slices.

e Sequential slicing of randomized supervector: The supervector elements are first permuted
randomly prior to partitioning sequentially to create the slices. The randomization of supervector

helps in reducing any definite structure embedded in the resulting slices.

Out of these schemes, the sequential slicing of randomized supervector would result in more di-
verse feature selection in the subvectors and hence is expected to outperform the other. These two

partitioning methods are illustrated in Figure (4.2
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Figure 4.2: Tllustration of two different ways of partitioning of the supervector. (a) Given 15-dimensional
GMM mean supervector corresponding to GMM-UBM size C' = 5 and feature vector dimension D = 3 which is
to be partitioned into slices of lenght K = 5, (b) Sequential slicing, (¢) Sequential slicing of randomly permuted
supervector.

4.4 Experimental setup

The performance of all the developed systems is evaluated on NIST 2007 LRE datasets [154]. The
evaluation dataset contains 14 different languages and consists of 7530 spoken utterances of 3 seconds,
10 seconds and 30 seconds durations including the out-of-set data. We have focused on the closed-set
task and do not include any out-of-set data. Each test utterance is of 30 seconds duration. Since we did
not have sufficient training as well as development data available in German, Farsi and Tamil languages,
the results are reported for 1837 test utterances excluding utterances from these three languages. The
development and training datasets consist of 2493 and 550 segments, respectively. These datasets are
collected from conversational telephone speech in 11 languages. The development data set includes the
speech data extracted from multiple corpora: OGI-multilingual, mixer (data from NIST 2004, 2005,
2006, 2008 SREs) and previous NIST 1996, 2003, 2005 LREs. The training dataset contains NIST
2007 LRE supplementary training data and some data from SRE databases which are not included in
the development dataset. The development and training data sets are separately pooled language-wise
in feature space after the removal of silence segments. An average duration of 10 minutes is kept for
each of the segments in development and training datasets.

For the experiments, all speech data used is sampled at 8 kHz with 16 bits/sample resolution. Prior

to feature computation, the speech signals are pre-emphasized using a factor of 0.97. Pre-emphasis
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filter is used to enhance the higher frequencies. Its purpose is to balance the spectrum of voiced sounds
that have a steep roll-off in the high frequency region. The most commonly used pre-emphasis filter is
given by the following transfer function H(z) = 1 — az~!, where the value of a controls the spectral
slope and is usually set between 0.92 to 1.0.The speech data is short-time processed using a Hamming
window of 20 ms duration and keeping a frame rate of 100 Hz. Each speech frame is spectrally analyzed
using 23-channel triangular Mel-filter bank and converted to MFCCs [9]. The first 13 coefficients are
used as a feature vector excluding zeroth coefficient value. The first and second order derivatives of
MFCC feature vectors are calculated using two preceding and two successive feature frames from the
current frame [125]. Thus, a total of 39-dimensional MFCC feature vectors are extracted for each
frame. The CMS is applied on MFCC feature vectors to reduce the channel and environmental effects.

A language-independent GMM-UBM having 1024 Gaussian components is employed to build the
LR system using 11 hours of development data created by pooling approximately 1 hour of data from
each of the 11 languages being modeled. In JFA modeling, the language and channel factors are kept
as LF = 11 and CF = 200, respectively. Whereas, for the i-vector extraction, the rank of the total
variability matrix is kept to be 400 as suggested in the literature. The LDA and WCCN channel

compensation techniques are used to mitigate the session/channel effects.

4.5 Results and discussion

The performances of the LD systems reported in this chapter are evaluated in terms of the average
cost detection function (Cyyg) as defined in NIST 2007 LRE plan [154]. To measure the LID perfor-
mance, the average identification rate (IDR) is computed. Figure 3] shows the performances of the
proposed LR system with two supervector partitioning schemes for varying subvector lengths. These
performances also include LDA followed by WCCN session/channel compensation being applied in the
subspaces. On comparing the two supervector slicing schemes, the randomized slicing found to give
better performance in comparison to sequential slicing. On comparing with the sequential slicing, the
relative improvements of 12.25% in Cgyg and 4.11% in IDR are noted. The best performances of the
proposed ensemble based LR system are achieved with a slice length of 1024.

The effect of session/channel compensation techniques with sequential slicing of supervector and
sequential slicing of randomized supervector schemes are summarized in Table Bl and Table 4.2] re-

spectively. The improved performances with the randomized slicing of supervector are attributed to
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Figure 4.3: Tuning of the slice length for two schemes of partitioning of the supervector. Performances of the
proposed LR system with LDA followed by WCCN based session/channel compensation are evaluated in terms
of Cyyg and IDR. In sequential slicing of randomized supervector, the standard deviation of the performances
for 10 trials are represented by a vertical bar.

more diverse features being captured in the subvectors in contrast to the sequential slicing. In the
following subsection, we explore the combining of both JFA and LDA/WCCN based session/channel
compensation of achieving improved LR system performance with the proposed ensemble-based ap-

proach.
4.5.1 Combination of JFA with the ensemble-based approach

From Table [43] we note that the proposed ensemble approach based LR system results in a relative
improvement of 13.34% in Cgyg and 1.38% in IDR when compared to JFA based system, but its
performances are quite inferior in contrast to that of the i-vector based system.

We wish to highlight that some degree of session/channel compensation is inherently achieved
in low-rank (i-vector) modeling. This inherent session/channel compensation is achieved in higher
dimensional space and is found to be complementary to those achieved by LDA/WCCN in lower
dimensional space. This is the possible reason behind the i-vector approach outperforming the JFA one
in many tasks. In LR tasks, the number of languages involved yet are limited, and hence the language
space. The maximum number of language factors required to capture whole language space depends
upon the number of language classes. In our case, a total number of language and channel factors used
in JFA modeling is 211 only while the i-vector approach uses 400 total factors. Thus, the computation

requirements in JFA processing turn out to be order lower than that of the i-vector computation.
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Table 4.1: Slice length-wise performances of the proposed ensemble based LR systems on the GMM supervector
for various session/channel compensation methods. The results are shown with sequential slicing of supervector.

Slice Length | Session/Channel LD LID
QOmpensation Tech- 100 X Cyog | IDR (%)
niques

| 39,936 | No compensation | 3046 | 31.05 |
WCCN 11.85 69.20

512 LDA 12.88 67.37
LDA+WCCN 11.75 68.23
WCCN 10.20 73.63

768 LDA 10.70 71.57
LDA+WCCN 10.02 73.63
WCCN 9.63 74.71

1024 LDA 9.80 73.93
LDA+WCCN 9.55 75.10
WCCN 10.83 71.29

1536 LDA 9.78 74.47
LDA+WCCN 9.30 75.32
WCCN 13.85 62.99

1815 LDA 11.01 72.96
LDA+WCCN 11.27 72.43

Motivated by that, we also explored the combination of JFA based session/channel compensation with
our proposed approach. For combining the two, we could simply make use of the JFA pre-processed
supervectors in the proposed ensemble approach. In this way, we can exploit the session/channel
compensation both in high and low dimensional spaces. Note that the JFA compensated supervectors
cannot be modeled with the higher rank model than used in JFA processing for further session/channel
compensation. As a result of that, we partition the JFA compensated supervector according to the
size of the language factors chosen in the modeling.

The combination of JFA and the proposed ensemble-based approach considering sequential slicing
of randomized supervector followed by WCCN as session/channel compensation results in a relative
improvement of about 13% in Cy,y and about 2% in IDR with respect to the i-vector based LR
system. However, the combined approach with LDA as session/channel compensation is noted to give
a relative degradation of 26.08% in Cgyg and about 2% in IDR in comparison to the WCCN case.
This may be due to low language factors used in JFA processing which are equal to the number of

languages in the task. Therefore, in the case of JFA pre-processed supervector the language information
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Table 4.2: Slice length-wise performances of the proposed ensemble based LR systems on the randomly
permuted GMM supervector for various session/channel compensation methods. These results show that the
slice length of 1024 has turn out to be optimal across all combination of session/channel compensation methods.
The mean(u) and standard deviation (o) of the performances computed over 10 iterations are shown.

Slice Length | Session/Channel LD LID
QOmpensation Tech- 100 X Cooy IDR. (%)
niques

p o] p o
WCCN 10.10 | 0.13 | 73.06 | 0.29

512 LDA 10.54 | 0.18 | 72.57 | 0.30
LDA+WCCN 10.15 | 0.17 | 73.95 | 0.36
WCCN 8.86 | 0.22 | 76.39 | 0.51

768 LDA 9.32 | 0.19 | 76.52 | 0.44
LDA+WCCN 895 | 0.20 | 77.23 | 0.39
WCCN 8.54 | 0.26 | 77.20 | 0.84

1024 LDA 8.65 | 0.18 | 77.85 | 0.42
LDA+WCCN 8.38 | 0.21 | 78.19 | 0.54
WCCN 10.25 | 0.25 | 72.92 | 0.91

1536 LDA 8.66 | 0.26 | 77.39 | 0.45
LDA+WCCN 8.61 | 0.28 | 77.48 | 0.44
WCCN 12.59 | 0.23 | 66.39 | 1.24

1815 LDA 9.78 | 0.32 | 74.29 | 0.58
LDA+WCCN 9.74 | 0.25 | 74.22 | 0.54

forced to reside in a very low subspace. Thus, the subsequent LDA processing of subvectors derived
from the JFA compensated supervector does not turn out to be as effective as noted in the case of
uncompensated supervectors. Even with using both LDA and WCCN in the combined approach,
the resulting performances in language detection remain lower than those obtained for WCCN case.

However, a marginal performance gain is observed in case of language identification.
4.5.2 Computational complexity

The complexity of the proposed ensemble based approach is obviously far less than that of the
i-vector based approach since it does not involve any pre-learned projection matrix or matrix ma-
nipulations. Whereas, when the proposed ensemble approach is combined with JFA for boosting the
performance, the overall complexity gets enhanced substantially. As pointed out earlier, the complexity
of JFA turns out to be lower than that the i-vector extraction for limited number of languages being
involved. As a result of that, the overall complexity remains on the lower side even after combining
the proposed ensemble based approach with JFA. The order of multiplication complexity of various
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Table 4.3: LR performances of the proposed ensemble based approach with/without JFA preprocessing (lan-
guage factors, LF = 11; channel factors, CF = 200) averaged over 10 iterations along with those of the contrast

systems.
LR Systems Session/Channel LD LID
Compensation Techniques | 100 X Cqyy | IDR (%)
None 30.46 31.05
Supervector based TFA 0.67 =19
None 27.96 37.81
i vector based WCCN 6.42 82.45
iTveeton base LDA 6.21 84.66
LDA+WCCN 6.20 84.66
Proposed ensemble based
(slice length—1024) LDA+WCCN 8.38 78.19
JFA+proposed ensemble based LDA 7.01 82.70
(slice length=11) WCCN 5.56 84.07
LDA+WCCN 6.15 84.81

Table 4.4: Stage-wise multiplication complexity, involved memory and runtime of the i-vector based LR
system. (Size of GMM-UBM, m = 1024; MFCC feature dimension, p = 39; size of i-vector, ¢ = 400; and size of
LDA+WCCN projected vector s = 10)

Parameters i-vector LDA-+WCCN | CDS | Total
extraction projection
Multiplication complexity | O(mpq + mq® + ¢°) O(qs) O(s) -
Runtime (ms) { 1551.00 0.13 - 1551.13
Memory usage (in MB) 1284.40 - - 1284.40

T Computed using 32-bit MATLAB (R2012a) running on Intel®Core™i3-2130 CPU, 3.4 GHz with 4 GB RAM in

single thread default precision.

stages in the i-vector based and the proposed ensemble based LR systems are given in Table [£.4] and
Table 1.5 respectively. For the chosen parameter values in this work, the runtime and the involved
memory are computed for both the systems and also listed in the corresponding tables.

In literature, there do exist some simplified i-vector extraction methods [93-95]. In these methods,
by exploiting eigen-decomposition or subspaces or lookup tables, manyfold reduction in the complexity
in the i-vector extraction is achieved over the default i-vector extraction method. In this work, we
have used the default i-vector extraction for performance evaluation and complexity comparison. The
proposed ensemble approach with JFA would certainly be found more complex if one compares it
with the simplified i-vector based approach. But the techniques employed for reducing the i-vector
extraction complexity can be extended for JFA case too. Thus even with the use of simplified factor
analysis, the relative complexity advantage of the proposed approach over the i-vector based approach

would remain intact.
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Table 4.5: Stage-wise multiplication complexity, involved memory and runtime of the proposed ensemble based
LR system with JFA preprocessing. (Size of GMM-UBM, m = 1024; MFCC feature dimension, p = 39; size
of total loading factors, k = 211; size of language factors, LF = 11; size of subvectors, b = 11; number of
subvectors, u = [ %] = 3630; and size of LDA+WCCN projected vector s = 10)

Parameters Language factor | Language factor | LDA+WCCN | CDS | Total
extraction to supervector on subvectors
Multiplication O(mpk—+ O(mp(LF)) O(bsu) O(su) -
complexity mk? + k3)
Runtime (ms) { 868.00 0.32 - - 868.32
Memory (in MB) 359.17 0.31 0.37 - 359.85

T Computed using 32-bit MATLAB (R2012a) running on Intel®Core™i3-2130 CPU, 3.4 GHz with 4 GB RAM in

single thread default precision.

4.6 Summary

In this work, a low complexity LR approach has been proposed in the context of GMM mean super-
vector based representation of the spoken utterances. The proposed approach employs the ensemble
of subspaces for LR and these subspaces are created using partitioning of the randomized supervector.
The proposed approach, with LDA/WCCN session/channel compensation in subspaces, is attributed
to have very low complexity and memory requirements in contrast to the concurrent LR systems based
on JFA or i-vector. On NIST 2007 LRE datasets, the proposed ensemble based LR system is noted
to results in relative improvements of 13.34% and 1.38% in Cy,, and IDR respectively, over the JFA
based LR system. However, when compared with the i-vector based system the proposed approach is
found to be quite degraded.

Typically, the number of languages involved in LR tasks are limited, and hence the number of
language factors. Thus, the complexity involved in extracting the MAP point estimate corresponding
to the eigenvoice matrix in JFA processing turns out to be much smaller than that in the i-vector
extraction. Using this fact, we also explored the combination of JFA with the proposed ensemble-
based approach and the resulting system is noted to outperform the i-vector based system. This noted
enhancement is attributed to more effective addressal of session/channel variability both in high and
low dimensional spaces with the use of JFA and LDA/WCCN. It has been shown that the overall
complexity and runtime of the combined system remains lower than that of the i-vector based system.
Motivated by the reduced complexity, we have also used the JFA-latent vectors for creating ensemble

dictionaries in Chapter 5.
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5. Ensemble of Discriminative Learned Dictionaries for Language Recognition

5.1 Motivation

Computing sparse representation over an exemplar dictionary is time-consuming and computation-
ally expensive for large dictionary size. In order to reduce the latency and finding efficient sparse
representation, a single learned and discriminatively learned dictionaries are presented in Chapter 3.
An alternative approach to do that is based on an ensemble of small-sized exemplar dictionaries. We
hypothesize that such an ensemble of dictionaries is expected to provide the diversity gain. The differ-
ent orthogonal subsets of the training data are being created by taking a fixed number of utterances
from the data pool for each of the languages. Recently, an ensemble of exemplar dictionary based
LR approach [100] has been reported. Unlike that, the approach presented in this chapter doesn’t
require any random sampling and hence there is no chance of getting same feature vector in different
dictionaries (i.e., the atoms across the dictionaries are unique). The number of such exemplar dic-
tionaries would become very high if the size of the training dataset is large. On account that many
sparse codings of the test feature vector, the computational burden of the proposed approach becomes
prohibitive. In order to mitigate this problem, we further explore the ensemble of learned-exemplar
discriminative dictionary based LR system. The score obtained from each of the dictionaries in the
ensemble is first calibrated with Gaussian back-end and then all calibrated scores are fused together
using the multiple-class logistic regression for the final decision. Obviously, the proposed ensemble
of the learned-exemplar dictionary (concatenation of class-based learned dictionaries) based LR ap-
proach can handle large sized training data efficiently along with providing the diversity gain. The
performances are reported on two low dimensional utterance representations: the i-vectors and the
JFA latent vector. All the proposed LR systems are explained by considering the i-vector as the spo-
ken utterance representation. Similar steps can be used when the JFA latent vector is chosen as the

utterance representation.

5.2 Proposed ensemble exemplar dictionary based LR system

The computational burden of sparse coding over an exemplar dictionary grows up with the increase
of training examples. Towards addressing this issue, in [100], a single compact exemplar dictionary
was created using two different approaches: random sampling and k-means clustering. In the random
sampling approach, the language-specific sub-dictionary was created by randomly selecting the training

examples from the particular language. Then, sub-dictionaries were concatenated to form a single
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Figure 5.1: Flow diagram of the proposed ensemble exemplar dictionary based LR approach. For ease of
illustration, only three language classes are considered and the corresponding session/channel compensated i-
vectors are depicted in orange, green and blue colors. Similarly, the ensemble shows only three dictionaries for
clarity. The given test i-vector is represented over the ensemble of exemplar dictionaries and the resulting sparse
codes are denoted by s-vector 1, s-vector 2, s-vector 3, each of size k x 1. The language-specific coefficients in
each of the s-vectors are averages to produce the Score vector 1, Score vector 2, and Score vector3, respectively.
Each of the scores undergoes through GB calibration. Finally, all the calibrated scores are fused using MLR for
the language recognition (SC: Sparse Coding Algorithm).

compact exemplar dictionary. In this process, there is no guarantee that all training examples get
utilized. For the fixed database, the number of un-utilized training examples increases with a decrease
in the size of created sub-dictionaries. Towards addressing this problem to some extent, in [100], the
authors made use of random subspace approach [189]. It involved the creation of multiple exemplar
dictionaries through random sampling and the scores obtained from those dictionaries were averaged
to get the final decision. In the random sampling process, the same training example may appear
in more than one dictionary and the probability of the same is high for limited training data sets.
Apart from the above-mentioned issues, the work in [100] did not optimize the size and the number of
sub-dictionaries created.

In order to investigate these issues, we propose ensemble exemplar dictionary approach, which

not only reduces the computational cost in sparse coding but may enhance the LR performance due
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to diversity in the sparse coding of the target. The proposed approach doesn’t require any random
sampling and hence there is no chance of getting the same feature vector in different dictionaries (i.e.,
no repetition of selecting the same feature vector).

Figure 5.1 shows the flow diagram of the proposed ensemble exemplar dictionary based LR system.

The salient steps involved in the proposed system are summarized below:

(i) Given a pool of m-dimensional WCCN session/channel compensated training i-vectors corre-

sponding to each of the L languages in the task.

(ii) Create an exemplar dictionary by selecting k unique i-vectors from each of L languages. Let G

be the number of such exemplar dictionaries get created.
(iii) For each of G exemplar dictionaries

(a) Find the sparse code (i.e., the s-vector) of the test i-vectors.
(b) Compute the average of language-specific coefficients of the s-vector to get the score vector.

(c) Each of the scores undergoes through GB for calibration.

(iv) For final decision, fuse the resulting G scores using MLR.

5.3 Proposed ensemble learned-exemplar dictionary based LR system

To exploit the diversity, an ensemble of smaller sized exemplar dictionaries is created by partitioning
the language-specific learned dictionaries. FEach of the language-specific learned dictionaries is designed
to have a same number of columns. Thus, unlike the simple exemplar dictionary, the size of the
derived learned-exemplar dictionary can be kept fixed even when more and more training data is
made available. Further for the best LR performance, the multiple learned-exemplar dictionaries in
the ensemble approach are required to have only two atoms per language. The flow diagram of the

proposed ensemble of learned-exemplar dictionary based LR approach is illustrated in Figure

5.4 Experiments with 2007 NIST LRE data

The initial evaluations of the proposed ensemble of exemplar and learned-exemplar based LR, ap-
proaches have been done using the 2007 NIST LRE evaluation data set comprising of 30 seconds

duration utterances in closed test-set conditions. The database used, feature extraction and language
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Figure 5.2: Flow diagram of the proposed ensemble learned-exemplar dictionary based LR approach. For ease
of illustration, only two language classes are considered and the corresponding session/channel compensated
i-vectors are depicted by orange and green colors. Also, only three dictionaries are shown in the ensemble.
Given the training data, first, the language-specific learned dictionaries are created. The ensemble exemplar
dictionaries are then derived by selecting two column from each of the language-specific learned dictionaries.
The remaining flow of the system is identical to that of shown in Figure .11 (SC:Sparse Coding, DL:Dictionary
Learning).

modeling have been considered the same as discussed in Section in B3Il In addition to i-vector repre-
sentation, in this work, the JFA-latent vector is also considered as the utterance representation. Among
all languages in the training data, German has a minimum of 424 utterances. So, for a balanced single
exemplar dictionary, we have chosen 420 training data per language (D/L). In an ensemble of exemplar
dictionary learning, the choice of a number of exemplar dictionaries for a balanced training data may
be crucial for the proper results. This number is directly related to the dictionary size (or a number of
training data from each of the languages). In order to find the proper size of the individual dictionary,
the number of training D/L is varied, and the performances in terms of Cy,g and IDR corresponding

to LD and LID are shown in Figure 5.3l The result shows that 2 numbers of training D/L perform
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Figure 5.3: The effect of dictionary size on the ensemble of exemplar dictionary based LR systems on the
i-vector representation with different decomposition sparsity. The equal number of examples per language is
considered, thus the size of each dictionary is equal to the number of data per language (D/L) times the number
of languages. The 2007 NIST evaluation data in close test-set condition with 30 seconds duration is used for
evaluation. The results are shown for two different LR variants: (a) Cgyg metric for LD task (b) IDR metric
for LID task.

much better than the others. So, the size of each of the exemplar dictionary must be chosen to be
28. This also tells us that a total of 210 dictionaries given 420 training D/L are required for getting
the maximum performance using an ensemble of the exemplar dictionary. In the SRC framework,
the extraction of s-vectors of the target signals over multiple dictionaries becomes a computational
burden, as it is directly proportional to the amount of training data involved. To address this problem,
the idea of creating multiple sub-dictionaries are extended to learned-exemplar dictionary case. In an
ensemble of learned-exemplar dictionary approach based LR, each of the learned-exemplar dictionaries
is created with the help of well known K-SVD dictionary learning approach employing OMP, Lasso,
and ENet regularization based sparse coding. In Section [CIl it was observed that the learned dic-
tionary having only 28 dictionary atoms outperforms comparing with other dictionary sizes. So, the
same size is considered while designing the individual learned-exemplar dictionary in the ensemble of
learned-exemplar dictionary based LR approach. It is to be noted that although the dictionary size
is the same, the number of the learned-exemplar dictionaries can be limited. For contrast purpose, a
single learned-exemplar dictionary having 28 atoms (considering 2 atoms per language) is also devel-

oped. Apart from the dictionary size, the tuning parameters related to OMP, Lasso and ENet based
TH-1998 08610209

80



5.4 Experiments with 2007 NIST LRE data

regularization are also carried out.

Considering the exemplar approach with OMP /Lasso, only one regularization coefficient, the de-
composition sparsity /A1 needs to be varied. The value of regularization coefficient 7 is varied in the
range of 5 to 25 in steps of 5, whereas A is varied for the values of 0.001, 0.005, and in the range of 0.01
to 0.1 in steps of 0.01. In ENet, the value of A is selected based on the best performance obtained in
Lasso, while another regularization coefficient Ao is varied in the range of 0.1 to 1 in steps of 0.1. The
dictionary learning approach employing OMP /Lasso-based regularization requires tuning of dictionary
sparsity (7//A]) as well as decomposition sparsity (v/A1). The K-SVD employing OMP uses 4" and +,
which are varied in the range of 5 to 25 in steps of 5. However, with Lasso, the parameters \| and A\
are varied for the values of 0.001, 0.005, and in the range of 0.01 to 0.1 in steps of 0.01. In ENet based
dictionary learning, the values of A} and A1 are selected based on the best performance of Lasso-based
approach. The other two regularization coefficients \, and g are varied in the range of 0 to 1 and 0
to 0.5, respectively in steps of 0.1. The best tuning parameters are selected to obtain the best score.
The class-specific scores are averaged to get the language specific scores. In an ensemble approach,
the language-specific scores from each of the parallel unit are calibrated using GB separately, and then

fused the scores using MLR employing the FoCal toolkit [153] prior to final decision.
5.4.1 Results and discussion

The performances are shown for two different variants of LR, i.e., LD and LID. The performance
of the LD systems is primarily evaluated using average detection cost function Cy,4 as per 2007 NIST
LRE plan [154]. However, for LID, an evaluation metric considered is average identification rate.
The results are reported on 30 seconds evaluation data in closed test-set condition. The detail of
the performance metrics is described in B.8 Separate systems are developed on the i-vector and the
JFA latent vector as the low dimensional representation of the spoken language. In the following, we
present the performance evaluation of the proposed ensemble exemplar and ensemble learned-exemplar

dictionaries based LR systems.
5.4.1.1 Ensemble exemplar and learned dictionary based LR systems on the i-vectors

Table 511 shows the performances of a proposed ensemble of exemplar and learned-exemplar dic-
tionary based LR approaches on the i-vector representation of utterances with best tuning parameters.

On comparing with a single exemplar dictionary employing OMP, Lasso and ENet based regularization,
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5. Ensemble of Discriminative Learned Dictionaries for Language Recognition

the relative improvements (in Cgyyg) of 86%, 68%, and 60%, respectively, in the case of an ensemble of
210 exemplar dictionaries. While in terms of IDR metric, the relative improvements of about 33%, 13%,
and 10% are observed, respectively. The ensemble exemplar dictionary based LR system is noted to
outperform not only the simple exemplar dictionary-based system but also the single learned-exemplar
dictionary-based system. These improvements are attributed to the diversity in the scores for the given
target obtained over multiple dictionaries. The idea of creating multiple sub-dictionaries are extended
to learned-exemplar dictionary case. It can be observed that for the same number of dictionaries, the
ensemble learned-exemplar employing ENet regularization based LR system outperforms the ensemble
exemplar-based one. The further improvement noted is due to the efficient sparse representation over

a learned-exemplar dictionary.

5.4.1.2 Ensemble exemplar and learned dictionary based LR systems on the JFA latent
vector

In JFA, the language and session/channel variabilities are modeled separately whereas in the i-
vector approach both are captured simultaneously. Therefore one needs to apply session/channel
compensation to the i-vectors before creating the dictionaries. On the other hand, the JFA latent
vector denoting the language space can be directly used for creating the dictionaries. In order to
avoid any leftover nuisance in JFA latent vector, it is preferable to apply for suitable session/channel
compensation on JFA latent vector too. As the LR task comprises 14 languages, the size of the
latent vector in the JFA is also taken as 14. On employing these small size representations in place
of 400-dimensional i-vectors, the computational cost of the proposed LR systems can be reduced
hugely. This motivated us to explore the proposed ensemble exemplar and ensemble learned-exemplar
dictionaries based LR approaches on the JFA latent vector as the utterance representation. The
results are summarized in Table [2l It can be observed that the proposed ensemble of learned-
exemplar dictionary based LR performs better compared to the single dictionary approach as well
as the proposed ensemble of the exemplar dictionary. It is to be noted that the performance gain
in the proposed ensemble of learned-exemplar dictionary employing i-vector representation based LR

approach is relatively high compared to JFA-latent vector based one.
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Table 5.1: Performances of ensemble of exemplar and learned-exemplar dictionary based LR approaches
employing WCCN session/chaneel compensated i-vector with SRC. A single exemplar and a single learned-
exemplar based LR systems are also considered for contrast purpose. The dictionary learning is performed using
K-SVD employing OMP, Lasso and ENet regularization. For classification, SRC is used. The performances are
shown on 30 seconds evaluation data of LREO7 for the best tuned parameter values. Bold values show the best
performances obtained. The dictionary and decomposition sparsity of ENet are kept same as that of Lasso.
The terms exemplar and learned-exemplar are denoted by XR, and LD-XR, respectively.

LR Dictionary type/number/size LD LID

Sytems K ! Paramter(s) | 100 x Caug Paramter(s) | IDR (%)

Contrast XR/sngl/5880 ~ =10 9.39 ~ =10 72.76

(using OMP) LD-XR /sngl/28 Y =1v=9 3.06 v =1,v=13 90.05

Contrast XR/sngl/5880 A1 =0.05 3.95 A1 =0.05 85.69

(using Lasso) LD-XR/sngl/28 Ap = 0.04, \; = 0.005 3.01 A =0.04, Ay = 0.005 89.84

Contrast XR/sngl/5880 A2 =2 3.20 Ao =2 87.75

(using ENet) LD-XR/sngl/28 Ny =0, A =1 3.00 Xy = 0.1, Ay = 0.9 89.83

XR,/Ensmbl(50),28 =20 251 =2 92.02

XR/Ensmbl(100) /28 v =20 1.76 v=20 94.26

XR/Ensmbl(150) /28 v =20 1.47 v =20 95.26

Proposed XR,/Ensmbl(210)/28 N =20 1.28 N =20 96.64

LD-XR/Ensmbl(10)/28 v =25,v=25 2.38 v =10,7=25 92.40

(using OMP) LD-XR/Ensmbl(25)/28 v =25~v=15 2.14 v =10,7=25 93.33

LD-XR,/Ensmbl(50),/28 =25,y =20 1.84 N =15,y =15 94.50

LD-XR/Ensmbl(100)/28 v =5,7=10 1.26 ¥ =5~vy=15 95.91

XR/Ensmbl(50) /28 A1 =0.03 2.51 A1 = 0.005 92.93

XR,/Ensmbl(100)/28 A1 = 0.01 1.73 A1 = 0.005 94.02

XR/Ensmbl(150)/28 A1 = 0.01 1.51 A1 = 0.02 94.96

Proposed XR/EHSInbl(QlO)/QVS A1 =0.01 1.26 A1 = 0.005 96.61

‘ LD-XR,/Ensmbl(10)/28 | N, = 0.04, \; = 0.001 2.26 N, =004\ =005 | 92.71

(using Lasso) LD-XR/Ensemble(25)/28 A =0.01,A\; = 0.001 1.53 A1’ =0.02,A\1 =0.01 94.64

LD-XR/Ensmbl(50)/28 | X, = 0.02, \; = 0.001 1.10 A, = 0.01,A; = 0.005 | 96.59

LD-XR/Ensmbl(100)/28 | X, = 0.02, \; = 0.04 0.71 X, =0.02,0, = 0.06 | 97.76

XR,Ensmbl(50),28 AL =0.03, \2 = 0.1 2.50 A =0005, 0 =01 | 9203

XR/Ensmbl(100)/28 A1 =0.01, A2 =0.1 1.74 A1 = 0.005, A2 = 0.1 93.81

XR,/Ensmbl(150)/28 AL = 0.01, 2 = 0.1 1.51 A =002 =03 | 94.88

Proposed XR,/Ensmbl(210),/28 AL = 0.01, s = 0.1 1.25 AL = 0.005, 0 =0.1 | 96.66

LD-XR,/Ensmbl(10)/28 N, =02, =04 2.40 N, =01,A =05 90.35

(using ENet) |  LD-XR/Ensmbl(25)/28 Ay = 0.7, = 0.2 1.41 Ay = 0.7, A0 = 0.5 95.21

LD-XR,/Ensmbl(50)/28 N, = 0.7, A0 = 0.5 0.99 Ay = 0.2, A = 0.1 96.94

LD-XR,/Ensmbl(100)/28 Ay = 0.5, A = 0.4 0.60 N, =050 =01 | 98.13

5.5 Experiments with 2009 NIST LRE data

5.5.1 Database

We consider only 12 languages which are sub-set of the 2009 NIST LRE [156] corpora due to
limited training data in remaining languages. The sub-set includes American English, Cantonese
Chinese, Mandarin and Russian, Farsi, Hindi, Korean, Vietnamese, Creole, Georgian, Turki, and
Spanish languages. The training data is collected from the conversational telephone speech (CTS)

only, which includes NIST SRE (2004, 2005, 2006 and 2008), 2007 NIST LRE supplementary and
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5. Ensemble of Discriminative Learned Dictionaries for Language Recognition

Table 5.2: Performances of ensemble of exemplar and learned-exemplar dictionary based LR approaches
employing WCCN compensation on JFA latent vector with SRC. A single exemplar and a single learned-
exemplar based LR systems are also considered for contrast purpose. The dictionary learning is performed
using K-SVD employing OMP, Lasso and ENet based regularization. Bold values show the best performances
obtained for the proposed system. The terms exemplar and learned-exemplar are denoted by XR, and LD-XR,
respectively.

LR Dictionary type/number /size LD LID
Sytems s ! Parameters(s) [ 100 x Cauy Parameters(s) | IDR (%)

Contrast XR/sngl/5880 v=5 10.29 v =10 76.50
(using OMP) LD-XR/sngl/28 v =1~y=12 4.40 ¥ =1v=10 86.26
Contrast XR/sngl/5880 A1 =0.04 5.87 A1 = 0.005 83.44
(using Lasso) LD-XR /sngl/28 A = 0.001, A; = 0.005 4.55 Al =0.001, \; = 0.001 86.57
Contrast XR/sngl/5880 A1 =0.04, 22 =0.1 6.84 A1 = 0.005, A2 = 0.1 82.87
(using ENet) LD-XR/sngl/28 A, =04, =0.1 4.30 A, =09,X2=0 86.99
XR/Ensmbl(50),/28 v =20 3.74 vy=15 88.41
XR/Ensmbl(100)/28 v=15 3.45 v =10 88.66
Proposed XR/Ensmbl(210)/28 v =10 3.13 v =15 90.13
LD-XR/Ensmbl(50)/28 v =15,v=15 3.65 v =15,7=10 88.31
(using OMP) LD-XR/Ensmbl(100)/28 v =25v=15 3.43 v =25v=25 88.97
LD-XR/Ensmbl(200)/28 v =20,y=15 3.14 v =15,v=15 90.03
XR/Ensmbl(50) /28 A1 = 0.005 3.73 1 =0.001 87.99
XR/Ensmbl(100) /28 A1 =0.02 3.58 A1 =0.001 89.03
XR/Ensmbl(210)/28 A1 = 0.001 3.37 A1 = 0.005 90.16

Proposed - . 7 7
LD-XR/Ensmbl(50)/28 Al = 0.09, \; = 0.005 3.67 Al = 0.04, A; = 0.005 88.26
(using Lasso) LD-XR/Ensmbl(100)/28 Al = 0.02,\; = 0.001 3.34 A =0.1,\ = 0.001 89.26
LD-XR,/Ensmbl(200) /28 A, = 0.1, = 0.005 3.04 A, = 0.09, \; = 0.001 | 90.28
XR,/Ensmbl(50),28 A = 0.005, A5 = 0.1 119 A =0001,0 =01 | 86.90
XR/Ensmbl(100)/28 A1 =0.02,\2 =0.1 3.97 A1 =0.001,\; =0.1 87.95
Proposed XR/Ensmbl(210)/28 A1 = 0.001, Ay = 0.1 3.28 AL =0.005, A =0.1 | 89.57
LD-XR,/Ensmbl(50),28 X; =062 =0 3.68 X, = 0.8, =0 88.59
(using ENet) LD-XR/Ensmbl(100)/28 A, =0.9,2=0 3.24 A, =01, =0 89.38
LD-XR,/Ensmbl(200) /28 Xy = 0.6, A2 =0 2.89 Xy = 0.6, =0 90.41

Babel [155] data-sets. The training dataset contains only 250 speech utterances from each of the
language. The test data includes both VoA and CTS data from these 12 languages. The experiments
are performed in closed set condition on 3, 10 and 30 seconds duration segments. The details of data

distribution are discussed in 2.7.2]
5.5.2 Shifted delta cepstral feature

Speech signal is processed in frames of 20 ms duration at 10 ms frame rate. For each frame,
standard 7 MFCCs are computed using 23-channel Mel filter bank. The RASTA filtering [190] followed
by CMN is applied on MFCCs after silence removal. Then, 49-dimensional shifted delta cepstral
(SDC) [125] coefficients using 7-1-3-7 scheme are obtained and concatenated to 7 static MFCCs to

form 56-dimensional feature vector.
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5.5.3 Language modeling, classifiers, and dictionary learning

A language-independent GMM-UBM of 1024 Gaussians is employed to build the LR system by
pooling approximately 1 hour of data from all 12 languages. A total variability matrix of rank 400 is
trained on training data and is used for computation of the i-vectors as the utterance representation.
The dimension of i-vector is selected to be 400 based on experimentation. The other utterance repre-
sentation used in this work is based on JFA latent-vector which is derived during JFA processing. In
JFA, only 12 LFs and 200 CFs are considered. Thus, the length of the JFA latent vector is chosen to
be 12. We have investigated SRC classifier in all the dictionary based LR approaches, which includes
single exemplar dictionary, single learned dictionary, an ensemble of exemplar dictionary and ensemble
of the learned-exemplar dictionary. For dictionary design, K-SVD based dictionary employing OMP,
Lasso, and ENet regularization is considered. The LARS sparse coding algorithm is used to solve
the Lasso/ENet based sparse coding problem while OMP is used for solving lp-norm minimization
problem. The classifiers namely SVM, G-PLDA, MLR, GG, CDS are also used for contrast purpose.
In ensemble dictionary based LR approach, scores from each of the parallel units are calibrated using
Gaussian backend. Further, the calibrated scores are fused using MLR. The FoCal toolkit [153] is used
for this purpose. The different regularization parameters corresponding to each of the sparse coding

problems are tuned to get the best performances.
5.5.4 Results and discussion

The performance of the proposed ensemble of exemplar and learned-exemplar dictionary employing
SRC for LR task are summarized in Table (.3l The performances of LD and LID are measured in
terms of Cy,y and IDR metric, respectively. It is observed that the i-vector based LR system employing
CDS classifier is found to be better than SVM, G-PLDA, MLR, GG, and SRC over single exemplar
dictionary (created by concatenating 3000 training data from 12 languages) based LR system. However,
there is a slight degradation in the CDS based LR system on comparing with single learned dictionary
consisting of only 24 dictionary atoms (2 atoms per language). It is also observed that ensemble of
exemplar dictionary-based approach outperforms a single exemplar dictionary. The multiple exemplar
dictionaries are created by partitioning whole training data (i.e., 3000 utterances) into 125 exemplar
dictionaries, each with 24 training data (2 data per language). Thus, the improvement achieved with

the ensemble of exemplar dictionary approach is attributed to the diversity achieved in the sparse
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Table 5.3: Performance comparison between standard WCCN compensated i-vector with different classifiers
(SVM:support vector machine, G-PLDA:Gaussian PLDA, MLR:multi-class logistic regression, GG:generative
Gaussian, CDS:cosine distance scoring, SRC:sparse representation based classification), the single learned-
exemplar dictionary based LR and ensemble of exemplar and learned-exemplar dictionary based LR. The 2009
NIST evaluation data-set in closed set condition on 3, 10 and 30 sec segments are used. Bold values show the
best performances obtained in different kind of LR systems.

LD LID

Dictionary type/number/size | Regularization | Classifier 100 x Cpug IDR (%)
30sec | 10sec | 3sec | 30 sec | 10 sec | 3 sec
SVM 5.30 12.71 | 25.89 | 83.65 64.44 37.83
G-PLDA | 4.69 11.78 | 24.66 | 85.54 66.75 39.86
- - MLR 4.52 11.57 | 24.24 | 86.00 67.29 39.85
GG 4.50 11.35 | 24.30 | 86.41 67.65 40.15
CDS 4.48 11.43 | 24.02 | 86.52 | 67.80 | 40.47
XR/sngl/3000 OMP 6.06 13.96 | 26.49 | 81.93 62.40 37.18
XR/sngl/3000 Lasso SRC 4.79 12.31 | 25.44 | 85.05 66.15 38.98
XR/sngl/3000 ENet 4.53 | 11.77 | 24.84 | 86.40 | 67.23 | 39.85
LD-XR/sngl/24 OMP 4.55 11.42 | 24.33 | 86.41 68.00 40.44
LD-XR/sngl/24 Lasso SRC 4.32 | 11.40 | 24.22 | 86.39 | 67.98 | 40.34
LD-XR/sngl/24 ENet 4.39 11.18 | 24.04 | 86.50 | 68.52 | 40.72
XR/Ensmbl(125)/24 OMP 3.69 10.31 | 22.78 | 89.80 | 71.03 | 42.61
XR/Ensmbl(125)/24 Lasso SRC 3.68 10.25 | 22.79 | 89.54 70.96 42.71
XR/Ensmbl(125)/24 ENet 3.68 | 10.14 | 22.66 | 89.50 | 70.78 | 42.52
LD-XR/Ensmbl(100)/24 OMP 341 | 10.04 | 22.40 | 89.19 | 70.74 | 42.25
LD-XR/Ensmbl(100)/24 Lasso SRC 3.05 9.20 | 21.80 | 91.05 | 74.05 | 45.93
LD-XR,/Ensmbl(100)/24 ENet 2.21 | 7.40 | 18.47 | 93.45 | 79.10 | 52.70

coding of the target over multiple dictionaries. This approach may not be feasible if the size of the
training data is large because it requires many sparse coding of the test feature vector. To address this
problem, we further explore ensemble of the learned-exemplar dictionary and found to outperforms
ensemble of the exemplar dictionary with reduced numbers of the dictionary. The multiple small-
sized learned-exemplar dictionaries are created by concatenating 2 dictionary atoms from each of the
language-specific learned dictionaries. Thus, the number of the small-sized learned-exemplar dictionary
is restricted by the size of the language-specific dictionary. The improved performances of the proposed
ensemble dictionary-based approach are noted in both i-vector and JFA-latent vector as utterance
representations. It is to be noted that the performance of JFA-latent vector is slightly degraded in

comparison with i-vector.

5.6 Summary

In this chapter, we have explored the ensemble of exemplar and learned-exemplar dictionaries
based sparse representation on the i-vector and the JFA-latent vector utterance representations for LR

task. For contrast purpose, a single exemplar and learned-exemplar dictionary based LR systems have
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been also developed. In a dictionary-based approach, the sparse representation of target signals over
single/multiple learned-exemplar dictionaries is computed. For dictionary learning, K-SVD dictionary
employing OMP, Lasso, and ENet regularization has been used. The class-wise mean of the s-vector has
been computed the obtain the language-specific scores. The calibration was done using GB. Finally, the
scores from each of the parallel unit have been fused using MLR for the final decision. The effectiveness
of the proposed LR approaches have been evaluated on two speech corpus: the 2007 and 2009 NIST
evaluation data sets. From the experimental results, it was observed that the ensemble of exemplar
dictionary based LR approach performs much better than the single exemplar dictionary based LR
approach. This indicates that the improvement achieved with the ensemble of the dictionary approach
is attributed to the diversity achieved in the sparse coding of the target over multiple dictionaries.
However, the number of such exemplar dictionaries would become very high if the size of the training
dataset is large. On account that many sparse codings of the test feature vector, the computational
burden of the proposed approach becomes prohibitive. This problem is tackled by the use of a reduced
number of multiple learned dictionaries. In comparison, the proposed ensemble of learned-exemplar
dictionary based LR has been found to outperform the ensemble of exemplar dictionary based LR
approach, even in the reduced number of learned dictionaries. This further improvement may be due
to the extraction of efficient sparse representation over a learned dictionary. The similar performance
trends have been observed in JFA-latent vector based LR system.

Motivated by the significant performance with dictionary learning based LR approach, the recently
proposed deep neural network based bottleneck features for i-vector representation in the sparse coding

framework will be proposed in the next chapter.
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6. DNN Conditioned Sparse Coding based Language Recognition

Following the seminal paper by Hinton et al. [191], the research on the deep neural networks (DNN)
has grown by leaps and bounds. The DNN have pervaded in almost all pattern recognition tasks. The
recent works have demonstrated that the DNN based approaches not only outperform the existing
approaches but also augment them successfully. In the context of language recognition, the DNN has

been used in following different ways:

e Direct classifiers,
e Extractor of novel (bottleneck) features,
e Extractor of more robust statistics,

e Capturing of high-level (phonetic sequence) information.

In the following sections, we briefly review the salient works in each of the above-mentioned cate-

gories.
6.1 DNN based language classifier

Broadly there are two kinds of multilayer neural networks: feed-forward and recurrent. The feed-
forward networks perform mapping task well, while the recurrent networks having memory excel in
the modeling of the sequence of events. In the following sub-section, we described two dominant DNN
classifiers belonging to each of the kinds namely time delay neural network (TDNN) and long short-
term memory (LSTM). These classifiers have been used for developing the contrast LR systems later

in this chapter.
6.1.1 Time delay neural network

The TDNN [192] is a multilayer feedforward neural network, and must have two desirable properties.
First, the network should have the ability to represent relationships between acoustic events in time.
Second, the features learned by the network should be shift invariant. In many neural networks, the
basic unit computes the weighted sum of its inputs and then passes this sum through an activation
function (e.g., sigmoid function, hyperbolic tangent, etc.). In TDNN, this basic unit is altered by
introducing delays Dy through Dy as shown in Figure Here, each of the inputs u;, j=1,2,...,J
are delayed from D through Dy, and the weighted sum of the undelayed and delayed inputs are

computed and passed through an activation function.

TH-1998_08610209

90



6.1 DNN based language classifier

1
1
T
1
1
1
i D: —»QR—>
1
1
1
1
1
1

Figure 6.1: Structure of the time delay neural network basic unit.

One of the most popular learning technique used to train the neural networks is the backpropagation
algorithm [193|. In this, the mean-squared error as a function of the weights is optimized using
a gradient descent method. The learning procedure involves two passes through the network, i.e.,
forward pass and backward pass. In the forward pass, an input training is applied to the network with
keeping the weights fixed. Starting from the input layer and working forward to the output layer, the
outputs of all the units are calculated at each level. Then, the error between the desired and estimated
output is calculated. During the backward pass, the derivative of this error is backpropagated through
the network, and weights are adjusted so as to reduce the error. This procedure is iteratively done for

all the training patterns until the network converges to the desired output.
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Recently, Peddinti et al. [114] has proposed a sub-sampling technique in TDNN architecture, where
hidden activations are computed at only a few time steps. This has been done to model the long

temporal context efficiently, keeping training times comparable to standard feed-forward DNN.
6.1.2 Long short-term memory

The LSTM networks are a special kind of recurrent neural network (RNN) capable of learning
long-term dependencies. The LSTM resolves the vanishing gradient problem (and also sometimes
exploding gradient problem) of basic RNN. It was originally proposed by the German researchers Sepp
Hochreiter and Jirgen Schmidhuber in the mid 1990s [115]. The most commonly used LSTM setup in
the literature was originally described by Graves and Schmidhuber [194]. In this, full backpropagation
through time training for the LSTM networks has been presented incorporating the changes suggested
by Gers et al. [195,196] into the original LSTM. A detailed analysis of several LSTM variants can
found in [116].

Fig. shows a LSTM cell block which is the core idea behind the LSTM architecture. It maintains
its state over time, and non-linear gating units which regulate the information flow into and out of the

cell.

Ce-y / /.\ \ C;

f; i 0,

forget (O-T input [ o ] [tanh} output [O‘
gate gate gate ]

he_, h,

Figure 6.2: Schematic of LSTM cell block

The LSTM cell block has three gates (input, output and forget) and activation functions. The
output of previous block is recurrently given as input to the current block as well as the gates. Let x;
be the input vector at time ¢, h;_; be the block output vector at time ¢t — 1, N is the number of LSTM

blocks, and M is the number of inputs. Then, we get the following weights for an layer:
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6.1 DNN based language classifier

e Input weights: W*, Wi W/ We ¢ RNVxM
e Recurrent weights: R*, R’, Rf, R® ¢ RV*N

e Bias weights: b?, b’, b/, b® ¢ RV
During forward pass, the vector formulas for a LSTM layer are given as:
a) Block input denoted by z; at time ¢ is given as
z; = tanh(W?x; + R*h;_; + b°) (6.1)
b) Input gate denoted by i; at time ¢ is given as
i; = o(W'x; + R'hy_; +b") (6.2)

It decides whether input state enters internal state or not.

c) Forget gate denoted by f; at time ¢ is given as
f, = o(W/x, + R'h;_; +b’) (6.3)

It decides whether internal state forgets the previous internal state or not.

d) Output gate denoted by f; at time t.
Oy = O'(WOXt aF Roht_l aF bo) (64)

It decides whether internal state passes its value to output or not.

e) Memory/cell denoted by c; at time ¢ is given as
ct=c 100+ 0z (6.5)
f) Block output denoted by h; at time ¢.
h; = tanh(¢;) © oy (6.6)

where ® denotes element-wise product. The logistic sigmoid and hyperbolic tangent activation functions
are denoted by o and tanh, respectively. To learn the precise timing of the output, one can use the
peephole connections [196]. During backward pass, full backpropagation through time training for

LSTM networks has been used.
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Figure 6.3: Broad structure of deep neural network employed for extracting the bottleneck features.

6.2 Bottleneck feature extraction

In this section, we first present the structure of DNN employed for extracting the features. The
frame level outputs extracted from the bottleneck layer corresponding to input acoustic features are
referred to as the bottleneck features (BNF).

The BNF can be generated from one of the hidden layers which are having less number of units
or nodes as compared to the hidden layers on either side. The bottleneck layer (narrowest hidden
layer) produces the output which is a compact version of the original inputs as it forces to represent
information in low dimension. Figure shows the broad structure of a deep network with one input
layer, multiple hidden layers, and an output layer. Among the hidden layers, the layer having less
number of nodes with respect to its neighboring layers is known as the bottleneck layer. In this work,
+N frames (left and right context = N) of spectral features (eg., MFCC) are spliced together, and
the dimensionality is reduced by LDA using the acoustic states as classes. The reduced dimensional
features are further spliced together with =M frames (left and right context = M) and applied to the
input layer of DNN. The BNF is extracted from a DNN trained for ASR using Kaldi [197] framework.
In ASR, the pronunciations of all words are represented by a sequence of Senones (e.g., the tied-triphone
states), trained on top of LDA followed by maximum likelihood linear transform features using the

transcribed speech corpus.
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6.3 Extraction of robust statistics

In recent times, DNN posteriors from the output layer of DNN trained for ASR [118] are used for
extracting statistics required for the i-vector computation instead of GMM-posterior from the standard
GMM-UBM. Next, we briefly describe how GMM /DNN based posteriors are computed and then used

in the i-vector computation.
6.3.1 The i-vector extraction using GMM posteriors

The GMM-posterior is the per-mixture posterior probability of each feature vector computed using
UBM, which is essentially a speaker/language-independent GMM. The GMM posteriors along with
utterance specific feature vectors are used to accumulate the zeroth and the first-order sufficient statis-
tics. Finally, the i-vector extraction is done using these accumulated statistics and the details are

already described in Section 2.3.41
6.3.2 The i-vector extraction using DNN posteriors

In [107], an alternate approach to extracting statistics based on DNN trained for ASR has been
proposed. The DNN replaces the GMM to compute the posterior of the frames with respect to each
of the classes in the model. In DNN, the classes are Senones obtained using a standard decision tree
for ASR while in the case of GMM, the classes correspond to the individual Gaussians of the mixture
model. In order to obtain the UBM parameters from DNN trained for ASR, let us define the following
terms:

e K be the number of classes as the Senones defined by the ASR decision tree,

e x! is the t-th speech frames from i-th speech segment,

e v, ~ p(k|x}) is the posterior probability of the k-th class for x},

® i, i and X are the weight, mean and covariance of the k-th class, respectively.

The UBM parameters using DNN trained ASR are given by

Nk = Z’Y}it (6.7)
it

1 o
= — Y VXl (6.8)
"M it
1 o
3y = ” D VXt (%)) — p, (6.9)
it
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6. DNN Conditioned Sparse Coding based Language Recognition

where the ASR system is used to compute the posteriors for each class k.

The sufficient statistics required for the i-vector estimation is computed by the following two equa-

tions:
0" order statistics : Ni = Z’ﬁ:ﬂt (6.10)
t
centralized 1% order statistics : F} = Zy,it(xi — i) (6.11)
t=1

Once the statistics are computed, the i-vector extraction procedure is done in the same way as it

is done in the case of GMM based statistics.

6.4 Capturing of phonetic sequence information

The existing neural network based LR systems are developed using acoustic features like Mel filter
banks (Fbanks) or MFCC [9]. In those systems, the information about the phonetic sequence is largely
overlooked which are demonstrated to possess more discriminative high language level information
than the acoustic features. In phonetic temporal network (PTN) approach [4,157], an attempt is made
to improve the performance of the existing acoustic-domain LR systems using phonetic information.
This methodology makes use of a phone-discriminative model to extract frame-level phonetic features
and then feed them as input to an LSTM based LR system as shown in Figure Originally the
LSTM-based LR systems were built with raw acoustic features [198-200]. Later, the PTN based
approach rediscovers the value of phonetic features to enhance the LR systems which have been largely
overlooked due to the popularity of the i-vector based LR approach. All the recently proposed DNN-
based works mentioned in the above sections are developed for the contrast purposes. On surveying the
recent works on DNN for LR, we have not found any work which discusses the popular sparse coding
approach. In Chapter 3, we have presented the sparse coding of i-vector utterance representation
over different variants of the learned dictionary and noted to yield competitive language recognition
performances when compared with the i-vector based LR employing classifiers like GG, CDS, SVM,
MLR, and G-PLDA. In that approach, SDC features were used as the front-end features for i-vector
extraction. Due to the superior performances of sparse representation based LR, we have investigated

the sparse representation framework on DNN derived bottleneck features based i-vector representation.
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Figure 6.4: Block diagram of the phonetic temporal network (PTN) LID system [4]

6.5 DNN conditioning of sparse coding-based LR system

In this chapter, we have explored the sparse coding of the bottleneck features based i-vectors for
LR task. For i-vector representation, DNN-based bottleneck front-end features are used, unlike the
conventional MFCC based features. Both GMM/DNN based posterior computation techniques are
incorporated in the i-vector computation and are used for contrast purposes. In literature, the perfor-
mance of bottleneck features based i-vector employing GMM posteriors is superior compared to DNN
posteriors based one. Thus, the sparse coding framework is only explored on the bottleneck features
based i-vector employing GMM posteriors. For s-vector extraction, three discriminative dictionaries
namely learned-exemplar, D-KSVD [165] and LC-KSVD [166] based approaches have been explored.
The details of the above mentioned learned dictionary based LR can be found in Sections B.4.4land

6.6 Experimental setup

6.6.1 Database

In this work, THCHS30 Chinese transcribed speech database [201] is used for training the ASR
based DNN system. The training and evaluation data-sets are considered as per AP17-OLR Chal-
lenge [157]. The performances of the LR systems are measured in closed set condition on three different

evaluation data sets corresponding to 1 second, 3 seconds and full-length utterances.
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6. DNN Conditioned Sparse Coding based Language Recognition

6.6.2 Feature extraction

The work presented in this chapter uses MFCC/BNF features for the i-vector representation while
the FBank features are used for developing the PTN based LR system. Speech signals are analyzed

with 20 ms Hamming window keeping frame shift of 10 ms and the pre-emphasis factor of 0.97.
6.6.2.1 MFCC features

As per the AP-17 OLR challenge protocol [157], the i-vector system is developed using 20-dimensional
MFCC features including the log energy which is augmented with first and second order derivatives,
thus resulting in 60-dimensional feature vectors. We have used 23-channel Mel filterbank to extract
the 20-dimensional MFCC features. For feature level channel compensation, the cepstral mean nor-
malization has also been applied to the computed acoustic feature vector. An energy-based VAD is

used to remove the frames corresponding to silence regions.
6.6.2.2 Bottleneck features

For extracting the BNF, a DNN with 5 hidden layers and 1 bottleneck layer has been trained using
THCHS30 Chinese speech corpus. The hidden layers consist of 1024 nodes, while the bottleneck layer
has 60 nodes. The network uses the tanh as the non-linearity function. The bottleneck layer is placed
after the third hidden layer. The DNN is trained with keeping the number of epochs as 20 and the
mini-batch size as 128. A 91-dimensional feature vector is obtained by concatenating 13 dimensional
MFCCs spliced across £3 frames. The dimensionality of the resulting feature vectors is reduced to
40 by applying LDA. These 40-dimensional feature vectors are further spliced across £10 frames and
used for training the DNN. Once the DNN is trained, the speech data for which the BNF are to be
extracted undergo the similar feature processing and then passed through this trained network. So

obtained 60 dimensional features at the output of the bottleneck layer are referred to as the BNF.
6.6.2.3 FBanks features

The TDNN, LSTM, and PTN based LR systems use 40-dimensional Fbanks as the raw spectral
features, extracted from each of the speech frames. For the Fbank feature computation, a 40-channel
mel filterbank is used. In TDNN, the features are sliced across +4 frames while the symmetric 2-frame

window is used to splice the neighboring frames in the case of LSTM.
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6.6.3 PTN sytsem

The phonetic DNN model is a 6 hidden layers TDNN with p-norm activation function, trained using
THCHS30 database [201]. The 40-dimensional Fbank features as raw input features are applied to the
phonetic DNN. These input features are appended with splice neighboring features with symmetric
4-frame window for the TDNN and symmetric 2-frame window for the LSTM. Each TDNN layer has
2048 units. The number of cells of the LSTM is taken to be 1024. The Kaldi toolkit is used for the

development of PTN based LR system.
6.6.4 i-vector modeling, classifiers and calibration

In the i-vector modeling, the sufficient statistics corresponding to each of the training and test
segments are computed using the GMM posteriors from conventional GMM-UBM as well using the
recently proposed DNN posteriors. The language-independent UBM consisting of 2048 Gaussian mix-
tures on a set of MFCC/BNF features pooled from each of 10 languages in AP17-OLR database is
built. The DNN posteriors are computed from the output layer of DNN having bottleneck layer as
shown in Figure For computing the i-vectors, a total variability matrix T' of 400 columns is trained
on the training data following the procedure as described in [202].

The CDS classifier is used for the i-vector based LR system employing front-end MFCC/BNF
features. In addition, SRC is also explored. In SRC, the coefficients of non-zero locations are used
to determine the true class of the test sample. In this chapter, s-vectors corresponding to bottleneck
features based i-vector representation employing GMM posteriors are investigated. For s-vectors, three
discriminatively learned dictionaries namely learned-exemplar, D-KSVD, and LC-KSVD dictionary are
explored. In D-KSVD and LC-KSVD based LR, s-vectors are projected on a linear classifier to obtain
the class-similarity vector ¢y, and used to decide the language being spoken in the test utterances. The
details are discussed in Sections B.2.4] and B.2.5] respectively. The score calibration is performed using

Gaussian backend followed by MLR prior to the final decision.

6.7 Results and discussion

The performances of the proposed and contrast systems are reported on an AP17-OLR dataset in
closed set condition for three different test durations. The LR is broadly divided into two tasks, the

language detection and language identification, and their performances are measured in terms of the
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6. DNN Conditioned Sparse Coding based Language Recognition

Table 6.1: Performance comparison between TDDN, LSTM and PTN based LR systems.

LR system | Calibration full-length 3 seconds 1 second
LD LID LD LID LD LID
100 X Cypg | % IDR | 100 X Cyyg | % IDR | 100 x Cyyy | % IDR
TDNN 13.64 72.37 14.15 71.35 14.99 69.70
LSTM None 14.36 72.59 15.09 71.06 15.65 68.65
PTN 7.24 82.07 7.50 82.14 11.90 71.80
| PIN | GB+MLR | 1.76 [ 9462 | 3.21 [ 90.59 [ 841 | 77.70 |

average cost detection function (Cgyg) and the identification rate (% IDR), respectively. Table[G.Ilshows
the performance comparison between TDNN, LSTM and PTN based LR. It is observed that the PTN
performs much better than the TDNN and LSTM. The performances of BNF based i-vector system
employing GMM /DNN posteriors with three session/channel compensation techniques are shown in
Table[6.2land Table[6.3] respectively. Among the session/channel compensation methods, the WCCN is
found to give satisfactory performance compared to the LDA and LDA followed by WCCN. In Table[6.4]
the LR performances of GMM /DNN posteriors based i-vector representation on conventional MFCCs
and bottleneck features are reported. It is observed that using bottleneck features, the performance of
GMM posteriors based i-vector is found to give satisfactory performance compared to DNN posteriors
based one. However, opposite trend is noted using MFCC features. Among the contrast LR systems,
the best performance is achieved with bottleneck features based i-vector employing GMM posteriors,
and referred as baseline LR.

In addition to contrast LR, the performances of the proposed learned dictionary based LR ap-
proaches on i-vector utterance representation using BNF and GMM posteriors are also shown in Ta-
ble On comparing with the baseline method, the performances of the proposed learned dictionary
based LR approaches are found to be superior except a slight degradation in learned-exemplar case
with full length test segments. In dictionary learning approaches, the parameters are tuned and the
best values are selected. The dictionary sparsity \] is varied for values from 0.005, 0.01, 0.015, 0.02
to 0.1 with increment of 0.01; decomposition sparsity A; is varied for the values of 0.001, 0.005, 0.01,
0.015, and 0.02; \/a and /3 vary between 0.1 to 0.5 with increment of 0.1. The best performances with
LC-KSVD2 on full-length segments are noted with following tuning parameters: dictionary sparsity
A} = 0.05, decomposition sparsity A\j = 0.01, \/a = 0.4 and /3 = 0.4. Similarly, for the test segment
duration of 3 seconds, the tuned parameters (A} = 0.08, A} = 0.01, /o = 0.5 and /8 = 0.4) are

selected to achieve better performances. On 1 second test segments, the best tuning parameters noted,
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Table 6.2: Performances of the i-vector based LR employing bottleneck features and GMM posteriors. The
scores are obtained using CDS classifier and are calibrated using Gaussian backend followed by MLR.

Session/ full-length 3 seconds 1 second
LD LID LD LID LD LID
Channel Comp. | 100 X Cyyg | % IDR | 100 X Cqyg | % IDR | 100 X Copg | % IDR
LDA 1.07 96.84 1.86 94.91 7.27 80.88
WCCN 1.03 96.80 1.77 94.92 7.06 81.09
LDA+WCCN 1.10 96.80 1.88 94.81 7.41 80.84

Table 6.3: Performances of the i-vector based LR employing bottleneck features and DNN posteriors. The
scores are obtained using CDS classifier and are calibrated using Gaussian backend followed by MLR.

Session/ full-length 3 seconds 1 second
LD LID LD LID LD LID
Channel Comp. | 100 X Cypg | % IDR | 100 x Cqyg | % IDR | 100 x Copg | % IDR
LDA 1.38 96.12 2.28 93.76 8.52 77.73
WCCN 1.33 96.26 2.17 94.12 8.30 78.11
LDA+WCCN 1.38 96.08 2.31 93.58 8.58 77.22

are A} = 0.005, A} = 0.001, /o = 0.1 and /3 = 0.1. The performances of LC-KSVD2 and D-KSVD

based LR approaches are found comparatively.

6.8 Summary

In this chapter, we have explored sparse coding of bottleneck features based i-vector representation
over three discriminatively learned dictionaries (learned-exemplar, D-KSVD and LC-KSVD) for LR
systems. The performances of the proposed learned dictionaries based LR are found superior (or com-
parable in some cases) to the baseline system, except a slight degradation in case of learned-exemplar
dictionary on full length segment. The performances of the D-KSVD and LC-KSVD have been found
comparable, considering the same dictionary initialization procedure. The sufficient statistics required
for i-vector estimation is computed using GMM /DNN posteriors. It is noted that MFCC based i-
vector using DNN posteriors performs much better compared with GMM posteriors. However, in case
of bottleneck features, GMM posteriors based i-vector representation gives satisfactory results. The
effectiveness of PTN based LR system is also reported compared to TDNN and LSTM based LR sys-
tems. On comparison, the performance of bottleneck based LR system is found much superior than

PTN based LR.
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Table 6.4: Performances of the proposed LR systems employing i-vector based utterance representation derived
from the bottleneck features. The sparse coding employing [;-norm regularization with three different learned
dictionaries: learned-exemplar (LD-XR), D-KSVD and LC-KSVD are considered. The scores are calibrated
using Gaussian backend followed by MLR.

Pipeline used for Dicti Classifi full-length 3 seconds 1 second
i-vector extraction ot e LD LD LD LD LD LD
(features, statistics) 100 X Cuug | % IDR | 100 X Cyog | % IDR | 100 X Cyyy | % IDR

Contrast LR
MFCC, GMM posteriors 3.08 90.80 4.74 86.45 12.19 67.74
MFCC, DNN posteriors 1.84 94.87 2.97 91.58 10.65 72.52

- CDS

BNF, GMM posteriors 1.03 96.80 1.77 94.92 7.06 81.09
BNF, DNN Posteriors 1.33 96.26 2.17 94.12 8.30 78.11

Proposed LR
LD-XR SRC 1.25 96.29 1.77 94.95 7.04 80.67
D-KSVD 0.96 97.08 1.72 94.99 7.02 81.06

BNF, GMM posteriors

LC-KSVD1 | cw = Ws 1.03 96.78 1.73 95.00 6.99 81.06
LC-KSVD2 0.96 97.16 1.72 95.14 7.03 81.00
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7. Conclusions

7.1 Summary of thesis

The objective of the work presented in this thesis is to explore the sparse representation techniques
in LR task. The thesis begins with the review of existing LR approaches. It is followed by the
description of the recently proposed sparse representation techniques over an exemplar dictionary
which is created by concatenating the i-vector based utterance representation from all the language
classes. The resultant dictionary happens to be an overcomplete dictionary as the number of training
examples is more than i-vector dimensionality. In the proposed approach, the i-vector representation
of the given test utterance is sparse coded over the created dictionary. The resulting s-vector (sparse
vector) is obtained by solving the Lasso algorithm. On employing the SRC criterion on the s-vectors,
the language detection/identification is performed. We first compare the performance of i-vector SRC
based LR employing OMP and ENet regularization. The work is further extended with GMM mean
supervector as utterance representation. It is noted that the exemplar dictionary created using GMM
mean supervector happens to be undercomplete, as it is practically impossible to get the number of
examples in the order of supervector dimensionality. The OMP, Lasso and ENet regularization based
sparse coding problems are solved for the over-determined system. To mitigate the nuisances present
in the utterance representations, suitable session/channel compensations techniques are applied. The
LDA, WCCN, and LDA followed by WCCN compensation techniques are applied on the i-vector while
JFA pre-processing is done on the GMM mean supervector. Using Lasso and ENet based regularization,
the improved performances of WCCN compensated i-vector based LR is noted compared to JFA
processed GMM mean supervector. However, the opposite trend is noted considering OMP based
regularization. For contrast purposes, the state-of-the-art i-vector representation employing various
classifiers like CDS, GG, SVM, MLR and G-PLDA are developed. The proposed SRC based approach
using an exemplar dictionary is found slightly degraded compared to best performing i-vector employing
GG classifier.

With the increasing size of the exemplar dictionary, the computational burden of sparse coding
over such dictionary becomes quite prohibitive. To reduce the computational burden and to achieve
effective sparse representation, we propose learned dictionary based sparse coding methods for LR
task. We explore two types of dictionary learning approaches: the K-SVD and the online learning based
dictionary. The K-SVD dictionary design requires the complete training data for processing, and hence

results in slow convergence speed, especially in GMM mean supervector based utterance representation

TH-1998_08610209

104



7.1 Summary of thesis

with large training examples. To hasten the learning process, OL based dictionary is used which
processes the training examples in batch mode. In this work, the sparse representation of training
and test i-vector/GMM mean supervector is determined, which is used as a representation of speech
utterances. The popular CDS classifier is investigated on the extracted s-vector. The experimental
results show the comparable performance of K-SVD and OL dictionary based LR systems on both
the i-vector and GMM mean supervector utterance representations. The performance of i-vector based
learned dictionary is found superior to GMM mean supervector. It is also observed that the performance
of learned dictionary based LR is better than the exemplar-based approach and comparable to i-vector
employing GG classifier.

The limitation of the learned dictionary-based approach is that the class label of the learned
dictionary atoms is no longer preserved. Hence the location of non-zero elements in the s-vector does
not infer about the true language class of the test i-vector like done in case of the exemplar dictionary,
i.e. SRC is not feasible. To address this issue, a class-based learned dictionary is created. For
this purpose, the language-specific training i-vectors are used to create the language-specific learned
dictionary. These language-specific dictionaries are then concatenated to form a learned-exemplar
dictionary. Thus, applying sparse coding over class-based learned dictionary helps to determine the true
class label of the test i-vector by knowing the non-zero locations in the s-vector. This method further
reduces the computational complexity as it doesn’t require any classifiers on s-vector. Furthermore,
the sparse representation of i-vector over K-SVD and LC-KSVD discriminative dictionaries is also
explored. The experimental results show the superior performance of LC-KSVD based discriminative
dictionary based LR.

Despite the success of the i-vector based LR approach, the major drawback of the i-vector ap-
proach lies in its computational complexity and storage requirements. Motivated by these constraints,
an ensemble of random subspaces of GMM mean supervector based LR approach which includes
LDA/WCCN session/channel compensation in subspace is explored. The proposed approach does not
require any learning for creating the subspaces and has very low storage requirements. On account
of a limited number of languages involved, the complexity of the JFA based system is expected to be
lower than that of i-vector based one. Exploiting this fact, the combination of the proposed ensemble
approach with JFA is also explored. The results show that the extraction of JFA latent vector requires

less runtime complexity than that of i-vector.
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The ensemble of exemplar and learned-exemplar dictionary considering i-vector and JFA latent
vector is also proposed. The improved performance of an ensemble of learned-exemplar with a reduced
number of dictionaries is observed comparing ensemble of the exemplar dictionary. The reason for the
improved performance is due to the extraction of efficient sparse representation over learned-exemplar
and diversity gain obtained with multiple dictionaries. It is noted that the performance of an ensemble
of learned-exemplar with low dimensional JFA-latent vector is better compared with contrast LR
system; the i-vector employing GG classifier.

The recently proposed BNF based i-vector representation employing GMM posteriors is also ex-
plored in the sparse representation framework. In addition, the use of DNN posteriors is also made
in the extraction of the i-vector. The sparse coding based LR system employing such i-vector rep-
resentations is noted to outperform the existing LR approaches employing TDNN, LSTM and PTN

modeling.

7.2 Salient contributions

The important contributions of the research work reported in this thesis are summarized below:

(i) Proposition of learned dictionary based sparse coding paradigm for LR task and its experimental

validation on NIST LRE databases.

(ii) Exploitation of random subspace projection approach towards reducing the computational com-

plexity of the front-end feature extraction in LR task.

(i) Proposition of sparse coding-based LR approach employing an ensemble of learned dictionaries

for further improving the classification performance through diversity gain.

(iv) Exploitation of recently proposed bottleneck feature based i-vector representations in sparse

coding-based LR paradigm.

TH-1998_08610209

106



7.3 Directions for future work

7.3 Directions for future work

In this section, we will provide some suggestions for further research.

(i) The proposed ensemble of the learned-exemplar dictionary may be extended to state-of-the-art

bottleneck feature based i-vector representation.

(ii) The proposed SRC based approaches employing various regularization techniques may be inves-
tigated with prosodic features and can be fused with acoustic features to further improve the

performance.

(iii) The block-structured learned dictionary is noted to enhance the reconstruction ability [203] as
well as the classification ability [204]. Recently, correlation and class-based block formation for
improved structured dictionary learning are explored [205] and found to give significant improve-
ment in speaker verification task. Therefore, it would be nice to explore the block-structured

learned dictionary employing bottleneck feature based i-vector for LR task.
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A. Sparse coding algorithms: OMP and LARS

A.1 Orthogonal matching pursuit

The orthogonal matching pursuit (OMP) is an iterative greedy algorithm and at each step it selects
a dictionary atom that is most correlated with the current residual. The approximate sparse solution
% corresponding to the target signal /vector y over an dictionary D can be obtained by OMP algorithm
by solving the sparse coding problem given in Equation The sparse representation refers to the
representation of a target signal using a linear combination of only few dictionary atoms. The sparse

coding problem is formulated as

min ||y — Dx||3  subject to ||x[lo <7 (A.1)
X

where ~y is the sparsity constraint (i.e., controls the number of non-zeros elements). The steps

involved in the OMP algorithm are given in the Algorithm [II

Algorithm 1 Orthogonal Matching Pursuit

Inputs: Dictionary D = {d;}}_,.d; € R™, the target vector y € R™ and ~ is the number of
non-zero elements in sparse solution.

Initialization: Initialize the iteration variable k = 0, and set

e the initial solution x = 0

e the initial residual 1 =y — Dx? =y

e the initial solution support S = Support{x°} = ), the null set.

Main iteration:

for k=1,2,3,...7, do

(i) Element Selection: Determine the dictionary column * that maximizes the correlation with
the residual.

it = argmax{” <r 1l d;, > H} (A.2)
i=1,...,p

(ii) Update Support: S* = S¥~1 U {i*}

k

(iii) Update Provisional Solution: Compute x*, the minimizer of ||y — Dx||3 subject to

Support{x} = S.

(iv) Update Residual:
r* =y — Dx* (A.3)

end for
Output: Solution x is a vector having v non-zero coefficients at the indices given by the support

S7.
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A.2 Least angle regression

Consider a linear model y = Dx + ¢, where y € R™ is the observed response variable, D = {d;}}_,
is the dictionary whose columns represents the ith predictor variable (or covariates) d; € R™, x € R™
is the set of model coefficients, and e are the residual errors. In order to represent the response
variable using a linear combination of only few potential covariates, well known least angle regression
(LAR) [169] algorithm can be used. This can be achieved by estimating the model coefficients, the
sparse vectors.

The steps involved in the LAR algorithm is given in the Algorithm 21

Algorithm 2 Least Angle Regression

Inputs: Dictionary D = {d;}/_;,d; € R™, and the observed response variable y € R™. It is
assumed that the vector y is centered and D is centered and normalized such that each variable has
zero mean and unit Euclidean length.

Initialization:

e Initialize the coefficient vector x(?) = 0 and the fitted vector (¥ = 0,
e Initialize the active set A = () and the inactive set Z = {1,2,...,p}

Main iteration:
for k=0top—2,do

(i) Update the residual € = y — y*)

(ii) Find the maximal correlation ¢ = max | de |
1€
(iii) Move variable corresponding to ¢ from Z to A

(iv) Calculate the least squares solution X(&TSI) = (D/;D4)'D/y

(v) Calculate the current direction d =D Angsl) —y®)

. ) dle—c dlet
(vi) Calculate the step length § = Iirgzn—ir{d;%—cc’ d;%a—i}’ 0<o<1

(vii) Update regression coefficients x*t1) = (1 — §)x*) 4 5xggﬂrsl)

(viii) Update the fitted vector y**+1) = y(*) 4 5d

end for

Compute x®), the full least squares solution given as xP) = (D/D)_lD/y
Outputs:

Output the series of coefficients X = [x(©, ... x®)]

A simple modification to least angle regression (LAR) solves the /1-norm minimization based sparse
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A. Sparse coding algorithms: OMP and LARS

coding problem, also popularly known as the Lasso problem. The Lasso problem is formulated as
. .1 2
x:argm1n§HY—DxH2+)\1HXH1 (A4)
X

where A1 is the positive regularization coefficient, which controls the number of nonzero coefficients in
the solution x.

The following minor modification is added in order to determine the entire regularization path of
optimal solutions to the Lasso problem: If a nonzero coefficient becomes zero, the corresponding vari-
able is removed from the active set, and the current joint least-squares direction for LAR is recomputed

over the remaining variables. The modified LAR for solving the Lasso problem is referred as LARS.
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B. Dictionary learning algorithms: K-SVD, D-KSVD, LC-KSVD and Online

B.1 K-SVD dictionary learning

Given a set Y = {Yi}i]\i1 of training vectors and the sparsity constraint 7/, the classical K-SVD
dictionary learning problem can be defined as:

(D,X) = argmin |Y — DX||3 such that |x]l, <7 Vi (B.1)
D

where D is the learned dictionary of K atoms, and X = {xz}f\; 1 is the sparse matrix corresponding to

Y. The steps involved in the K-SVD algorithm are given in the Algorithm Bl

Algorithm 3 K-SVD Dictionary Learning

Inputs: Data Matrix Y = {yi}ﬁ\il, Number of non-zero elements required in the sparse solutions
(sparsity constraint), +'.

Initialization: Initialize the dictionary, D € R™*¥ with I normalized columns. Set the iteration
variable J = 0.

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

(i) Sparse coding: Solve the optimization problem given in Equation[B.2lusing any sparse coding
algorithm (e.g., OMP) to determine the sparse codes x; corresponding to each data vector y;,
with a sparsity constraint +'.

%; = argmin||y; — Dx||3 such that ||x;[lo <~ Vi (B.2)

Xi

(ii) Dictionary update: For each column k =1,2...., K in DU~V update it by

Define the group of examples that use this atom, wy = {i|l <i < N,x%(i) # 0}.
Compute the overall representation error matrix E; by

E;=Y-) d;x) (B.3)
J#k

Restrict E; by choosing only the columns corresponding to wg, and obtain EkR.

Apply SVD decomposition Ef = UAV?”. Choose the updated dictionary column dj, to
be the first column of U. Update the coeflicient vector X];% to be the first column of V
multiplied by A(1,1)

(iii) Set J =J+1

The K-SVD [160] is an iterative algorithm having three stages: dictionary initialization, the sparse
coding, and the dictionary update stages. In the dictionary initialization stage, initial dictionary is
either created by randomly selecting training data vectors or random matrix. In the sparse coding
stage, the data vectors are represented as linear combination of only few dictionary atoms. Usually

the OMP algorithm is used for performing the sparse coding and the given sparsity constraint of error
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B.1 K-SVD dictionary learning

threshold is used for stopping the OMP algorithm. In the dictionary update stage, the atoms of the
dictionary are modified such that the overall representation error of the given set of data vectors is

minimized.
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B. Dictionary learning algorithms: K-SVD, D-KSVD, LC-KSVD and Online

B.2 D-KSVD dictionary learning

The discriminative-K-SVD (D-KSVD) [165] is a dictionary learning approach which incorporates
classification error term in addition to reconstruction error used in classical K-SVD. The idea is to
simultaneously learn a single dictionary D and a linear classifier W by solving the joint optimization

problem which is formulated as

(D, W,X) = a}ggvgg?{nY ~ DX||7 + B|H - WXH%} such that  [|xilly <" Vi (B.4)

where Y is the set of training data vectors, D is the learned dictionary, X is the set of sparse codes
corresponding to Y. 3 is the regularization parameter, the matrix H contains the class label of training
data vectors, and W is a linear classifier. The steps involved in D-KSVD dictionary learning algorithm

are given in Algorithm [l

Algorithm 4 D-KSVD Dictionary Learning

Inputs: Data vectors Y& R™* Y class-label matrix He RE*N | regularization parameter o and
sparsity constraint v/
Outputs: Dictionary De R”*¥  linear classifier We REXE and sparse codes Xe REXN

(i) Initialize:

e Compute D by concatenating language specific K-SVD learned dictionaries.

e Compute sparse codes X(© corresponding to train vector Y over initial learned dictionary
D using sparse coding algorithm.

o Compute WO = HX©® (XOX©®' 4 1)1

(ii) K-SVD: For solving through classical K-SVD, the D-KSVD dictionary learning problem given
in Equation [B.4] can be rearranged as

(D, W,X) = algg‘;fn;? < \/%{H ) — < \/]B)W >X i such that  ||x;[ly <+ Vi (B.5)
DO
Use initial dictionary ( JAWO >
(iii) Normalize: Normalize the columns of dictionary D and linear classifier W as
D — { i i s )
W { @ i e |
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B.3 Label consistent-KSVD dictionary learning

B.3 Label consistent-KSVD dictionary learning

In LC-KSVD [166] dictionary learning approach, discriminative sparse-code error term enforcing
label consistency was incorporated in addition to the terms (i.e., reconstruction and classification error
term) used in D-KSVD formulation. The LC-KSVD dictionary learning problem employing ly norm

regularization is formulated as

(D.A,W.X) = argmin {[Y ~DX| + o Q - AX|% + SIH - WX|2} st [xilly <+ Vi
D,A,W,X
(B.6)
where Y € R™*¥ is the set of training data vectors, D € R™*¥ is the learned dictionary, X € RE*N
is the set of sparse codes corresponding to Y, matrix H € RE*N contains the class label of training
data vectors, and W € RI*K is a linear classifier. The matrix Q € RE*VN is the discriminative
sparse codes matrix promoting label consistency, A € RE*X ig a linear transformation, o and /3 are
the regularization parameters used to balance the discriminative sparse code errors and classification
error to overall objective function, respectively. The matrix Q = [q1,q2,...,qN] € REXN is the
discriminative sparse codes of input signals Y for classification.
We say that q; = [q},q?,...,q%]T =[0,0,...,1,1,...,0,0] € R¥ is a discriminative sparse code
corresponding to an input signal y; if the nonzero values of q; occur at those indices where the input
signal y; and the dictionary atom dy share the same label. For example, assuming D = [d;, ..., dg] and

Y = [y1,...,y¢] where y1,y2,d;,ds are from class 1; y3,y4,ds, dy are from class 2; and ys5,yg,ds, ds

are from class 3. The matrix Q can be defined as

1100 00

110000

001 100
Q=

001 10O

000011

000011

where each column corresponds to a discriminative sparse code for an input signal. The term ||Q — ASH%7
represents the discriminative sparse code error, which enforces that the transformed sparse codes AS
approximate the discriminative sparse codes Q. It forces the signals from the same class to have very

similar sparse representations (i.e., promoting label consistency in the resulting sparse codes).
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B. Dictionary learning algorithms: K-SVD, D-KSVD, LC-KSVD and Online

The special case of LC-KSVD problem with § = 0 is referred as LC-KSVD1 while with non-zeros

values of regularization parameters « and g, it is referred as LC-KSVD2. The learning procedure of

LC-KSVDL1 is same as of LC-KSVD2, however the classifier W for LC-KSVD1 is trained separately

after the computation of D, A, and X. The estimate of linear classifier W in case of LC-KSVD1 is

obtained by solving the equation

W = HX (XX + AI)! (B.7)

where A is the ls-norm regularization coefficient and I is the identity matrix. The steps involved in

LC-KSVD dictionary learning are given in Algorithm [l

Algorithm 5 Label Consistent K-SVD Dictionary Learning

Inputs: Data vectors Y& R™ N class-label matrix He RP*Y | discriminative sparse code matrix
Qe REXN regularization parameters o and (3, sparsity constraint ~'
Outputs: Dictionary De R™*X | linear transformation matrix A, linear classifier We RP*X and

sparse codes X €&

(i)

(iii)

RKXN

Initialize:

e Compute D by concatenating language specific K-SVD learned dictionaries.

e Compute sparse codes X(© corresponding to train vector Y over initial learned dictionary
D using sparse coding algorithm.

o Compute A® = QX (XX | 1)-1

e Compute W(©® = HX©®) (XO)X©) 4 1)1

K-SVD: For solving through classical K-SVD, the LC-KSVD dictionary learning problem can
be rearranged as

2
Y D
(D, A, W,X) = argmin ||| vaQ | —| VoA |X| st [xfl, <+ Vi (BS8)
D,AW,X \/BH \/BW -
DO
Use initial dictionary | /aA®
VBWO

Normalize: Normalize the columns of dictionary D, linear transformation matrix A, and
linear classifier W as

d
D«+— { d d, ~ ~_dg }
[d1ll2? [ld2]l2> ldx |2
A — { = a2 . 2K }
Idill2” [ld2]l2’ ldxl2
‘NT<_{W1 wy _wg }
[dill2? fld2]l2’ ldxll2
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B.4

Online dictionary learning

The online dictionary learning [159] approach requires one element (or a small subset) of the training

set at a time. On the other hand, batch mode based learning approach (e.g., K-SVD) access whole

training sets at each iteration. Thus, online dictionary learning approach can efficiently handle large

training set or dynamic training data changing over time.

The steps involved in online dictionary learning using one element of the training set are summarized

in Algorithm [6l The dictionary update stage of the online learning procedure is described in Algorithm

@

Algorithm 6 Online dictionary learning

Inputs: y € R™ ~ p(y) (Assuming the training set composed of i.i.d samples of a distribution p(y)),
initial dictionary Do € R™*X Number of iterations 7, Regularization parameter \; € R.

()
(i)
(ii)

)

(iv

Matrices Ag = 0 and By = 0 (reset the past information)
fort=1to T, do
Draw y;

Sparse coding (Compute using LARS):

1
X; = argmin §||yt — Dyix||2 4+ M\ |x: (B.9)
X

Ay =A 1 +xix;
B, =B, +yix]

Dictionary update (Use Algorithm [7] the block coordinate descent with D;_1 as warm restart):

t
.1 1

D; = arg min— E ~|lys — Dx; |3 4 A1l|xi |1 (B.10)
D t — 2

end for

Output: learned dictionary Drp.

In practice, the convergence speed of the online algorithm can be increased by drawing more than

one training examples (i.e., using mini-batch approach) at each iteration. Let us denote y1,...,¥y¢p,
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B. Dictionary learning algorithms: K-SVD, D-KSVD, LC-KSVD and Online

Algorithm 7 Dictionary Update
Inputs: Input Dictionary D = [dy,do,...,d;] € R™*K,
A =[aj,ay,...,a;] € REXK = 25:1 XX,
B = [bl,bg, - ,bk] S RmXK = Zle yix;

(i) repeat
(ii) for j =1to K, do
(iii) update the j-th column to optimize the Equation [B.10]

1
le = —(b] = Daj) + dj (Bll)
AJJ
1

max (| ugl], 1)

dj = u; (B12)
(iv) end for
(v) until convergence

(vi) Output: Updated dictionary D.

the training examples drawn at iteration ¢. Then, replace the lines (v) and (vi) of Algorithm [@ by

P

Ay =BA + Z Xty ; (B.13)
i=1
P

B; = ﬂBt_l == Zymx;i (B.14)
i=1

whereﬂzeéﬁ%. If t < P then § = tP elseif t > P then § = P>+t — P.
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C. Parameters Tuning in K-SVD/OL Learned Dictionary based LR

C.1 Parameters tuning in learned dictionary based LR with OMP
and Lasso

The optimal performance of LR using OMP/Lasso-based sparse representation over K-SVD/OL
learned dictionary mainly depends upon the three parameters: (i) size of the dictionary (ii) the number
of atoms selected while learning the dictionary (dictionary sparsity) (iii) the number of atoms selected
while representing the target data (decomposition sparsity). The parameters are tuned to obtain the
best results in terms of Cy,y and IDR. Figure shows the performance of LR using OMP based
sparse coding of WCCN compensated i-vector over K-SVD learned dictionary with tuning parameters:
dictionary size, dictionary sparsity (7’) and decomposition sparsity (7). The CDS classifier is applied on
the training and test s-vectors. The score calibration is done by GB-+MLR technique employing multi-
class FoCal toolkit [153] prior to final decision. It is observed that the best performance is achieved
with a dictionary size of 28, 7/ = 20 and v = 15 for language detection while in language identification,
the optimal parameters noted are 7/ = 20 and v = 20. The performance of the LR system using
Lasso-based sparse coding of WCCN compensated i-vector over K-SVD learned dictionary is shown
in Figure With fixed dictionary size of 28, the best performance in terms of C,,, for language
detection is noted with dictionary sparsity A} = 0.01 and decomposition sparsity Ay = 0.001 while in
language identification, the optimal parameters noted are \j = 0.02 and A\; = 0.001.

In addition to i-vector utterance representation, sparse representation of JFA compensated GMM
mean supervector over K-SVD learned dictionary employing OMP /Lasso sparse coding algorithms are
investigated and results are shown in the Figures and [C.4l Tt can be observed that using OMP, the
best performance is achieved with a dictionary size of 28, dictionary sparsity 7 = 20, decomposition
sparsity v = 15 while using Lasso, the optimum performance is achieved with dictionary sparsity

! = 0.05, decomposition sparsity A\; = 0.001 and dictionary size of 28. On comparing with OMP, a
Lasso-based sparse coding algorithm provides slightly better performance.

The work is further extended with OL dictionary employing OMP and Lasso based sparse coding
considering both WCCN compensated i-vector and JFA-supervector. The results are reported in
Figures [C.5] [C.6] and Using OL employing OMP and the i-vector representation, the best
language detection performance is achieved with dictionary sparsity v/ = 15 and decomposition sparsity
~v = 20 shown in Figure (a) while for language identification task, the sparsity constraints 7' = 20

and v = 20 gives best result as shown in Figure (b). However, using OL dictionary employing Lasso
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C.1 Parameters tuning in learned dictionary based LR with OMP and Lasso
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Figure C.1: Performance of the LR system using the sparse representation of WCCN compensated i-vector
over K-SVD learned dictionary with the tuning of dictionary size, dictionary sparsity (7’) and decomposition
sparsity (v).The sparse coding is performed using the OMP algorithm. (a) Cyyy (b) IDR
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Figure C.2: Performance of the LR system using the sparse representation of WCCN compensated i-vector over
K-SVD learned dictionary with tuning of dictionary size, dictionary sparsity (A]) and decomposition sparsity
(A1). The sparse coding is performed using Lasso algorithm. (a) Cayg (b) IDR
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Figure C.3: Performance of the LR system using the sparse representation of JFA-supervector over K-SVD
learned dictionary with tuning of dictionary size, dictionary sparsity (7’) and decomposition sparsity (). The
sparse coding is performed using OMP algorithm. (a) Cq.g (b) IDR
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Figure C.4: Performance of the LR system using the sparse representation of JFA-supervector over K-SVD
learned dictionary with tuning of dictionary size, dictionary sparsity (A}) and decomposition sparsity (A1). The

Lasso based sparse coding is performed. (a) Cayg (b) IDR
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C.1 Parameters tuning in learned dictionary based LR with OMP and Lasso
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Figure C.5: Performance of the LR system using the sparse representation of WCCN compensated i-vector
over OL learned dictionary (28 dictionary atoms) with tuning of dictionary sparsity (7') and decomposition
sparsity (v). The sparse coding is performed using OMP algorithm. (a) Cyvy (b) IDR
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Figure C.6: Performance of the LR system using the sparse representation of WCCN compensated i-vector
over OL learned dictionary (28 dictionary atoms) with tuning of dictionary sparsity (A]) and decomposition
sparsity coefficient (A;). The Lasso based sparse coding is performed. (a) Cqyg (b) IDR
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Figure C.7: Performance of the LR system using the sparse representation of JFA-supervector over OL learned
dictionary (28 dictionary atoms) with tuning of dictionary sparsity (v') and decomposition sparsity (). The
sparse coding is performed using OMP algorithm. (a) Cqyg (b) IDR
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Figure C.8: Performance of the LR system using the sparse representation of JFA-supervector over OL learned
dictionary (28 dictionary atoms) with tuning of dictionary sparsity (A]) and decomposition sparsity (A1). The
Lasso based sparse coding is performed. (a) Cayg (b) IDR
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Figure C.9: Performance of the LR system using the sparse representation of WCCN compensated i-vector
over K-SVD learned dictionary (28 dictionary atoms) with tuning of regularization coefficient (A}) in dictionary
learning and regularization coefficient (A2) in s-vector extraction for fixed A} = 0.01,\; = 0.001. The ENet
based sparse coding is performed. (a) Cqug (b) IDR

and the i-vector representation, the best language detection performance is achieved with dictionary
sparsity \j = 0.015 and decomposition sparsity A\; = 0.001 as shown in Figure [C.0] (a) while for
language identification task, the sparsity constraints A} = 0.005 and \; = 0.01 gives best result as
shown in Figure [C.0] (b).

Figures[C.7and [C.8 show the performances of LR using OL employing OMP and Lasso, respectively.
The JFA-supervector is used as the utterance representation. Using OMP, the value of dictionary
sparsity 7/ = 5 and decomposition sparsity v = 5 gives best performance both in language detection
and language identification as shown in Figure[C.7l In Lasso based sparse coding, the best performances
in language detection as well language identification are noted with dictionary sparsity A} = 0.05 and

decomposition sparsity A\; = 0.02 as shown in Figure
C.2 Parameters tuning in learned dictionary based LR with ENet

The sparse representation over KSVD/OL learned dictionary based LR with ENet sparse coding
algorithm requires tuning of five parameters:(i) size of dictionary (ii) regularization coefficients A} and

§ in dictionary learning (iii) regularization coefficients A; and Ay in extracting sparse representation
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Figure C.10: Performance of the LR system using the sparse representation of JFA-supervector over K-SVD
learned dictionary (28 dictionary atoms) with tuning of regularization coefficient (A}) in dictionary learning
and regularization coefficient (A2) in s-vector extraction for fixed Aj = 0.05, \; = 0.001. The ENet based sparse
coding is performed. (a) Cyuy (b) IDR

over learned dictionary. The regularization coefficients \] and \; are the dictionary sparsity and
decomposition sparsity, respectively. The coefficients A, and Ay encourages the grouped selection
and stabilizes the solution paths with respect to random sampling in dictionary learning and sparse
representation over the learned dictionary, respectively. In ENet sparse coding, the values of dictionary
sparsity and decomposition sparsity are kept same as that of Lasso to maintain the same sparsity and
selected based on the best performance achieved by the Lasso. In the previous subsection, it was also
noted that only 28 dictionary atoms are sufficient to obtain the good performance. Thus, tuning of
regularization coefficients X\, and Ay are done keeping fixed dictionary size, A} and A; to obtain the
best performance using learned dictionary employing ENet.

Figures and show the performance of KSVD learned dictionary based LR with two ut-
terance representation: WCCN compensated i-vector and JFA-supervector, respectively, for various
tuning parameters. In Figure (a), the best language detection performance is achieved with

L, = 0.4 and Ay = 0.2 while for language identification task, the parameters \;, = 1.2 and Ay = 0.2
gives best result as shown in Figure (b). The tuning of parameters are done by keeping fixed

1 = 0.01 and A\; = 0.001. However, in Figure [CI0 (a), the best language detection performance is
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Figure C.11: Performance of the LR system using the sparse representation of WCCN compensated i-vector
over OL learned dictionary (28 dictionary atoms) with tuning of regularization coeflicient (A;) in dictionary
learning and regularization coefficient (A2) in s-vector extraction for fixed A} = 0.015,A\; = 0.001. The ENet
based sparse coding is performed. (a) Cqug (b) IDR

achieved with \; = 1 and Ay = 0.6 while for language identification task, the parameters \;, = 2 and
Ao = 0.6 gives best result as shown in Figure (b). The tuning of parameters are done by keeping
fixed A} = 0.05 and A; = 0.001.

We have also explored the OL dictionary employing ENet sparse coding with i-vector and GMM

mean supervector utterance representation and the results are reported in Figures [C.11] and [C.12
Considering i-vector representation, the best language detection performance is achieved with X, = 0.4
and Ao = 0.2 which is shown in Figure (a) while for language identification the best performance
is achieved with A}, = 0.8 and A2 = 0.2 and is shown in Figure [C1I[b). Both the performances are
obtained by keeping fixed regularization coefficients \| = 0.015 and A\; = 0.001. However, with JFA-
supervector, the best language detection performance is achieved with A;, = 2 and Ay = 0.2 as shown
in Figure (a) while for language identification task, the parameters A, = 0.8 and Ay = 1.8 gives
best result which is shown in Figure (b). In both the cases, the tuning of parameters are done by
keeping fixed \] = 0.05 and A\; = 0.02.
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Figure C.12: Performance of the LR system using the sparse representation of JFA-supervector over OL
learned dictionary (28 dictionary atoms) with tuning of regularization coefficient (A}) in dictionary learning
and regularization coefficient (A2) in s-vector extraction for fixed \j = 0.05, \; = 0.02. The ENet based sparse
coding is performed. (a) Cyuy (b) IDR
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