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This thesis aims to propose mini-batch sample selection strategies for deep
learning based speech recognition systems. Deep learning based speech recognition
systems became more prevalent and state-of-the-art system for speech recognition
domain with the popularity and success of deep learning architectures. Recurrent
Neural Networks (RNN) and Long Short-Term Memory (LSTM) RNN are widely
and successfully utilized for the applications of speech recognition. Mini-batch
gradient descent algorithm is generally accepted algorithm for training deep
learning based speech recognition systems. Mini-batch gradient descent algorithm
is a successful algorithm, but one of the main problems in mini-batch gradient
descent is that the training samples are selected randomly for each mini-batch. In
this thesis, mini-batch sample selection strategies are proposed to improve speech
recognition accuracy of deep learning based speech recognition systems. Proposed
strategies use meta features of speech corpuses, i.e. gender and accent features.
Three types of sample selection strategies are proposed, i.e. gender adjusted
strategies, accent adjusted strategies, and hybrid strategies that combine gender and
accent adjusted strategies. The experimental results show that proposed strategies
are beneficial for improving performance of deep learning based speech
recognition systems.

Keywords: Mini-batch Gradient Descent, Sample Selection Strategies, Deep
Learning, Speech Recognition, RNN
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Bu tez ¢aligmasi derin 6grenme tabanli ses tanima sistemleri i¢in mini-y1gin
Oornek sec¢im stratejileri Onermeyi amacglamaktadir. Derin 6grenme tabanli ses
tanima sistemleri, derin §grenme mimarilerinin popiilaritesi ve basarilari ile birlikte
cok daha yaygin ve ses tanima alaninda en modern sistem olmustur. Ozyinelemeli
Sinir Aglar1 (OSA) ve Uzun Kisa Dénem Hafiza OSA ses tanima uygulamalari i¢in
olduk¢a yaygin ve bagarili bir sekilde kullanilan mimarilerdir. Mini-y1gin gradyan
ini§ algoritmasi derin 6grenme tabanli ses tanima sistemlerinde kabul gérmiis bir
egitim algoritmasidir. Mini-y18in gradyan inis algoritmasi basarili bir algoritmadir
ancak bu algoritmanin problemlerinden biri her bir mini-yigmn icin egitim
orneklerini rastgele segmesidir. Bu tez ¢alismasinda, derin 6grenme tabanli ses
tanima sistemlerinin ses tanima dogrulugunu artirmak i¢in mini-y1gin érnek se¢im
stratejileri onerilmistir. Onerilen stratejiler ses veri kiimelerinde bulunan cinsiyet
ve aksan Ozellikleri gibi meta 6zellikleri kullanmaktadir. Cinsiyet tabanli stratejiler,
aksan tabanli stratejiler ve cinsiyet ve aksan tabanli stratejileri birlikte kullanan
hibrit stratejiler olmak {izere ii¢ tiir 6rnek se¢im stratejisi Onerilmistir. Deneysel
sonuglar Onerilen stratejilerin derin 6grenme tabanli ses tanima sistemlerinin
performansini artirmak i¢in faydali oldugunu gostermistir.

Anahtar kelimeler: Mini-yigin Gradyan 1Il.i‘$, Ornek Se¢im Stratejileri, Derin
Ogrenme, Ses Tanima, OSA
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EXTENDED ABSTRACT

Speech recognition is an important domain which tries to convert speech
signals into their corresponding text transcriptions. Speech recognition is essential
for converting voice records, controlling devices with speech inputs and for
searching in speech records. Speech recognition is beneficial and important for
many application areas, such as mobile communication, search engines, voice input
systems and personal digital assistance systems.

Speech recognition has several challenges. First of all, the datasets are
present for few languages. Second, great variations occur in speech inputs based on
gender, age, accent and local language differences. Finally, background noise,
recording device quality and environmental factors affect speech recognition
performance.

On the other hand, deep learning is a sub-field of machine learning which
uses several algorithms to model high-level abstractions in the data by using graphs
that consists of multiple processing layers that are composed of linear or non-linear
transformations. Deep learning also provides efficient use and selection of the
features in the datasets which are more relevant with the desired output. Deep
learning gained attention in researchers after its applications achieved better
performance than state-of-the-art methods in the literature. With the recent success
and popularity of deep learning, it is being utilized in many application areas, such
as image recognition, natural language processing, time series analysis and speech
recognition.

Deep learning architectures are being utilized in many application areas in
speech recognition, such as speech enhancement, speaker verification, and voice
activity detection. Among the most popular deep learning architectures, Deep
Neural Networks (DNN), Convolutional Neural Networks (CNN), and especially
Recurrent Neural Networks (RNN) and Long Short Term Memory (LSTM) RNN,
which is a special kind of RNN, are widely preferred for speech recognition. DNN

is generally utilized in speech recognition as a hybrid method for Hidden Markov

I



Model (HMM) speech recognition systems. CNN is generally used for image
processing; however, it can be used in speech recognition as well. In speech
recognition, CNN is mostly utilized for visual speech inputs, which is called as
spectrograms. RNN and LSTM are successful at analyzing sequential inputs, and
thus, they are utilized for time series feature inputs of speech signals. Apart from
these architectures, other deep learning architectures are also utilized for speech
recognition tasks, such as Deep Belief Networks and Deep Autoencoders.

RNN and LSTM are the most preferred deep learning architecture in speech
recognition domain to achieve state-of-the-art and satisfying performance with
their ability to process sequential and time series inputs. Especially LSTM provides
high performance for speech recognition tasks by using a specialized gate-based
architecture. Also, training algorithms are specialized for these architectures in
which generally a variant of gradient descent optimization is utilized.

Gradient descent optimization is one of the most popular approach for
training and optimizing deep learning models. It is based on backpropagation
algorithm that propagates network output errors backward and updates parameters.
Gradient descent optimization has three variants, batch gradient descent, stochastic
gradient descent, and mini-batch gradient descent which differ in the usage of the
amount of the data before performing an update on the parameters of deep learning
models. In deep learning based speech recognition studies, mini-batch gradient
descent is preferred due to its benefits over other alternatives.

Deep learning based speech recognition systems are successful systems for
recognizing a speech input with respect to the input features. The performance of
the deep learning based speech recognition systems is based on several factors,
including a comprehensive speech corpus which contains the different
characteristics of user types, such as gender, accent, speaker and linguistic
contents. A wide range of features in a speech corpus is essential to increase the
recognition performance to have a more reliable and accurate speech recognition
system. One important factor to increase the performances of deep learning based
speech recognition systems is to train these systems with more data that have a

wide range of accent, gender, and speakers.
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In this thesis study, we aim to improve performance of deep learning based
speech recognition systems by proposing new methods for mini-batch sample
selection which is an important part in training deep learning systems. We
proposed several strategies for selecting mini-batch samples for speech recognition
tasks to increase model performance of deep learning based speech recognition. In
particular, we proposed three types of mini-batch sample selection strategies, i.e.
gender adjusted strategies, accent adjusted strategies, and hybrid strategies which
selects mini-batch samples using combination of gender and accent adjusted
proposed strategies. For each type of mini-batch sample selection strategy, two
further categories are explored, i.e. homogeneous and heterogeneous categories. In
homogeneous strategies, only one meta feature is considered in one mini-batch,
such as only female or only English speakers are selected for one mini-batch. In
heterogeneous strategies, proportional presence of each meta feature is used, such
as half female and half male speakers are selected for one mini-batch.

Selected gender and accent meta features are important factors on the
performance of speech recognition systems. Gender and accent presence in speech
recognition models would yield good or poor performance with respect to the
utilized dataset characteristics. For this reason, in this thesis study, we used gender
and accent meta information for selection of mini-batch samples. When gender
feature is not used in balanced between female and male speakers, the speech
recognition system could not have good performance. Similarly, when different
accents of a language are not present in the speech recognition system, then
variable accents in test samples could not be recognized properly. Following these
information, we proposed gender and accent based mini-batch sample selection
strategies which could increase deep learning based speech recognition
performance.

The proposed three types of mini-batch sample selection strategies are
developed to investigate the performance of deep learning based speech
recognition systems based on mini-batch sample features and to monitor the effect

of gender and accent information on training of deep learning systems. For deep
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learning architecture, LSTM is preferred which is the most popular architecture in
speech recognition systems. All of the proposed strategies are evaluated on the
same deep learning system to fairly compare the strategies with each other and to
determine the best strategy.

The experimental results of the proposed mini-batch sample selection
strategies show that, homogeneous gender — heterogeneous accent hybrid strategy,
homogeneous gender strategy and heterogeneous accent strategy outperform other
alternative strategies in terms of train and test metrics. The reason for this result
could be that, selecting homogeneous gender as one mini-batch samples provide
deep learning systems to better model speech inputs with output texts.
Homogeneous gender strategy selects samples of one mini-batch only with one
gender. This provides closer gender features within a mini-batch and the deep
learning based speech recognition systems could better learn the character
utterances. Also, heterogeneous accent strategy had good performance which
selects mini-batch samples with the presence of all accents. When all accents are
present in every mini-batch, the deep learning based speech recognition system
becomes more successful, because it could learn every possible accent and all
varieties of the utterances of the characters within each mini-batch. Homogeneous
gender — heterogeneous accent hybrid strategy has the best performance in
comparison with the proposed mini-batch sample selection strategies. The reason
for this result is, both homogeneous gender and heterogeneous accent strategies
have good performance, and using a hybrid of these two strategies provide better
speech recognition performance.

When all of the results are evaluated, we can conclude that, when gender and
accent meta information are used for mini-batch sample selection, deep learning
based speech recognition models could achieve better performance. Especially
when using hybrid of successful mini-batch sample selection strategies further

improves the performance of the systems.
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GENISLETILMIS OZET

Ses tanima, ses sinyallerini uygun metin karsiliklarina ¢evirmeyi amaglayan
onemli bir alandir. Ses tanima konusma kayitlarinin doniistiiriilmesi, cihazlarin ses
girdileriyle kontrol edilmesi ve ses kayitlar1 igerisinde arama yapilmasi igin
gereklidir. Ses tanima, mobil haberlesmeler, arama motorlari, konusma girdi
sistemleri ve kisisel dijital asistan sistemleri gibi g¢esitli uygulama alanlar1 igin
faydali ve 6nemlidir.

Ses tanimanin gesitli zorluklar1 vardir. Birincisi, az sayida dil i¢in veri
kiimeleri mevcuttur. ikincisi, ses girdileri arasinda cinsiyet, aksan, yas ve yerel dil
degisimlerden dolay1 biiyiik degiskenlikler olugmaktadir. Son olarak, arka plan
giriiltiisii, kayit cihaz kalitesi ve cevresel faktdrler ses tanima performansini
etkileyen faktorlerdir.

Diger yandan, derin 6grenme, lineer veya lineer olmayan doniisiimlerden
olusan ¢ok sayida islem katmani iceren aglar kullanarak veri igerisindeki yiiksek
seviyeli soyutlamalari modellemek igin g¢esitli algoritmalar kullanan makine
Ogrenmesinin bir alt alamidir. Ayrica, derin 6grenme hedeflenen ¢iktiyla en yakin
iligkide olan 6zelliklerin verimli kullanimi ve se¢imini de saglamaktadir. Derin
ogrenme uygulamalarinin literatiirdeki en iyi yontemlere gore daha iyi performans
gostermesiyle birlikte derin 6grenme arastirmacilar arasinda 6nem kazanmistir.
Derin 6grenme algoritmalarinin son yillardaki bagarist ve popiilaritesi ile derin
O0grenme goriintli isleme, dogal dil isleme, zaman serisi analizi ve ses tanima gibi
¢esitli uygulama alanlarinda kullanilmaya baglamustir.

Derin 6grenme mimarileri, ses iyilestirme, konugmaci tanima ve ses aktivite
tespiti gibi ses tanimanin ¢esitli uygulama alanlarinda kullanilmaya baglanmustir.
En popiiler derin 6grenme mimarileri arasinda Derin Sinir Aglar1 (DSA); Evrigimli
Sinir Aglar1 (ESA) ve Ozyinelemeli Sinir Aglar1 (OSA) ve OSA’nin 6zellesmis bir
versiyonu olan Uzun Kisa Dénem Hafiza (UKDH) OSA ses tanima igin yaygin

olarak tercih edilmektedir. DSA genellikle Sakli Markov Model (SMM) tabanli ses
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tanina sistemleri ile hibrit bir sekilde kullanilmaktadir. ESA genellikle goriintii
islemede  kullanilmaktadir; ancak, aym1 zamanda ses tamimada da
kullanilabilmektedir. Ses tanimada ESA genellikle spektrogram olarak adlandirilan
gorsel ses girdileri icin tercih edilmektedir. OSA ve UKDH sirali girdilerin
analizinde bagarili mimarilerdir ve bu nedenle ses sinyallerinin zaman serisi girdi
Ozellikleri iizerinde kullanilmaktadirlar. Bu mimarilerden ayr1 olarak ses tanima
gorevleri icin Derin Inan¢ Aglar1 ve Derin Otokodlayicilar gibi diger derin
O0grenme mimarileri de kullanilmaktadir.

OSA ve UKDH, sirali ve zaman serisi girdilerini islemedeki yeteneklerinden
dolay1 ses tanima alaninda en yiiksek basarimi ve tatmin edici performansi
saglamak icin tercih edilen en yaygin olarak kullanilan derin 6grenme
mimarileridir. Ozellikle UKDH &zellesmis kapi-tabanli mimarisiyle ses tanima
gorevlerinde yiiksek performans saglamaktadir. Ayrica bu mimariler i¢in 6grenme
algoritmalar1 gradyan inis optimizasyonunun varyantlari olarak 6zellesmistir.

Gradyan inis optimizasyonu, derin O&grenme modellerinin egitimi ve
optimizasyonu i¢in en popiiler yaklasimlardan biridir. Gradyan ini§ optimizasyonu
ag cikt1 hatalarim1 geriye dogru yayan ve parametreleri buna gore giincelleyen
geriye yayilim algoritmasina dayanmaktadir. Gradyan inis optimizasyonun yigin
gradyan inis, stokastik gradyan inig ve mini-y1gm gradyan inis olmak {iizere iig
varyanti bulunmaktadir. Bu varyantlar derin 6grenme modellerinin parametre
giincellemeden 6nce kag¢ adet drnek kullanilacagi konusunda ayrilmaktadir. Derin
O0grenme tabanli ses tanima c¢alismalarinda mini-yigin gradyan inig diger
alternatiflerine gore avantajlarindan dolayi tercih edilmektedir.

Derin O6grenme tabanli ses tanima sistemleri ses girdilerinin girdi
Ozelliklerine bagli olarak taninmasinda basarili sistemlerdir. Derin 6grenme tabanli
ses tanima sistemlerinin performansi, cinsiyet, aksan, konugmaci ve dilbilimsel
igerik gibi farkli karakteristikteki kullanici tiirlerini igeren kapsamli ses veri
kiimeleri basta olmak {iizere cesitli faktorlere baghdir. Ses tanima sistemlerinin ses

tanima performansimi artirabilmek icin genis kapsamli bir ses veri kiimesi
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zorunludur. Derin 6grenme tabanli ses tanima sistemlerinin performanslarimi
artirabilmek igin gerekli olan énemli bir faktor, bu sistemleri genis aksan, cinsiyet
ve konusmaciya sahip olan ¢ok fazla sayida veriyle egitmektir.

Bu tez ¢aligmasinda, derin 6grenme sistemlerinin egitimi i¢in 6nemli bir yeri
olan mini-y1gin 6rnek se¢imi igin yeni yontemler Onererek derin 6grenme tabanli
ses tanima sistemlerinin performansini artirmak amacglanmaktadir. Derin 6grenme
tabanli ses tanima sistemlerinin model performansini artirabilmek i¢in mini-y1gin
orneklerini segmek igin gesitli stratejiler 6nerdik. Ozellikle, cinsiyet tabanli, aksan
tabanli ve cinsiyet ve aksan tabanli stratejileri birlikte kullanan hibrit stratejiler
olmak f{izere ii¢ tiir mini-y1gin drnek se¢im stratejisi Onerilmigtir. Her bir tiir mini-
y1gin ornek sec¢im stratejisi i¢cin homojen ve heterojen olmak iizere iki ayr1 kategori
arastirllmigtir. Homojen stratejilerde bir mini-yiginda sadece bir meta ozellik
degerlendirilmistir. Ornegin, sadece bayan veya sadece Ingiliz aksanli kayitlar bir
mini-yigina alinmistir. Heterojen stratejilerde bir mini-yiginda tiim ozellikler
orantisal olarak bulunmaktadir. Ornegin, mini-yigmnlar yar1 bayan yar1 erkek
kayitlardan olugmaktadir.

Secilen cinsiyet ve aksan meta Ozellikleri ses tanima sistemlerinin
performansi i¢in 6nemli faktorlerdir. Ses tanima modellerinde cinsiyet ve aksan
temsili kullanilan veri setinin karakteristigine bagli olarak iyi veya zayif
performansa sebep olmaktadir. Bu nedenle, bu tez calismasinda mini-y1gin
orneklerinin se¢iminde cinsiyet ve aksan meta 6zellikleri kullanilmigtir. Cinsiyet
ozelligi kadin ve erkek konusmacilar arasinda dengeli bir sekilde dagilmadig
zaman ses tanima sistemleri iyi performans gdsteremezler. Benzer sekilde, bir dile
ait farkli aksanlar ses tanima sistemi igerisinde bulunmuyor ise test drneklerindeki
degisik aksanlar diizgiin bir sekilde taninamayacaktir. Bu bilgileri takip ederek,
derin 6grenme tabanli ses tanima sistemlerinin performansini artirabilmek igin
cinsiyet ve aksan tabanli mini-y18in 6rnek se¢im stratejileri onerilmistir.

Onerilen iic tiir mini-y18in 6rnek secim stratejileri derin 6grenme tabanl ses

tanima sistemlerinin performansin1i  mini-yigin  6rnek  o6zelliklerine  gore
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degerlendirmek ve cinsiyet ve aksan bilgilerinin derin 6grenme sistemlerinin
egitimindeki etkisinin gozlemlenmesi i¢in gelistirilmistir. Derin 6grenme mimarisi
olarak ses tanima sistemlerinde oldukg¢a popiiler olarak kullanilan UKDH (LSTM)
tercih edilmistir. Onerilen tiim stratejiler, birbirleriyle adil bir sekilde
karsilastirabilmek ve en iyi stratejiyi belirleyebilmek i¢in ayni derin &grenme
sistemi iizerinde degerlendirilmisgtir.

Deneysel sonuglar, homojen cinsiyet — heterojen aksan hibrit mini-y1gin
ornek secim stratejisi, homojen cinsiyet ve heterojen aksan stratejileri egitim ve test
Olciilerine gore diger alternatif stratejilerden daha basarili oldugunu gostermistir.
Bu sonucun elde edilmesinin sebebi, bir mini-y1gin i¢cin homojen cinsiyet se¢ilmesi
derin 6grenme sistemlerinin ses girdilerini ile ¢ikti metinler arasindaki iliskiyi daha
iyi modelleyebilmesini saglamasi oldugu disiiniilmektedir. Homojen cinsiyet
stratejisi bir mini-yigindaki 6rnekleri sadece bir cinsiyetle segmektedir. Bu da
birbirine yakin cinsiyet 6zelliklerinin bir mini-yiginda bulunmasi ve derin 6grenme
tabanli ses tamma sistemlerinin karakter sdylenislerini daha iyi Ogrenmesini
saglamaktadir. Ayrica, bir mini-yi1ginda tiim aksanlarin temsil edildigi heterojen
aksan stratejisi de iyi performans gostermektedir. Her mini-yiginda tiim aksanlar
bulundugu zaman derin Ogrenme tabanli ses tanima sistemi daha basarili
olmaktadir, ¢linkii tim mini-yiginlarda olasi tiim aksanlar1 ve bu aksanlardaki
karakterlerin sdylenislerini 6grenmektedir. Homojen cinsiyet — heterojen aksan
hibrit stratejisi Onerilen tiim mini-y18in 6rnek se¢im stratejileri arasinda en iyi
performansi gostermistir. Bu sonucun sebebi ise, hem homojen cinsiyet hem de
heterojen aksan stratejileri iyi performans gdstermislerdir ve bu iki stratejinin hibrit
olarak kullanilmasi da daha iyi ses tanima performansi saglamistir.

Tim sonuglar degerlendirildigi zaman, cinsiyet ve aksan meta bilgileri mini-
yigin ornek sec¢imi i¢in kullanildigt zaman derin 6grenme tabanli ses tanima
modellerinin daha iyi performans gosterdikleri sonucuna ulasilabilir. Ozellikle,
basarili mini-y18in 6rnek sec¢im stratejileri hibrit olarak kullanildigi zaman bu

sistemlerin performanslar1 daha da artirilabilmektedir.
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1. INTRODUCTION

Speech recognition is the process of converting speech signals into text
transcription. With the increase of computational power and availability of
communication with computers by voice, speech recognition systems gained more
attention. Text-to-speech and speech-to-text systems are widely used in many
technologies, such as mobile communication, search engines, and personal digital
assistance systems.

However, speech recognition has several challenges. First of all, currently
the speech corpuses for few languages are available for speech recognition
systems. There is a lack of datasets and systems to include many languages.
Second, speech recognition systems should handle variations in the datasets, such
as accent, gender, age and other variations of speakers. Third, speech signals have
many distorting factors, such as background noise, microphone quality, and
environmental factors. To overcome some of these challenges, deep learning
architectures are getting more attention in speech recognition researches.

Deep learning is a branch of machine learning that uses a set of algorithms
that attempt to model high-level abstractions in data by using a deep graph with
multiple processing layers, composed of multiple linear and non-linear
transformations (Goodfellow et al., 2016; Deng et al., 2014). Deep learning
provides automatic selection and ranking of features in the datasets using efficient
algorithms. Recently, deep learning achieved great attention and tremendous
success in application areas, such as image processing, natural language
processing, sequence alignment, and speech recognition.

Deep learning systems use datasets and training algorithms for developing
their models. One of the most popular training algorithms in deep learning systems
is gradient descent optimization method (Goodfellow et al., 2016; Ruder, 2016).
Gradient descent optimization method takes into account first-order derivative

when performing updates of the parameters. The algorithm updates model
1
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parameters by the opposite direction of the gradient of the objective function and
goes until it finds a local minimum. There are three variants of gradient descent
algorithm that differ in using the amount of the data, batch gradient descent,
stochastic gradient descent, and mini-batch gradient descent (Ruder, 2016). Batch
gradient descent computes the gradients of the cost function and updates the
parameters for all of the dataset, while stochastic gradient descent computes the
gradients and updates parameters for each data instance of the dataset separately.
Each of these variants has several weaknesses and for this purpose mini-batch
gradient descent is proposed (Goodfellow et al., 2016).

In mini-batch gradient descent, gradient computation and parameter update
are performed after a batch of n data instances are traversed (Ruder, 2016). With
this strategy, fluctuations in stochastic gradient descent and slow and redundant
computations in batch gradient descent could be prevented. Standard mini-batch
gradient descent selects data instances for each mini-batch randomly from non-
selected data of the corpus. However, when the data instances are randomly
selected, the deep learning model and parameters are updated based on the data
instances that are in current mini-batch. Especially in speech recognition, there are
many factors that affect performance of deep learning models, such as accent,
gender, age, and speaker. The performance of the model could be increased by
selecting appropriate instances for each mini-batch based on these factors.

Deep learning has several deep architectures, such as Deep Neural Networks
(DNNs), Convolutional Neural Networks (CNNs), and Recurrent Neural Networks
(RNNs) which are widely utilized to be used in speech recognition systems (Yu
and Deng, 2016). DNNs and CNNs are feed-forward architectures that contain
multiple layers of transformations and nonlinearity with the output of each layer
that are feeding subsequent layer. RNNs is a recurrent architecture that has both
forward pass which transfers information to subsequent layers and recurrent pass

that processes past information and current input together.
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With the popularity and high performance of deep learning systems with
respect to other candidates, these systems are also being utilized in speech
recognition problems. Among the most popular deep learning architectures, Deep
Neural Networks (DNN), Convolutional Neural Networks(CNN), and especially
Recurrent Neural Networks(RNN) and Long Short Term Memory (LSTM) RNNs,
which is a special kind of RNN, are preferred for speech recognition. CNN is
mostly utilized for visual speech inputs, which is called as spectrograms, while
RNN and LSTM are utilized for time series feature inputs of speech signals.

In the literature, there are many studies present that use deep learning
architectures for speech recognition. In the studies that use DNN for speech
recognition, Dahl et al. (2011) proposed a context-dependent pre-trained DNN
approach for acoustic model of speech recognition and compared with Gaussian
Mixture Model (GMM) and DNN-HMM approach outperformed GMM-HMM
approach. Yu et al. (2013) proposed Kullback—Leibler divergence (KLD)
regularization adaptation technique for context-dependent DNN-HMM for better
speech recognition performance. Seltzer et al. (2013) investigated the performance
of DNN-based acoustic models and proposed three methods to improve accuracy
for noise robust speech recognition. Jaitly et al. (2012) proposed to use deep belief
networks (DBN) for pre-training DNNs for DNN-HMM hybrid speech recognition
systems and reported that proposed approach outperformed GMM-HMM baseline.
Dahl et al. (2013) investigated the behaviour of DNNs using rectified linear units
(ReLU) and dropout and reported that using ReLU and dropout improves
performance of speech recognition systems. Han et al. (2014) proposed to use
DNNs to extract high level features for speech emotion recognition. Lalitha et al.
(2019) proposed a DNN based perceptual speech feature extraction approach for
emotion recognition. Lei et al. (2014) proposed a framework for speaker
recognition using i-vector models and DNNs. Snyder et al. (2016) proposed an
end-to-end speaker verification system that consists of DNNs that take variable

length speech segments and maps into a speaker embedding, and they reported that
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proposed system outperformed i-vector based baseline in equal error-rate (EER) by
13%, average. Variani et al. (2014) investigated the use of DNNs for a small
footprint text-dependent speaker verification. Zen et al. (2013) proposed a speech
synthesis scheme that is based on DNNs and they reported that DNN based speech
synthesis system outperform HMM based baseline.

In the studies that use CNN for speech recognition, Sainath et al. (2013)
explored configurations of CNN, such as convolution layer count, optimal number
of hidden units, best pooling strategy, and best input feature type, for obtaining
better performance than DNN for large vocabulary continuous speech recognition.
Sercu et al. (2016) proposed a very deep CNN approach that consists of 14 weight
layers and applied multilingual speech recognition task on the generated deep
architectures. Abdel-Hamid et al. (2014) proposed a CNN based speech recognition
system to reduce error rate using limited-weight-sharing scheme to better model
speech features. Qian et al. (2016) proposed a very deep CNN model for noise
robust speech recognition and investigated best configurations for proposed deep
CNN model for noise robust speech recognition. Zhang et al. (2017) proposed an
end-to-end speech recognition system that is based on CNNs with Connectionist
Temporal Classification (CTC) approach without using a recurrent layer for
obtaining computationally efficient model and competitive results. Palaz et al.
(2015) investigated the use of CNNs to large vocabulary speech recognition which
takes raw speech signals as inputs and the proposed approach outperformed
classical DNN based speech recognition system. Mao et al. (2014) utilized CNN
for learning affect-salient features for speech emotion recognition using two-phase
learning. Badshah et al. (2017) used CNN for extracting discriminative features for
speech emotion recognition using spectrograms of input speech signals. Thomas et
al. (2014) utilized CNNs as acoustic models for speech activity detection (SAD) in
mismatched acoustic conditions using noisy radio communication channels data.
Swietojanski et al. (2014) used CNNs for large vocabulary distant speech

recognition using the data from single distant microphone and multiple distant
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microphones and CNN outperformed DNN and GMM in terms of Word Error Rate
(WER). Fu et al. (2016) proposed two signal-to-noise-ratio (SNR) aware
algorithms for modelling CNN for speech enhancement and the proposed model
outperformed DNN for denoising performance. Torfi et al. (2018) proposed a 3D
CNN model for adaptive feature learning for text independent speaker verification.

In the studies that use RNN/LSTM for speech recognition, Graves et al.
(2013) investigated the use of deep LSTM RNNs for speech recognition to achieve
state-of-the-art results and reported that their deep LSTM model achieved best
phoneme error rate. Graves et al. (2013b) investigated the use of deep bidirectional
LSTM architecture as an acoustic model to NN-HMM hybrid speech recognition
system and achieved equal performance with previous studies. Graves and Jaitly
(2014) proposed an end-to-end speech recognition system that do not require
phonetic representation using a combination of LSTM and CTC objective function.
Sak et al. (2015) proposed techniques that improve performance of LSTM RNNs
as acoustic models for LVSR and resulted that stacking frames and reducing frame
rate provides more accurate models and faster decoding. Li and Wu (2015)
proposed a deep LSTM to obtain performance improvement and applied on large
vocabulary telephone speech recognition task and resulted that deep LSTM
strategy provide better performance. Miao et al. (2015) proposed an end-to-end
speech recognition system that uses weighted finite-state transducers (WFSTs) and
bidirectional LSTM deep architecture. Sak et al. (2014) proposed a distributed
training for LSTM using stochastic gradient descent on a cluster of machines and
reported that their proposed system outperformed DNN. Lu et al. (2016) proposed
an efficient learning rate schedule method that improves the accuracy of large
vocabulary speech recognition. Mirsamadi et al. (2017) investigated using RNNs
for automatically extracting emotion-related features for speech emotion
recognition by using both short-time frame-level emotional features and temporal
aggregation of such features. Maas et al. (2012) investigated the use of deep

recurrent auto encoder neural network for noise reduction in automatic speech
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recognition. Weninger et al. (2015) proposed an LSTM RNN framework that are
trained by an optimal speech reconstruction objective for speech enhancement in
noise robust speech recognition. Weninger et al. (2014) investigated the use of
LSTM RNNs on training, network architecture and representation of features for
regression based single-channel speech separation. Hughes and Mierle (2013)
proposed a multi-layer RNN model for voice activity detection that outperforms
larger baseline GMM with a hand-tuned state machine (SM) system. Sun et al.
(2015) investigated the use of Deep Bidirectional LSTM RNN (DBLSTM RNN)
for voice conversion which is able to model temporal correlations between speech
frames. Zen and Sak (2015) proposed a unidirectional LSTM with recurrent output
layers for low-latency speech synthesis system.

Although one deep learning architecture is sufficient for gaining good
performance for speech recognition systems and applications, some studies
consider using a hybrid of two or more deep learning architectures to achieve better
performance. Trigeorgis et al. (2016) proposed a framework that combines CNNs
and LSTMs to automatically learn best feature representation from raw speech
signals for speech emotion recognition. Lim et al. (2016) investigated the use of
concatenated architecture from CNNs and RNNs for extracting better features than
hand-crafted features for speech emotion recognition. Zhao et al. (2018) proposed
an end-to-end CNNs and RNNs based model for catching local variations in both
time and frequency domains for speech enhancement. Hori et al. (2017) proposed
an end-to-end model using CNNs as encoder and LSTMs as language model for
speech recognition which reduced the error rate. Chan et al. (2015) utilized RNNs
and DNNs for increasing speech recognition performance on embedded devices by
building a large RNNs acoustic model and pass this model to DNNs for speech
recognition. Chen et al. (2018) proposed a 3D attention-based CRNN deep learning
architecture which takes MFCC with deltas and delta-deltas as input for speech
emotion recognition. Wu et al. (2016) proposed a deep model in which CNNs and

DNNSs extract visual cues and acoustic features, and BiLSTMs model higher level
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dependencies among features and visual information. Sainath et al. (2015)
combined CNNs, LSTMs, and DNNs into a unified deep learning system, which is
named as CLDNN, for taking advantage of each architecture and achieved better
performance than LSTM which is considered as strongest architecture of these
three alternatives in speech recognition. Wang et al. (2019) proposed CNN-
BLSTM-CTC deep learning hybrid model for Mandarin speech recognition. They
employed CNN for learning of local speech features, BLSTM for learning past and
future dependencies, and CTC for decoding purposes and claim that their proposed
method outperformed best existing model.

These literature studies show that there are many studies present which use
deep learning architectures for speech recognition. Especially RNN and LSTM are
highly preferred among the most popular deep learning architectures with the
powerful and successful modelling capability of sequential inputs. Also, hybrid
architectures which combine more than one deep learning architectures are getting
more attention in deep learning based speech recognition studies that have the
potential to improve performance of speech recognition systems.

In addition to the literature review of deep learning architectures for speech
recognition, several studies are performed to increase performance of mini-batch
gradient descent optimization algorithm. Zhang et al. (2017, 2018) proposed a
determinantal point processes and a repulsive point processes based sample
selection scheme for mini-batch stochastic gradient descent algorithm to obtain
presence of diverse points in a batch and get improved convergence speed instead
of randomly selecting samples. Loshchilov and Hutter (2015) proposed an online
batch selection strategy that takes into account loss values of each data instance
and the selection probability of these data instances for training is decreased with
respect to the loss values. Doetsch et al. (2017) proposed a batch construction
strategy that produces large variability of sequences and reduces irrelevant
computations at the same time. Peng et al. (2019) proposed typicality sampling

scheme for mini-batch gradient descend to select high representative samples
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instead of standard random selection. Park et al. (2018) proposed paired mini-batch
sample selection system for image forensics. Their proposed mini-batch system
takes images as pairs, in comparison with standard random strategy.

The studies in the literature have several limitations. First of all, the studies
do not take into account the variability of speech datasets and do not propose
solutions which collapse various speech recognition datasets. Second, many of
these studies focus on different areas and do not focus on speech recognition
problems. Third, these studies do not use meta information of speech datasets to

propose solutions to mini-batch sample selection.

1.1. Contribution of the Thesis

In this study, we propose strategies for selecting mini-batch samples for
speech recognition tasks to increase model performance of deep learning based
speech recognition. These strategies are constructed to better represent each meta
feature in the mini-batches. For this purpose, gender adjusted strategies, accent
adjusted strategies and hybrid strategies which combine gender and accent adjusted
strategies are proposed. In particular, homogeneous and heterogeneous strategies
are proposed for gender and accent information of the speech corpuses. In
homogeneous strategies, only one meta value, i.e. only female speaker or only
English accent, is used for one mini-batch. In heterogeneous strategies,
proportional meta values, i.e. half female and half male speakers, are used for one
mini-batch. The experiments showed that our proposed strategies for representing
each meta property in the mini-batch provide better performance in comparison

with randomly selected mini-batch samples.

1.2. Organization of the Thesis
The rest of this thesis is organized as follows. In Section 2, basic concepts of
automatic speech recognition are introduced, feature extraction, acoustic and

language models, and hypothesis search are explained. Deep learning, Recurrent
8
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Neural Networks, and Long-Short Term Memory RNNs are explained, and
gradient descent optimization algorithm and mini-batch gradient descent are
investigated.

In Section 3, proposed mini-batch sample selection strategies are presented.
First, standard mini-batch sample selection strategy is explained which selects
mini-batch samples randomly, and then gender and accent adjusted strategies are
proposed. Finally, gender-accent hybrid mini-batch sample selection strategies are
presented.

In Section 4, the dataset, utilized deep learning system, and experimental
results of proposed mini-batch sample selection strategies are presented. Gender,
accent and hybrid strategies are evaluated and the best strategy among the proposed
strategies is investigated. Also, the results of proposed mini-batch sample selection
strategies are compared with the literature studies and a discussion about the results
of proposed methods are presented.

In Section 5, conclusions of the thesis and possible future studies are

presented.
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2. BASIC CONCEPTS

In this section, first speech recognition problem and the steps of speech
recognition are presented. Then, deep learning and Recurrent Neural Networks
(RNN), and Long-Short Term Memory (LSTM) RNN are introduced. Finally,
gradient descent optimization algorithm and mini-batch gradient descent are

explained.

2.1. Speech Recognition

Speech recognition is the task of producing a text transcription of the audio
signal from a speaker (Yu and Deng, 2014). Speech recognition gained attention
recently, with the help of computation power of computing devices, presence of
more data, and increasing success rates of speech recognition systems. Speech
recognition has several possible applications, such as voice search, personal digital
assistance, smart home environments, and mobile communications.

Formally, speech recognition problem can be explained as given in Equation
(2.1) (Yu and Deng, 2014). Given a sequence of t vectors of acoustic information
X = x4...x; that we assume encodes a sequence of T words w = wy...wy. The
aim of speech recognition is to find the best transcription hypothesis w according to

some learned scoring function P(w, X) (Yu and Deng, 2014):

w = argmaxP(w, X) (2.1)
w

Because the Equation (2.1) is difficult to model directly, Bayes’ rule is used
to generate an equivalent equation which is more easily modelled, as shown in

Equation (2.2) (Yu and Deng, 2014).

w = argmax{P(X|w)P(w)} (2.2)

11



2. BASIC CONCEPTS Yesim DOKUZ

In Equation (2.2), P(X|w) is the acoustic model, and P(w) is the language
model (Yu and Deng, 2014).

A typical speech recognition system consists of four modules, namely, signal
processing and feature extraction, acoustic model, language model, and hypothesis
search (Yu and Deng, 2014). Signal processing and feature extraction module takes
audio signal as input and performs several processing steps, such as noise removal,
signal to feature domain conversion, and feature extraction from the audio signal.
The acoustic model takes features as input and phonetic knowledge and generates
an acoustic model score for the variable-length feature sequence. The language
model estimates the probability of a hypothesized word sequence by using the
correlation between words in a training corpus. The performance of language
model could be improved with providing domain knowledge to the model. The
hypothesis search component combines acoustic model and language model scores
and the hypothesized word sequence, and outputs the word sequence with the
highest score as the recognition result. Basic speech recognition flow is presented

in Figure 2.1 with respect to these four modules.

Speech Feature :> Acoustic
Signal Extraction Model

| |

Recognition
Decoder =
Result

v

Language
Model

Figure 2.1. Basic flowchart of speech recognition

Each modules of speech recognition are explained below in detail.

12
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2.1.1. Feature Extraction

In speech recognition, several feature extraction techniques are used for
extracting features from speech signals for recognition purposes. The main feature
extraction techniques are Linear Predictive Analysis (LPC), Perceptual Linear
Predictive (PLP), Relative Spectra Filtering of Log Domain Coefficients (RASTA)
and Mel-Frequency Cepstral Coefficients (MFCC) (Salomons and Havinga, 2015;
Benba et al., 2015; Narang and Gupta, 2015).

In this thesis study, MFCC is selected as a feature extraction technique due
to its robust and dynamic nature for speech feature extraction. MFCC are
coefficients of Mel-Frequency Cepstrum (MFC) which is a short-term power
spectrum of a sound, based on a linear cosine transform of a log power spectrum on
a nonlinear mel scale of frequency. Figure 2.2 presents the main steps of MFCC

feature extraction (Salomons and Havinga, 2015; Benba et al., 2015).

e —>| Pre-emphasis
Blocking e
Speech signal 25 ms
44100 Hz, 16 bits Frame duration l
Mel Filter FET Hamming
Bank Window
Me
\'L.l ek Spectrum
B (Magnitude squared)
spectrum

_ MFCCs
Logarithm —> DCT |——=| Liftering |—>

Figure 2.2. Block diagram of MFCC feature extraction

As can be seen in Figure 2.2, first of all, the speech signal is divided into

small subsets to obtain stationary signals from long non-stationary speech signals
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which is called as frame blocking. For this purpose, 10 ms to 30 ms frame sizes are
used to obtain stationary signal input. In frame blocking, the speech input is
divided into frames which have same length, i.e. 20 ms. A step size is used for
dividing input speech into frames which is smaller than frame size and a proportion
of the frames are desired to be overlapped to obtain more adequate and
representative features.

At the second step, pre-emphasis is performed on each frame to increase
energy of speech waveforms. In pre-emphasis, first order derivative is applied on
speech signal to reduce effect of distorting factors in speech signals. A coefficient
0<k<1 is used, which is generally between 0.9 and 1, to remove noises and to
amplitude speech signals.

At the third step, a windowing process is applied on the speech signal to
reduce the discontinuity of speech signals and combine starting and ending points
of the signal frames. Several windowing techniques are present for speech signals,
including rectangular windowing and Hamming windowing. Rectangular
windowing gives equal weight to all samples of the signal, while Hamming
windowing gives most weight to middle parts of the frames and reduces weights
sharply for starting and ending points.

At the fourth step, Fourier Transform (FT) is applied on windowed speech
signal to convert each frame of the signal from temporal domain to frequency
domain. Also, Fourier Transform provides magnitude of each frequency in the
speech signal. In general, Fast Fourier Transform (FFT) which is a fast
implementation of Discrete Fourier Transform (DFT) is preferred for speech signal
processing.

At the fifth step, filterbank analysis is performed. Because human hearing
perception is not in a linear form, different pitches are measured on the Mel-scale
for each frequency. Figure 2.3 presents a general form of a Mel-scale filterbank. As
can be seen in the figure, the Mel-scales are in triangular form and first Mel-

frequencies are linear while others increase logarithmically.
14
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B freq
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| m] [ m; | | m] Eachggand

Figure 2.3. Mel-scale filterbank

At the sixth step, Discrete Cosine Transform (DCT) is performed on log
filterbank amplitudes to obtain Mel-scale cepstral coefficients. An extra log
operation could be performed with DCT for extracting finer MFCC features and for
obtaining better performance. After DCT is applied, delta and delta-delta
operations could be performed for extraction of more MFCC features.

At the seventh step, liftering is performed to rescale the MFCC features to

have increased magnitudes using cepstral sine lifter parameter.

2.1.2. Acoustic Model

Acoustic model is one of the essential parts of speech recognition which is
used for matching input speech features with their corresponding phonetic
hypothesis words (Yu and Li, 2017; Aggarwal and Dave, 2011; Gavat and
Militaru, 2015). In acoustic modeling, sub-word units are preferred to better project
input speech features with the hypothesis words, which are called phonemes. To
produce a successful acoustic model, a comprehensive training procedure should
be performed with enough input data. The training procedure for acoustic model is
important because a speech recognition system could only model what it has
learned during training. In acoustic model training procedure, a common pattern is
generated from the patterns of speech sounds which have the same class label. The

generated common patterns of each phoneme are used for classification of
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unknown test speech sounds with a class label by computing a similarity between
common patterns with test pattern.

For acoustic models generation, two candidate approaches are present, i.e.
Dynamic Time Warping (DTW) (Permanasari et al., 2019), and Hidden Markov
Model (HMM) (Gales and Young, 2008). In DTW, the distance between training
acoustic information and test acoustic information are calculated and the best
match (smallest distance) between acoustic information of training and test units
are calculated. HMMs are treated as state-of-the-art acoustic models for speech
recognition for many years due to their success at modeling input features with

class labels.

Markov
Model

\

Acoustic .

siﬁféﬁzc /’bﬂ '):1 ba(y2) }bﬁ(y-*) P4(Y4)\"{4(Ys)

Y= [IYI I]Yz DY3 UY4 [IY::

Figure 2.4. HMM-based phone model

In a basic HMM acoustic model, each spoken unit is conveyed on each other
to generate an output sequence as presented in Figure 2.4. In the figure, a; are
transition probabilities, and b; are output observation distributions. An HMM
makes a transition from its current state to one of its connected states for each time
step. The probability of making a transition between states are given by transition

16
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probability a;;. The transition and output probabilities of HMM are trained by using
a large dataset and with forward-backward, or Baum-Welch algorithms. Also
Gaussian Mixture Model (GMM) is widely used for modeling state-output
distribution.

With the advances in deep learning technologies, new acoustic modeling
techniques are proposed which are based on deep learning methods. Several deep
architectures are proposed as acoustic models to reduce error rate of speech
recognition systems with respect to state-of-the-art GMM-HMM acoustic models.
The main deep learning architectures that are used as acoustic model generation are
Restricted Bolzmann Machine (RBM), Convolutional Neural Network (CNN),
Deep Autoencoder (DAE), and Deep Belief Network (DBN).

2.1.3. Language Model

In general, n-gram language models are used for speech recognition systems
(Deng and Yu, 2014; Zhu et al., 2016). In other words, to correctly predict
likelihood of nth word, previous n-1 words are used. In language model, the
probability of a word sequence W is calculated using the probabilities of each word

in a sequence which has m words as given in Equation (2.3).

P(W) = P(wy, Wy, Ws,..., Wy,) (2.3)

When the probability of each word are separated, Equation (2.3) is
transformed to Equation (2.4).

P(W) = P(w)P(Wy|w)P(W3|wiwy) .. P(Win [ Wi g1 - - Win—1) (2.4)

A common value of n is generally selected as 3 (n=3) which is also known as

tri-grams. In tri-gram, P (w3 |w;w,) is modeled with using words of Wy, Wy, and w;.
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Tri-gram language models are widely preferred because many words in sentences
are strongly associated with their previous one and two words. Another reason of
preference of tri-gram language models is that generating a language model with
three word sequences are reasonable in terms of search space and computational
infrastructures. Also, a moderate sized dataset could provide an efficient language
model for tri-grams.

With the advances of deep learning technologies, in line with the acoustic
model, deep learning based language models are proposed which provides better
performance in comparison with n-gram language models. First of all, deep
learning based language models do not treat words as exact sequences, but they
rather see them as a projection of words onto the nth word. This provides less
parameters which should be trained. But on the other hand, deep learning based
language models have a larger computational complexity with respect to n-gram
language models. For deep learning based language models, Recurrent Neural
Networks (RNN) is the uttermost preferred deep learning architecture which has

the dependency modeling capability among the sequential datasets.

2.1.4. Decoder

The decoding process in speech recognition is the final step which takes into
account acoustic model and language model and produces a recognition result of a
given input speech sound (Aubert, 2002; Watanabe et al., 2017). In this process,
Equation (2.1) is used for decoding an input speech. A typical decoder in a large
vocabulary speech recognition system should satisfy four main points, i) it should
generate hypothetical word sentences, ii) it should score the generated hypotheses
using knowledge sources, iii) it should discard redundant sequences, and iv) it
should go backwards to retrieve the best possible outcome.

Several state-of-the-art algorithms are used for decoding, i.e. Viterbi

decoding, Beam Search decoding, and Weighted Finite State Transducers (WFST)
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decoding algorithms. All of these algorithms are proposed to reduce computational
complexity of search space and to better provide a recognition result.

Recently, new decoding methods are proposed that are based on deep
learning techniques. Connectionist Temporal Classification (CTC) and Attention-
based methods are generally preferred for decoding deep learning-based speech

recognition systems.

2.2. Deep Learning

Deep learning is a sub-section of machine learning that uses a set of
algorithms that attempt to model high-level abstractions in data by using a deep
graph with multiple processing layers, composed of multiple linear and non-linear
transformations (Goodfellow et al., 2016; Deng et al., 2014). Deep learning
provides automatic selection and ranking of features in the datasets with efficient
algorithms. Deep learning architectures have tremendous success in many areas,
such as speech recognition, image processing, natural language processing, and
sequence prediction.

Figure 2.5 presents the relationship of deep learning with artificial
intelligence and machine learning. As can be seen in the figure, deep learning is
under machine learning category, which is a sub-field of artificial intelligence.
Artificial intelligence is the general term of the methods that provide intelligence to
the machines. Machine learning is the term of a set of algorithms and statistical
models which accomplishes the tasks in a sustainable manner without explicitly
introduced. In that sense, deep learning is one of the machine learning methods
which uses big datasets and employs neural networks to gain insights and to

perform many non-trivial tasks without being controlled.
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Figure 2.5. The relationship of deep learning with artificial intelligence and
machine learning

Most recent deep learning architectures consider the structure of state-of-the-
art artificial neural networks to perform deep learning tasks. The difference of deep
learning is at the learning algorithms and with the level-wise arrangement and
simplification of problems. At each level, the features become more abstract and
far from the original formation, but also eases the learning of the network. For
example, in Convolutional Neural Networks, each layer is responsible of one
elementary operation and evaluates the results of the layer.

Deep learning gained huge attention with the increase of the size of the
datasets and with the advancements of new data processing hardware. The most
important factor that deep learning achieves good performance is the amount of the
data to train the deep learning architectures. As the size of the data increases, the
accuracy of the deep architecture increases.

Deep learning has several deep architectures, such as Deep Neural Networks
(DNN), Convolutional Neural Networks (CNN), Deep Belief Networks (DBN),

and Recurrent Neural Networks (RNN) (LeCun et al., 2015). DNN and CNN are
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feed-forward architectures that contain multiple layers of transformations and
nonlinearity with the output of each layer that are feeding subsequent layer. RNN is
a recurrent architecture that has both forward pass which transfers information to
subsequent layers and recurrent pass that processes past information and current
input together.

Deep Neural Networks (DNN) are a type of Artificial Neural Networks
(ANN) with multiple layers between input and output layers (Dahl et al., 2011;
Dahl et al., 2013). The main aim of DNN is to find a proper mathematical
modelling for a given input to obtain the output. In exploration of mathematical
explanation, DNN considers both linear and non-linear relations of input and
hidden vectors to achieve the desired output. Figure 2.6 presents an example of a

DNN structure.

O

O
Input layer O » :
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Figure 2.6. Example of a DNN structure

DNN are powerful for modelling complex non-linear relationships of input-
output pairs. Because the DNN have multiple hidden layers and have many
neurons in the layers, the DNN have the ability to model and process multiple
features. DNN are strong alternatives to ANN, however have two main challenges.
First of all, the error is propagated to first layers and the effect of the error to other
layers is minor. Second, the learning process of DNN is slow due to complex and

high-order matrix multiplications.
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Convolutional Neural Networks (CNN) are a type of deep learning
architectures that is specialized to be mostly used in analyzing visual datasets
(Abdel-Hamid et al., 2014). In CNN, layers are utilized to perform one specific job,
i.e. convolution, or sub-sampling, and then the network is connected to a fully
connected deep architecture to produce an output. In each convolution and sub-
sampling layers, the higher level features are extracted from the input images and
the output becomes more accurate. A sample CNN architecture is presented in

Figure 2.7.

Input layer (S1) 4 feature maps

(Cl) 4 feature maps (52) 6 feature maps  (C2) 6 feature maps

0y %

l convolution layer | sub-sampling layer | convolution layer | sub-sampling layer | fully connected MLP

Figure 2.7. Example of a CNN structure

CNN are successful architectures in image analysis and processing, because
they have the ability to exploit spatial and temporal correlation in the datasets.
Convolution layer explores useful local features from the input data, and sub-
sampling layer gets the features and summarizes the results. With the help of these
steps, CNN have the ability to extract features automatically. However, CNN have
some challenges based on their operation and result extraction. First of all, the
process of CNN is black-box and the interpretation and explanation are hard.
Second, selecting appropriate hyper-parameter values are important for the
performance of CNN. Third, efficient training of CNN requires powerful
computational resources. Fourth, CNN perform poorer performance with noisy and
un-labelled datasets.

Deep Belief Networks (DBN) are a type of deep learning architectures that

are probabilistic generative graphical models composed of multiple layers of
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hidden units (Testolin et al., 2020; Ou et al., 2019). These hidden units take binary
values and are also called as feature detectors. The top two layers have undirected
connections while lower layers are directed in a top-down structure. The hidden
unit states at the lowest layer presents input data vector. Typically, DBN employs
Restricted Boltzmann Machines (RBM) for connecting layers with each other. The
main idea of DBN is to use unsupervised learning method to train each RBM layer
by layer and then fine-tune the network with supervised learning. Figure 2.8

presents the basic structure of DBN.
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Figure 2.8. Example of a DBN structure

DBN construct a strong correlation between layers. The learning from the
layers in a top-down approach is efficiently performed and generative weights
determine how the variables in one layer are connected with the variables in the
connected layer. Also, after the learning phase, a fine-tune phase is performed to
better model the connections between the layers. DBN are widely used as a pre-

training systems which determines the weights of deep architectures.
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Recurrent Neural Networks (RNN) is a type of deep learning architectures
which is capable of handling large sequential inputs (Graves et al., 2013). Main
idea behind RNN is to extract outputs of current time step based on current input
and previous inputs with weighted manner. This approach is beneficial for several
tasks which needs information about previous inputs, such as speech recognition,
natural language processing. The weights of input-to-hidden, hidden-to-hidden, and
hidden-to-output do not change along the network. A sample RNN architecture is

presented in Figure 2.9.

Outputs ’

Hidden
Layer

Inputs

Time 1 2 3 4 = 6 7

Figure 2.9. Example of a RNN structure

In this thesis study, we used LSTM that is a variant of RNN as a deep
learning system. We selected LSTM because of its popularity and success in
speech recognition domain over other candidate deep architectures. The details of

RNN and LSTM are provided in Section 2.2.1 and 2.2.2.

2.2.1. Recurrent Neural Networks (RNIN)
Recurrent neural networks (RNN) are a type of deep learning architectures
that are used to model and process sequential data (Graves et al., 2013, Graves et

al., 2013b). The RNN takes x = x4, x5, ..., x7 as input and computes hidden vector
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of h = hy,h,,...,hy and output vector of y =y,,y,,...,yr by using Equation
(2.5) and Equation (2.6) (Graves et al., 2013, Graves et al., 2013b).

he = H(Wypxe + Wpphe_q + bp) (2.5)

Ve = G(Whyht + by) (26)

where W is the weight matrices of input to hidden, hidden to hidden and
hidden to output vectors, b is the bias, H and G are the activation functions for
hidden layer and output, and t is the time step indicator of the parameters.

Figure 2.10 presents the basic structure of a general RNN and the structure
of RNN after it is unfolded over time. As can be seen in the figure, the weights of
inputs (Wyn), hidden vectors (Wp,) and outputs (W) are same for each time step t,
but the weights of inputs, hidden vectors and outputs could be different from each
other. In other words, all input weights are same for the whole network, but these
weights are different from weights of hidden vectors and outputs.

RNN has a good performance on time-dependent or sequential data because
of its dependency based modelling capacity. As shown in Equation (2.5) and
Equation (2.6), current hidden value is based on current input and previous hidden
value. Current output of RNN changes with the change of current input and
previous hidden values. This dependency provides RNN to efficiently process

sequential inputs and generate satisfying results.
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Figure 2.10. The basic structure and unfolding of RNN
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There are several variants of RNN which have difference in their network
structure. The most popular and known variants of RNN are Elman networks,
Jordan networks, Hopfield network, Bidirectional associative memory network,
Echo state network, Gated recurrent unit, and Long-Short-Term Memory (LSTM)
networks. All of these architectures are based on RNN, but have several differences
and additions with respect to classical RNN.

RNN is a good candidate for processing sequential data such as speech data,
however, has several limitations. First, it has vanishing and exploding gradient
problem. When there is a long sequence of deep model, the training errors in RNN
vanishes or explodes while updating the weights which causes inefficient learning
of the deep model. Second, because of vanishing and exploding gradient problem,
it cannot process and correlate longer sequences. To overcome these limitations

Long-Short-Term Memory (LSTM) networks are proposed (Graves et al., 2013b).

2.2.2. Long-Short-Term Memory (LSTM) RNN
LSTM networks are a variant of RNN that propose to use gates for better
modelling of input data sequences (Graves et al., 2013b). In a standard LSTM

network, there exists three layers, input, LSTM and output layers. Input layers
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carries information of each time step to LSTM layer. LSTM layer produces outputs
for every input instance and provides to the output layer.

Three gates are proposed in a custom LSTM network, namely input, forget,
and output gates. Input gate controls the proportion of the input. Forget gate
controls the proportion of the previous steps that will be allowed to the next step.
Output gate controls the proportion of the cell output that will be given as output.
The equations of the cell state, input, forget and output gates and output of the cell

are provided in Equation (2.7) to Equation (2.11) (Graves et al., 2013b).

i = o(Wyixe + Whihe—q + Weice—q + by) (2.7)
fr = o(Wypxy + Wypheoq + Wepceoq + by) (2.8)
¢ = ftCr1 + itanh(Wiexy + Wyche_q + be) (2.9
0¢ = 0(Wyoxt + Wiohe—1 + WeoCr + o) (2.10)
hs = ostanh(c;) (2.11)

In Equation (2.7) to Equation (2.11), ¢ is the sigmoid function, i, f, 0, and ¢
are input gate, forget gate, output gate, and cell state activation vectors, h is the
hidden vector, and W are the weight matrices. The schematic view of LSTM is
presented in Figure 2.11.

LSTM could handle long-term dependencies with the help of Equation (2.7)
to Equation (2.11) and could produce more reliable models with respect to RNN.
As can be seen in these equations, LSTM selects which proportion of the

information will be transferred to new cell state and which proportion of the input
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will be processed. Also, output activation mechanism provides proportional
extraction of output state.

LSTM have several hyper-parameters which should be selected based on the
application requirements. These parameters are number of layers, number of
hidden units, mini-batch size, optimizer, learning rate and number of iterations.
These parameters should be selected carefully based on application of LSTM on

different datasets.

I It

N A 4

Input Gate (4, Output Gate ( 0

Figure 2.11. LSTM network overview (Graves et al., 2013b)

2.2.2.1. LSTM Variants

There are many variants of LSTM, each of which differ from and propose
advancements to traditional LSTM at different aspects. The variants of LSTM
advance architecture or training of the deep networks to obtain better performance.
These proposed variants of LSTM provide extra performance for some focused
application areas or deep learning domain itself.

One variant of LSTM is to add weighted peephole connections to the gates
of the LSTM memory blocks (Gers et al., 2002). These peephole connections
provide the gates to investigate the current cell state and decide which proportion
of the information should be passed. With this modification, LSTM could learn the

distinctions between sequences of spikes.
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Other popular variant of LSTM is bidirectional LSTM which connects the
units both forward and backwards (Graves et al., 2013b). Bidirectional LSTM
(BILSTM) provides more flexible approach to train the network using the data of
both behind and ahead of the current time step.

Another variant is Gated Recurrent Unit (GRU) LSTM which combines
input and forget gates into an update gate (Cho et al., 2014). Also, cell state and
hidden output are combined into a hidden state layer. With these modifications
GRU became a simpler LSTM model and requires less input and computations.

Fourth variant is multiplicative LSTM (mLSTM) which combines LSTM
and multiplicative recurrent neural networks architecture (Krause et al., 2017).
mLSTM model has different recurrent transition functions for each input. This

variant is widely used in especially natural language processing applications.

2.3. Connectionist Temporal Classification (CTC)

Connectionist Temporal Classification (CTC) is an output layer for recurrent
neural networks which was introduced by Graves et al. (2006). CTC is proposed
for temporal classification tasks where the input and output do not overlap and the
alignment between the input and output is not known in advance, such as sequence
labelling, keyword spotting, handwriting recognition and speech recognition. CTC
is proposed to overcome the drawbacks of NN-HMM hybrid methods which
require a pre-segmentation on input data and post-processing to transform network
outputs into label sequences.

CTC provides two important benefits with respect to classical NN-HMM
hybrid speech recognition systems. First one is that, NN-HMM hybrid methods
require pre-segmented training data which should be performed and provided as
the input to neural networks. In other words, neural networks require the inputs as
segmented and labelled. Segmentation and labelling the time steps causes the
network to learn local classifications and global aspect is missed. Second, a post-

processing is required to transform the network outputs into the label sequences
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which is not a trivial task. CTC achieves to handle these problems with allowing
the network to make predictions at each time step of the input sequence. Also, CTC
prevents the post-processing step by providing probabilities of complete label
sequences. The difference between CTC and framewise label classification of

speech input signals is presented in Figure 2.12.
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Figure 2.12. Overview of CTC in comparison with standard framewise RNN
(Graves et al., 2006; Graves, 2012)

As can be seen in Figure 2.12, framewise RNN tries to both predict
probabilities of each phoneme, and align the sequences with respect to the manual
segmentation which is shown in vertical lines. Because of alignment forcing in
framewise RNN, it produces errors for misaligned segment boundaries. However,
CTC predicts only the sequence of phonemes without requiring to align the
predicted phonemes with the manual segmentation by using a series of spikes
separated by blank labels. The outputs of CTC could be observed by following the
spikes in the sequence, however, the outputs of framewise RNN should be post-
processed to decide what phoneme is predicted.

In speech recognition, CTC is applied on top of neural network layers to
perform alignment between output of the network and the target sequences and to
compute loss and error rates of the network models. CTC layer has a softmax

output layer which has one more label than the number of labels in the input labels
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list L. The activations of the first L labels are predicted by using the corresponding
labels at particular time steps, and the activation of the extra one label is the
probability of blank where none of the labels are predicted. The final sequence of
labels is used to define a distribution over all possible sequences of length up to the
input label sequence.

Formally, for a given input sequence X of length T, let us the outputs of the
network is y = Ny, (x) and yf. is the predicted label k at time t. Then, if we assume
that the output probabilities are conditionally independent based on X input

sequences, we can produce Equation (2.12) (Graves et al., 2006; Graves, 2012).
p(rlx) = Tli=y y,, V7 €L (2.12)

In Equation (2.12), the sequences of 7 are referred as paths that are produced
with the outputs of the network. After, the output paths and possible labellings of X
are used in a many-to-one function F to produce predicted labels. In this process,
first, the repetitions and blank labels are removed in the path. For example, if the
blank is symbolized as ‘-’ and for an output path “cc--aa-a-a---tt-t-t” is treated as
“cat”. Also other possible outputs are linked with “cat”, such as “ccc-a-a--a---t-t-t”
or “cc---a-aa-tt-ttt-t” (Graves et al., 2006; Graves, 2012).

The probabilities of labels | for given input sequence X is calculated by

summing the probabilities of all paths that are provided by F as given in Equation
(2.13) (Graves et al., 2006; Graves, 2012).

p(lx) = ¥r EF‘1(l)p(7T|x) (2.13)

The conditional probability of p(l|x) should be calculated in an efficient
way since it requires too many calculations and there are many combinations. CTC

uses dynamic programming algorithm like forward-backward algorithm. Figure
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2.13 presents an example of label sequence “cat” in terms of forward-backward
algorithm. The black nodes present blank outputs and white nodes present the
labels. As can be seen in the figure, forward variables are updated in the direction
of arrows and backward variables are updated in the opposite direction of the
arrows. The process is efficiently computed using recursive computations of

forward and backward variables.

1 2 3 T-2 T-1 T

Figure 2.13. CTC forward-backward algorithm example of “cat” (Graves et al.,
2006; Graves, 2012)

CTC based neural networks use CTC derived objective function to calculate
loss and train the networks based on the loss of the network outputs with respect to
the actual label sequences using gradient descent. CTC loss L(S) over a training set

S is presented in Equation (2.14) (Graves et al., 2006; Graves, 2012).
L(S) = —In[lxzespzlx) = = Xxz) esInp(zlx) (2.14)

Because the Equation (2.14) is differentiable, gradient descent algorithm
variants can be used to train CTC based neural networks using CTC loss as an
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objective function over training set and network weights. CTC loss is used for
calculation of training and test costs of the neural network with respect to the given
training and test datasets. The loss calculation of CTC is the multiplication of each
label sequences for each training sample and the addition of multiplication results
of all of the training samples in the dataset. By this way, CTC learns which paths
are closer to the target text and which paths are far from the required target text.

In CTC-based speech recognition systems, generally Label Error Rate (LER)
is used to measure the efficiency of the constructed model. LER calculates edit
distance between recognized text and the target text and produces a similarity
score. If LER is smaller, then the network learns to recognize input speech signals
better. The formulation of LER is provided in Equation (2.15) (Graves et al., 2006;
Graves, 2012).

LER(R,S) = 3 (x.z es EditDist(h(x), z) (2.15)

In Equation (2.15), h is the classifier, S is the test samples, X is input
features, and z is the target text with respect to X.

After the network is trained, any unknown input sequence X can be labelled
using the most probable label sequence I*, which is generally known as decoding.
For decoding purposes, two popular methods are present in CTC, i.e. best path
decoding and prefix search decoding (Graves et al., 2006; Graves, 2012). Also, in
decoding step, language model could be adapted to improve performance of end-

to-end speech recognition.

2.4. Gradient Descent Optimization
Gradient descent optimization is one of the most popular approach for
training and optimizing deep learning models. It is based on backpropagation

algorithm that propagates network output errors backward and updates parameters.
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Gradient descent algorithm uses first-order derivative and is more successful than
higher-order derivative based algorithms for training deep learning models.
Gradient descent algorithm aims to minimize objective function which is generated
by network weights by updating the network’s weights in the opposite direction of
gradient of the objective function until the desired learning rate is achieved.

Several optimization algorithms are present in gradient descent optimization
method, such as Momentum, Nesterov Accelerated Gradient (NAG), Adagrad,
Adaptive Moment Estimation (Adam), Adadelta, and RMSProp. These algorithms
differ on the calculation of gradient and selection of the next point. Each algorithm
is successful at some specific problems. However, Adam optimizer is generally
seen as the best optimizer among the gradient descent based optimization
algorithms (Ruder, 2016).

There are three main key points of gradient descent to be carefully taken into
account. First of all, learning rate is an important parameter that should be selected
carefully and based on the dataset characteristics. Secondly, local minimum points
should be carefully evaluated. Thirdly, same learning rate might not yield good
performance and adaptive learning rates based on gradient of the data could be
used.

Gradient descent optimization has three variants, batch gradient descent,
stochastic gradient descent, and mini-batch gradient descent (Goodfellow et al.,
2016; Ruder, 2016). Batch gradient descent calculates the gradient and performs
weight updates after it traverses on all of the data points in the dataset. Stochastic
gradient descent calculates the gradient and updates the weights after each data
point in the dataset. Both of these methods have strong and weak aspects and to
handle their weaknesses, mini-batch gradient descent is proposed. In mini-batch
gradient descent, the calculation of the gradients and the updates of the weights are
performed after a number of data instances are traversed. In other words, each of
the gradient descent variants use same formulation, however differ in the usage of

the amount of the data before performing an update on the parameters.
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Batch gradient descent, in other words vanilla gradient descent, algorithm

performs updates based on Equation (2.16) (Bottou, 2010; Ruder, 2016).

1

TotalNo.ofDat
e TotalNo.ofDataZ ojeNoorbata VwQ(zi, wy) (2.16)

Wip1 = Wy i=1

In Equation (2.16), w, is model weights, n is the learning rate of the
algorithm, V,, is the gradient, and Q is the loss function.

As can be seen in Equation (2.16), to calculate gradients and update model
parameters, batch gradient descent needs to loop over entire dataset. Batch gradient
descent provides stable convergence to the neural networks, however, the
convergence rate and the speed of batch gradient descent is slow. For this reason,
batch gradient descent is slow and impractical for datasets that do not fit into
memory. Furthermore, it does not allow to update model parameters online using

new examples.

2.4.1. Mini-Batch Gradient Descent

Mini-batch gradient descent is a combination of batch gradient descent and
stochastic gradient descent. Mini-batch gradient descent performs an update to the
model parameters after every mini-batch of n training samples are traversed. Mini-
batch gradient descent is proposed to overcome weakness of each approach on
updating the weights and calculation of gradients. The formula of mini-batch

gradient descent algorithm is given in Equation (2.17) (Bottou, 2010; Ruder, 2016).
1
W1 = We = e i=1 VwQ(zy wy) (2.17)

As can be seen in Equation (2.17), mini-batch gradient descent calculates
gradients and updates weights when n data instances are traversed (Goodfellow et
al., 2016; Bottou, 2010). By this strategy, mini-batch gradient descent reduces
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variance in the model parameter update and provides more stable convergence than
stochastic gradient descent and is much more efficient on computation of gradients
than batch gradient descent.

Mini-batch gradient descent optimization provides more efficient and stable
convergence to the networks, however it has a main problem. One of the main
problems in mini-batch gradient descent is that it selects mini-batch samples
randomly from the data instances. This could have the potential to provide some of
the data instances more important that their actual importance by selecting these
instances in the same mini-batch. Especially in speech recognition, there are
several factors that affect speech recognition performance, such as accent, gender,
and age. When the data instances are selected randomly, these features, especially
accent feature, could not be selected properly based on their actual presence and
this could result in wrongly training of the speech recognition system. If data
instances of mini-batches could be selected with respect to the presence of these
features and when proper mini-batches could be generated, the performances of
deep learning based speech recognition could be improved and better speech

recognition models could be constructed based on input dataset.

2.5. Speech Recognition using Deep Learning

With the emerging popularity and success of deep learning architectures on
non-trivial tasks, it is also considered to be used in speech recognition which is a
difficult problem for machines. Earlier studies related to speech recognition with
deep learning focus on using deep learning architectures as a supportive part of
different speech recognition systems to increase recognition performance. First of
all, GMM-HMM state-of-the-art speech recognition systems evolved to DNN-
HMM speech recognition systems because DNN performed better than GMM in
terms of frame classification with the help of big speech datasets and efficient

training algorithms. Several deep architectures are also used with DNN-HMM
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speech recognition systems to further increase performance, such as Context
Dependent DNN (CD-DNN) and Deep Belief Network trained DNN.

The advances in deep learning architectures and higher performance ability
of these networks led speech recognition systems to use new deep architectures for
speech recognition tasks, especially CNN and RNN. CNN is used in speech
recognition for feature extraction and taking spectral powers as image inputs to
speech recognition systems which is called spectrograms and to extract features
implicitly within the deep learning system to improve feature relations and to
monitor unknown associations of the features. RNN is used in speech recognition
due to its high success rate on sequential data processing ability. RNN could
extract relations between time steps of input features and could model long-term
dependencies better than any other deep learning architectures.

With these powerful architectures, deep learning based speech recognition
studies transformed to end-to-end deep learning systems for speech recognition to
benefit the power of deep learning systems and to efficiently process huge speech
datasets. In end-to-end deep learning based speech recognition systems, each step
of speech recognition is performed by one or more deep learning architectures. For
end-to-end speech recognition task, CNN and RNN are seen more successful deep
architectures with respect to other candidates. Especially RNN outperformed other
deep learning systems in terms of end-to-end speech recognition. RNN and its
more powerful variant LSTM are highly popular on utilization of speech
recognition tasks.

Figure 2.14 presents the utilized end-to-end speech recognition system of
this thesis study. As can be seen in the figure, all recognition processes are
performed using deep learning systems and operations. First of all, the speech
signal is taken as input and the MFCC features are extracted from the raw speech
signal. Second, the MFCC features are taken into an LSTM network which is
composed of 5-layers and 600 units. LSTM network extracts label predictions for

each time step of the input MFCC features. CTC layer takes the predictions of each
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time step and converts these predictions to the output of the speech recognition
system. In CTC layer, both loss of the neural network is calculated and decoding is
performed which performs alignments of temporal predictions into actual
predictions. CTC loss is used for calculating the gradients. Decoding is used for
aligning and reducing the count of the neural network outputs with respect to the

target text.
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Figure 2.14. Utilized LSTM-CTC speech recognition method of this thesis
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3. MINI-BATCH SAMPLE SELECTION STRATEGIES

In this section, we present mini-batch sample selection strategies of deep
learning systems for speech recognition applications which are used in this thesis.
First, standard random mini-batch sample selection strategy is presented, and then
proposed gender and accent adjusted strategies are presented. Finally, hybrid mini-
batch sample selection strategies which combine proposed gender and accent
adjusted strategies are presented.

Two types of strategies are proposed for gender and accent adjusted
strategies, namely homogeneous and heterogeneous sample selection strategies. In
homogeneous sample selection strategies, only one gender or one accent is present
in one mini-batch. In heterogeneous sample selection strategies, equal number of
gender or equal ratio of accents are present in one mini-batch. In other words,
homogeneous strategies contain only one type of meta parameter, contrarily,
heterogeneous strategies contain all of the meta parameters in one mini-batch. In
hybrid strategies, proposed homogeneous gender, heterogeneous gender,
homogeneous accent, and heterogeneous accent strategies are combined with each
other and homogeneous gender — homogeneous accent, homogeneous gender —
heterogeneous accent, heterogeneous gender — homogeneous accent, heterogeneous
gender — heterogeneous accent strategies are proposed.

Figure 3.1 presents the overview of proposed method. First of all, the corpus
is read and the speech features are extracted from the corpus. Then, the dataset is
divided into training and testing sets. The training set is further split into mini-
batches based on the strategies proposed in this study. As shown in the figure, two
types of strategies are used, i.e. unified strategies and hybrid strategies. In unified
strategies, gender and accent adjusted strategies are present. For each strategy,
homogeneous and heterogeneous sample selection strategies are proposed. In
hybrid strategies, proposed hybrid strategies are present which are developed using

gender and accent adjusted strategies. After, the mini-batches are given to deep
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learning based speech recognition model which uses LSTM architecture and
speech recognition model is generated using these mini-batches. Then, test data is
applied on the model. Finally, the results are extracted for identification of the

proposed strategies.

VCTK Corpus
Feature Extraction
Train/Test Splitting
Training Data TestData
Mini-Batch Sample LSTM Speech
Selection Recogmition Model
/ \ Spoech Recommiion
Results
Unified Strategies Hybrid Strategies v N
/' '\ LER Cost

Gender Accent
=, | e mr———
Heterogeneous
I e —v—

—| Heterogeneous Gender — Homogeneous Accent |

—{ Heterogeneous Gender — Heterogensous Accent l

Figure 3.1. Overview of proposed method
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3.1. Standard Mini-Batch Sample Selection Strategy

Standard mini-batch sample selection strategy is the most straightforward
way of selecting mini-batch samples from the training dataset. In standard mini-
batch sample selection, the speech dataset is shuffled and the mini-batch samples
are selected randomly from the shuffled speech dataset. There is no intelligent
sample selection strategy used for mini-batches to increase performance of speech
recognition system by selecting appropriate samples. The usage of standard mini-
batch sample selection is because of its easy and fast implementation to the deep
learning systems. The pseudo code for standard mini-batch sample selection

strategy is given in Algorithm 1.

Algorithm 1. Standard strategy

initialization: Minibatch_samples = null
all files = read-dataset-files(Dataset)
shuffle(all files)

batch_count = num_examples / batch_size

1

2

3

4

5. foriin batch count
6 batch_samples = null

7 batch_samples.add(all_files [0:batch_size])
8 all_files.remove[0:batch_size]

9 Minibatch_samples.add(batch _samples)

10. end for

11. return Minibatch samples

In Algorithm 1, in step 1, Minibatch_samples array is initialized to fill with
standard strategy. In step 2, all of the files in the dataset are read into all_files
array. In step 3, all_files array is shuffled to get samples randomly from the dataset.

In step 4, batch count is calculated using number of examples and batch size
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variables to identify the number of mini-batch samples. In steps between 5 and 10,
mini-batch samples are selected as standard random sample selection approach. In
step 6, batch_samples array is initialized for filling the samples in a mini-batch. In
step 7, batch samples are sequentially selected from the randomized all_files array
and added to batch_samples array. The sequential selection of mini-batch samples
would not be a problem because all_files array is shuffled. In step 8, selected files
are removed from all_files array to prevent re-selection of same file as a mini-batch
sample. In step 9, batch_samples array is added to global Minibatch_samples array.
In step 11, Minibatch_samples array is returned as the output of standard mini-

batch sample selection algorithm.

Mini-batch Samples

|  Random |
|  Random |
Rand
The Speech | __Random |
Corpus |  Random |
|  Random |

Figure 3.2. Standard mini-batch sample selection strategy

Figure 3.2 illustrates the standard mini-batch sample selection strategy. As
can be seen in the figure, standard mini-batch sample selection strategy has no
clever selection method. Firstly, it reads the speech corpus and shuffles the
instances in the corpus. Then, it randomly selects samples for each mini-batch and
fills the batches. Standard mini-batch sample selection strategy is simple and easy
to implement. However, due to its random selection of mini-batch samples, it could

produce unbalanced mini-batches in terms of selected samples. Especially for the
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corpuses that have various accents and different speaker profiles, using standard
mini-batch sample selection strategy would not yield good speech recognition
performance and reduce accuracy of speech recognition systems. For these
applications, instead of standard mini-batch sample selection, advanced sample

selection algorithms should be preferred and employed.

3.2. Gender Adjusted Strategies

Gender adjusted mini-batch sample selection strategies use gender
information of speech datasets to select mini-batch samples. Gender is an important
factor to achieve good speech recognition performance. Thus, in this thesis study,
gender adjusted strategies are proposed to investigate the effect of gender on deep
learning based speech recognition performance.

In gender adjusted mini-batch sample selection, the speech dataset is divided
into two separate categories, namely, female speakers and male speakers, and the
utterances of the speakers are categorized based on their gender. Then, the mini-
batch samples are selected from these categories with respect to the selected
strategy. Two strategies are proposed which use these two categories, i.e.
homogeneous and heterogeneous gender strategies.

In homogeneous gender strategy, a mini-batch is filled with speakers of only
one gender, i.e. female or male speakers. Sequential mini-batches are constructed
with different gender. Contrarily, in heterogeneous gender strategy, each mini-
batch is filled with equal size of utterances of female and male speakers.
Furthermore, the samples for each mini-batch are selected randomly and after the
mini-batch samples are selected, the mini-batch is re-shuffled to prevent wrong
learning of the model based on gender ordering.

The difference in the strategies could reveal the performances of deep
learning based speech recognition with respect to gender information presence in

mini-batches and would reveal gender related performance comparison of the
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strategies. Algorithms 2 and 3 presents homogeneous and heterogeneous gender

adjusted mini-batch sample selection strategies.

Algorithm 2. Homogeneous gender strategy

1. initialization: Minibatch_samples = null

2. [female speakers, male speakers] = get-dataset-info(Dataset_Meta)

W

[female filenames,male_filenames]=get-files(female speakers,
male_speakers,Dataset)

4. shuffle(female_ filenames)
5. shuffle(male_filenames)
6. batch_count =num_examples / batch_size
7. foriin batch count
8 batch_samples = null
9 if i%2 ==

10. batch_samples.add(female_filenames[0:batch_size])
11. female filenames.remove[0:batch_size]

12.  else

13. batch_samples.add(male_filenames[0:batch_size])
14. male_filenames.remove[0:batch_size]

15. endif

16. Minibatch samples.add(batch samples)

17. end for

18. return Minibatch samples

Algorithm 2 presents homogeneous gender mini-batch sample selection
strategy. In Algorithm 2, in step 1, Minibatch_samples array is initialized to fill
with homogeneous gender strategy. In step 2, the dataset meta information is read

with get-dataset-info function and female and male speakers taken into separate
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arrays. In step 3, the file names of female and male speakers are read from the
dataset using female and male speaker information and stored into the arrays of
female_filenames and male_filenames, respectively. In steps 4 and 5, the female
and male file names are shuffled to get files randomly from each category. In step
6, batch count is calculated using num_examples and batch_size parameters. In
steps between 7 and 17, mini-batch samples are selected according to the gender of
the speakers. In step 8, batch_samples array is initialized for filling the samples in
a mini-batch. In step 9, the consecutive batches are controlled to be in the order of
female and male speakers using the mode operation. Female speakers are identified
as 0 and male speakers are identified as 1 from the mode 2 operation. If female
speaker will be used in current batch, steps 10-11 are executed. In step 10, the
samples are selected from female_filenames array for the amount of batch_size. In
step 11, to prevent selection of same file name twice, the selected file names are
removed from female_filenames array. A similar process is executed for the male
speakers in steps 13-14. male_filenames array is used in these steps to get files of
male speakers instead of female_filenames array of steps 10-11. In step 16, the
batch_samples array is added to the array of Minibatch_samples. Finally, in step
18, Minibatch_samples array is returned as the output of homogeneous gender
mini-batch sample selection algorithm.

Figure 3.3 presents homogeneous gender mini-batch sample selection
strategy. As can be seen in the figure, first of all, the speech corpus is read from the
memory. Then the speakers are divided into two groups, i.e. female speakers and
male speakers. The mini-batch samples are selected based on their gender which
are divided and categorized. For the first mini-batch, random files are selected from
only one gender class as the count of batch_size. In this study, first mini-batch is
filled with files of female speakers. For the second mini-batch, random files are
selected from other gender class as the count of batch_size. In this study, second
mini-batch is filled with files of male speakers. Successive mini-batches are filled

with different genders. The files are randomly selected form female and male
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speakers lists to reduce sequence and speaker dependency of deep learning systems
training using mini-batches. Finally, the selected mini-batch samples are fed into

deep learning system to generate a speech recognition model.

Speakers Mini-batch Samples
Female
Speakers
-
The Speech S
comus |/
Male
Speakers

Figure 3.3. Homogeneous gender mini-batch sample selection strategy

With using homogeneous gender mini-batch sample selection strategy, the
aim is to train deep learning based speech recognition system with the features of
one gender in one mini-batch. In other words, the deep learning based speech
recognition system would be trained with the files of only one gender before
updating the weights. By this approach, the effect of unified gender on training of
deep learning based speech recognition systems at mini-batches are evaluated by
this strategy.

Algorithm 3 presents heterogeneous gender mini-batch sample selection
strategy. Algorithm 3 is similar to Algorithm 2 in context of preparation of files.
First of all, the speakers are divided into two categories, i.e. female and male
speakers. Then, the files of each gender are extracted and stored in two arrays, i.e.
female_filenames and male_filenames. The filenames are shuffled to select
randomized speaker files from the categories. The difference of Algorithm 3 with
Algorithm 2 is the loop of batch sample selection approach which is the steps
between 7 and 15. In steps between 7 and 15, mini-batch samples are selected in

heterogeneous manner using gender information. In step 8, batch_samples array is
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initialized for filling the samples in a mini-batch. In steps 9 and 10, equal size of
female and male speaker file names are added to batch_samples array that are half
of the batch_size parameter to provide equal presence of each gender in one mini-
batch. The selected and added files are removed from female_filenames and
male_filenames arrays to prevent re-selection of the same file and wrongly biased
mini-batch samples. In step 14, the generated batch_samples array is added to
Minibatch_samples array. Finally, in step 16, Minibatch_samples array is returned

as the output of heterogeneous gender mini-batch sample selection algorithm.

Algorithm 3. Heterogeneous gender strategy

1. initialization: Minibatch_samples = null

2. [female speakers, male speakers] = get-dataset-info(Dataset_Meta)

W

[female filenames,male filenames]=get-files(female speakers,
male_speakers,Dataset)
shuffle(female_filenames)

shuffle(male_filenames)

4
5
6. batch_count =num_examples / batch_size
7. foriin batch count

8 batch_samples = null

9 batch_samples.add(female_filenames[0:batch_size/2])
10. batch samples.add(male filenames[0:batch_size/2])
11. female filenames.remove[0:batch_size/2]

12. male filenames.remove[0:batch_size/2]

13. shuffle(batch samples)

14.  Minibatch _samples.add(batch samples)

15. end for

16. return Minibatch _samples
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Figure 3.4. Heterogeneous gender mini-batch sample selection strategy

Figure 3.4 presents heterogeneous gender mini-batch sample selection
strategy. As can be seen in the figure, heterogeneous gender mini-batch sample
selection strategy has similar preparation procedures with homogeneous gender
strategy on reading the speech corpus and dividing and categorizing the speakers
based on their gender. However, the main difference is that, in heterogeneous
gender strategy, one mini-batch is filled with equal size of different genders. Half
of the mini-batches are filled with using files of female speakers and the other half
of the mini-batches are filled with using files of male speakers. Then, the selected
files are further shuffled and a mix of female and male speaker files are extracted
for each mini-batch. The files are randomly selected from female and male
speakers file lists to reduce sequence and speaker dependency of deep learning
systems in mini-batches.

With using heterogeneous gender mini-batch sample selection strategy, the
aim is to train deep learning system with the features of both genders in one mini-
batch. In other words, deep learning based speech recognition system would see the
features of both female and male speakers and build a model based on mixed
features of both genders. By mixing the genders in mini-batches, the effect of using
both genders on training of deep learning based speech recognition systems at

mini-batches could be evaluated.
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3.3. Accent Adjusted Strategies

Accent adjusted mini-batch sample selection strategies use accent
information of speech datasets to select and gather mini-batch samples. Accent is
an essential information on speech recognition systems which would impact the
performance of the systems. Thus, in this thesis, accent adjusted mini-batch sample
selection strategies are proposed to select mini-batch samples based on accent
information and to possibly increase deep learning based speech recognition
performance.

In accent adjusted sample selection, the speech dataset is divided into the
categories of accents of speakers and the speaker utterances are categorized based
on their accents. Similar to gender adjusted strategies, two strategies are proposed
in accent adjusted strategies using accent categories, i.e. homogeneous and
heterogeneous accent strategies.

In homogeneous accent strategy, the mini-batches are filled with only one
accent. Each accent has their proportional presence in training dataset in
compatible proportion with the original dataset. For example, if English accent is
30% of the original dataset, then 30% of all mini-batches are filled with only
English accent. Contrarily, in heterogeneous accent strategy, each mini-batch is
filled with all accents that are present in the original dataset in compatible
proportion with the original dataset, similar to homogeneous accent strategy. The
samples of each mini-batch are selected randomly, and also the mini-batches are
re-shuffled to prevent sequential ordering of speakers and wrongly learning of deep
learning systems based on sequence of the input files would be prevented.

With using accent adjusted strategies, the aim is to obtain uniformly
distributed accents on all mini-batches and to generate mini-batches that have only
one accent or with the presence ratio of the accents. Algorithms 4 and 5 presents
homogeneous and heterogeneous gender adjusted mini-batch sample selection

strategies.

49



3. MINI-BATCH SAMPLE SELECTION STRATEGIES Yesim DOKUZ

Algorithm 4. Homogeneous accent strategy

1. initialization: Minibatch_samples = null
all accents = get-dataset-info(Dataset_Meta)
all accents filenames = get-accent-files(all accent, Dataset)

shuffle(all _accents_filenames)

vk WD

all accents batch counts=count-

batches(all accents,all_accents_filenames)

for accent batch count in all accents_batch counts
for j in accent_batch count

batch_samples = null

NOJRCF ~ O

batch_samples.add(all_accents_filenames][j, 0:(batch_size)])
10. all accents filenames.remove[j, 0:(batch_size)]

11. Minibatch samples.add(batch _samples)

12. end for

13. end for

14. return Minibatch _samples

Algorithm 4 presents homogeneous accent mini-batch sample selection
strategy. In Algorithm 4, in step 1, Minibatch_samples array is initialized to fill
with homogeneous accent strategy. In step 2, all accents in the dataset are read with
get-dataset-info function. In step 3 the files of each accent are read using all-
accents list. In step 5, batch count of each accent is calculated using count-batches-
for-all-accents function. In this step, the presence ratio of accents in the original
dataset is calculated and the number of batches for each accent is determined. In
steps between 6 and 13, mini-batch samples are prepared using homogeneous
accent strategy. In steps between 7 and 12, each accent is handled and batch
samples for the accent are selected. In step 8, batch_samples array is initialized for

filling the samples in a mini-batch. In step 9, batch_samples array is filled with file
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names of selected accent. In step 10, selected file names are removed to prevent re-
selection of the same file. In step 11, batch_samples array is added to the array of
Minibatch_samples. The steps between 6 and 13 are processed for each accent with
the number of accent_batch_count to correctly represent each accent. Finally, in
step 14, Minibatch_samples array is returned as the output of homogeneous accent

mini-batch sample selection algorithm.

Speakers Mini-batch Samples

Accent ]
The Speech Accent 2

Corpus m
Accent t

Accent n
Accent n

Figure 3.5. Homogeneous accent mini-batch sample selection strategy

Figure 3.5 presents homogeneous accent mini-batch sample selection
strategy. As can be seen in the figure, first of all, the speech corpus is read from the
memory. Then, the files of the speakers are separated based on their accents and
each accent files are categorized. Finally, each mini-batch samples are selected
from only one accent. Successive mini-batches are filled with the same accent until
the accent presence ratio is finished. Each accent has its own accent presence ratio
to fill a mini-batch. As the number of mini-batches are filled for the count of
presence ratio, new accent is handled and the mini-batches are filled with the new
accent. The process continues until all accents are used and all mini-batches are
filled with only one accent. The mini-batch samples are selected randomly from

accent files to prevent sequence and speaker dependency of deep learning systems.
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The aim of homogeneous accent mini-batch sample selection strategy is to
evaluate the performance of deep learning based speech recognition systems for
one accent in one mini-batch and in a sequential order. With homogeneous accent
strategy, the effect of unified accent on training of deep learning based speech
recognition systems could be explored and studied whether it is a suitable method
for mini-batch sample selection to improve the performance of speech recognition
systems.

Algorithm 5 presents heterogeneous accent mini-batch sample selection
strategy. Algorithm 5 is similar to Algorithm 4 in context of preparation of files
and categorization of the accents. All accents are read from the dataset and file
names of each accent is stored in all_accents_filenames matrix using all_accents
array. In step 5, batch count is calculated using num_examples and batch_size
parameters. The difference between Algorithm 5 and Algorithm 4 is at the
selection of mini-batch samples at steps between 6 and 15. In step 7,
batch_samples array is initialized for filling the samples in a mini-batch. Steps
between 8 and 12 are used to select proportional accents for the mini-batches. In
step 9, accent sample counts are calculated for each accent. In step 10, by using
accent_sample_count variable, mini-batch samples are selected from the accent
categories and added into batch_samples array. In step 11, selected and added files
are removed from all_accents_filenames array to prevent re-selection of the same
file. In step 13, batch_samples array is re-shuffled. In step 14, batch_samples array
is added to the array of Minibatch_samples. Finally, in step 16, Minibatch_samples
array is returned as the output of heterogeneous accent mini-batch sample selection

algorithm.
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Algorithm 5. Heterogeneous accent strategy

1. (initialization: Minibatch_samples = null

2. all accents = get-dataset-info(Dataset_Meta)

3. all accents filenames = get-accent-files(all accent, Dataset)

4. shuffle(all accents filenames)

5. batch count =num_examples / batch_size

6. foriin batch _count

7.  batch_samples = null

8.  for accent in all _accents

9. accent_sample count=calculate-accent-sample-count(accent,
all accents_filenames)

10. batch samples.add(all accents filenames[accent, 0:accent sample-
_count])

11. all accents_filenames.remove[accent, 0:accent sample count]

12. end for

13. shuffle(batch_samples)

14.  Minibatch _samples.add(batch samples)

15. end for

16. return Minibatch _samples

Speakers Mini-batch Samples

IAccl | Acc2 | |Accr.r |
|Acc1 |Acc2 | |Accn |

Accent 1

The Speech Accent 2 | Accl | Acc2 I | Accn
Corpus [Accl [Acc2| ... [Acen
[Accl [Acc2] ... [Acen

Accent n [Accl [Ace2 | .. [Acen]

Figure 3.6. Heterogeneous accent mini-batch sample selection strategy
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Figure 3.6 presents heterogeneous accent mini-batch sample selection
strategy. As can be seen in the figure, reading the corpus into the memory and
extraction and separation of different accents from the corpus are similar with
homogeneous accent strategy. The difference of heterogeneous accent strategy is
the selection of mini-batch samples from the separated accents lists. In
heterogeneous accent mini-batch sample selection strategy, each mini-batch is
filled with all accents that are present in the speech corpus with their presence
ratio. When selecting files from each accent list, random selection is performed to
prevent sequential selection and speaker dependent file selection. All accents are
represented in one mini-batch. Finally, the selected files in mini-batches are further
shuffled to mix sequence of each accent in each mini-batch to prevent wrong
dependency modelling. The aim of heterogeneous accent strategy is to represent
each accent in one mini-batch and to investigate the performance of deep learning
based speech recognition on presence of all accents in one mini-batch.

With using heterogeneous accent mini-batch sample selection strategy, each
mini-batch has all accents and the deep learning systems are trained with presence
of all accents. The performance of deep learning based speech recognition systems
could be evaluated when all accents are present at one mini-batch by using

heterogeneous accent mini-batch sample selection strategy.

3.4. Hybrid Strategies

In this thesis study, hybrid strategies are also proposed which are generated
by combined usage of gender and accent adjusted mini-batch sample selection
strategies. The aim of hybrid mini-batch sample selection strategies is to
investigate whether combining proposed gender and accent adjusted strategies
would further improve accuracy and performance of deep learning based speech
recognition.

The mini-batch sample selection approach in proposed hybrid strategies

provide mixed and equally involved meta features. This could increase the
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performance of deep learning based speech recognition in context of mini-batch
samples which selects the samples and updates the weights based on these samples.
Hybrid approaches use the main idea of gender and accent adjusted strategies and
combines these ideas with each other. One mini-batch is divided into two parts and
each part is filled with gender and accent adjusted strategies. Combination of each
strategy would provide different results and could help increase performance of
deep learning systems for speech recognition applications.

The proposed four hybrid mini-batch sample selection strategies combine
successful gender and accent adjusted strategies and could provide better
performance than using only one meta feature for mini-batch sample selection.
Using both gender and accent information, more eligible mini-batch samples could
be selected and mini-batches could be uniformly composed. This would provide
presence of each information in all mini-batches and would increase the

performance of deep learning systems.

.| HomoGender -
»
HomoAccent
Homogeneous Homogeneous
Gender Accent
> HomoGender - |
HeteroAccent
.| HeteroGender -
” HomoAccent
Heterogeneous Heterogeneous
Gender Accent
.| HeteroGender- |,
HeteroAccent N

Figure 3.7. Proposed hybrid strategies
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In hybrid sample selection strategies, gender and accent adjusted strategies
that are explained in Section 3.2 and 3.3 are used in a hybrid manner. The main
aim of hybrid strategies is to achieve better speech recognition performance and to
further reduce error rates of proposed strategies. In particular, homogeneous
gender, heterogeneous gender, homogeneous accent, and heterogeneous accent
strategies are used to extract homogeneous gender — homogeneous accent,
homogeneous gender — heterogeneous accent, heterogenecous gender —
homogeneous accent, and heterogeneous gender — heterogeneous accent strategies.
By this way, both gender and accent strategies are present in one mini-batch within
an equal presence. The proposed hybrid strategies are presented in Figure 3.7.

As can be seen in Figure 3.7, the proposed gender and accent adjusted
strategies are used to propose hybrid mini-batch sample selection strategies. In
homogeneous gender — homogeneous accent hybrid strategy, only one gender and
one accent are present in one mini-batch. In homogeneous gender — heterogeneous
accent strategy, the mini-batches are filled with only one gender and with
compatible proportion of accents. In heterogeneous-gender — homogeneous accent
strategy, half of the mini-batches are filled with one accent and with male speaker
and other half of the mini-batches are filled with same accent and with female
speaker. In heterogeneous gender — heterogeneous accent strategy, both female and
male speakers are equally present in the mini-batches and also compatible

proportion of accents are selected for these genders.

3.4.1. Homogeneous Gender — Homogeneous Accent Strategy

Homogeneous gender — homogeneous accent hybrid strategy is constructed
by using homogeneous gender and homogeneous accent mini-batch sample
selection strategies which are explained in Section 3.2 and Section 3.3. In this
hybrid mini-batch sample selection strategy, the speech samples are selected as
homogeneous gender and homogeneous accent for one mini-batch. For example,

female and English accent speakers are filled to one mini-batch and male and
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English accent speakers are filled to the other mini-batch. The accents are
distributed to the mini-batches in compatible with their presence ratio in the
original dataset.

Homogeneous gender — homogeneous accent hybrid strategy would provide
information and insights into the performance and success of deep learning based
speech recognition systems when only one gender and only one accent is present in

one mini-batch.

3.4.2. Homogeneous Gender — Heterogeneous Accent Strategy

Homogeneous gender — heterogeneous accent hybrid strategy is constructed
by using combination of homogeneous gender and heterogeneous accent mini-
batch sample selection strategies. In this hybrid mini-batch sample selection
strategy, the mini-batch samples are selected as homogeneous gender and with the
presence of all accents in one mini-batch. For example, for one mini-batch, only
female speakers are used but all accents are selected which are uttered by female
speakers. Gender is homogeneous, but all accents are represented in all mini-
batches. The accent presence in mini-batches are selected as compatible with their
presence in the original dataset.

With using homogeneous gender — heterogeneous accent mini-batch sample
selection strategy, the main aim is to investigate the performance of deep learning
based speech recognition system with using only one gender and with the presence
of all accents whether it is more eligible strategy with respect to other sample

selection strategies.

3.4.3. Heterogeneous Gender — Homogeneous Accent Strategy

Heterogeneous gender — homogeneous accent hybrid strategy is constructed
by using heterogeneous gender and homogeneous accent mini-batch sample
selection strategies. In this hybrid sample selection strategy, the accent is kept

constant in mini-batches, however, the files of speakers are selected from each
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gender equally. For example, one mini-batch is filled with English accent and half
of the mini-batch is selected from English-accent male speakers and other half is
selected from English-accent female speakers. The accents are distributed to the all
mini-batches as compatible with their presence in the original dataset.
Heterogeneous gender — homogeneous accent mini-batch sample selection
strategy is generated to investigate the performance of the speech recognition
system with the presence of only one accent and with both genders in one mini-

batch.

3.4.4. Heterogeneous Gender — Heterogeneous Accent Strategy

Heterogeneous gender — heterogeneous accent hybrid strategy is constructed
by using heterogeneous gender and heterogeneous accent mini-batch sample
selection strategies. In this hybrid strategy, both gender and accent information are
selected in heterogeneous manner to fill mini-batches. For example, one mini-batch
is filled with the utterances of both female and male speakers while accents of
these genders are selected in compatible with their presence in the mini-batches.

Heterogeneous gender — heterogeneous accent hybrid mini-batch sample
selection strategy is developed whether the performance of deep learning based
speech recognition system could be increased with the presence of each meta

feature on all mini-batches at the same time.

3.5. Overview of Proposed Mini-Batch Sample Selection Strategies

In this thesis study, three types of mini-batch sample selection strategies are
proposed for investigation of training performances of deep learning based speech
recognition systems. The first type of the strategies is gender adjusted mini-batch
sample selection strategies. In gender adjusted strategies, mini-batch samples are
selected based on gender of the speakers, i.e. female speakers and male speakers.
In gender adjusted strategies, two sub-strategies are proposed, i.e. homogeneous

gender, and heterogeneous gender. In homogeneous gender mini-batch sample
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selection strategy, mini-batches are filled with only one gender. In heterogeneous
gender mini-batch sample selection strategies, mini-batches are filled with equal
count of both genders.

The second type of proposed strategies is accent adjusted mini-batch sample
selection strategies. In accent adjusted strategies, mini-batch samples are selected
based on their accent information. Also, in accent adjusted strategies, two sub-
strategies are proposed, i.e. homogeneous accent, and heterogeneous accent. In
homogeneous accent mini-batch sample selection strategy, mini-batches are filled
with using only one accent. In heterogeneous accent mini-batch sample selection
strategy, mini-batches are filled with the presence of all accents.

The third type of proposed strategies is hybrid mini-batch sample selection
strategies. Four hybrid mini-batch sample selection strategies are proposed with the
combinations of gender and accent adjusted strategies, i.e. homogeneous gender —
homogeneous accent, homogeneous gender — heterogeneous accent, heterogeneous
gender — homogeneous accent, and heterogeneous gender — heterogeneous accent.
Hybrid mini-batch sample selection strategies use the concept of gender and accent
adjusted strategies in compatible with their names.

The proposed three types of mini-batch sample selection strategies are
developed to investigate the performance of deep learning based speech
recognition systems and to monitor the effect of gender and accent information on
training of deep learning systems. All of the proposed strategies are evaluated on
the same deep learning system to compare with each other and to determine the

best strategy.
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4. RESULTS AND DISCUSSIONS

This section presents the results of proposed mini-batch sample selection
strategies. First of all, the speech corpus that is used in this thesis study is
presented. Second, the deep learning system configurations are explained. Third,
the results of the proposed mini-batch sample selection strategies, i.e. gender
adjusted, accent adjusted and hybrid strategies, are presented. Finally, a discussion
of all investigated results is performed and comparison with the literature studies
are presented. The experimental results are presented as follows:

e The effect of gender adjusted strategies on deep learning based
speech recognition performance,

o The effect of accent adjusted strategies on deep learning based
speech recognition performance,

e The effect of hybrid strategies on deep learning based speech

recognition performance

Speech Mini-Batch Sample .
» > L
Corpus Selection Deep Learning Results
J A A I
Standard Strategy

5-Layer LSTM
Gender Adjusted Strategies

Accent Adjusted Strategies

Hybrid Strategies

Figure 4.1. Basic architecture of proposed speech recognition system
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Figure 4.1 presents the basic architecture of proposed speech recognition
system of this thesis. As can be seen in the figure, first of all, the speech corpus is
read into memory and then mini-batch sample selection strategies are processed on
the speech corpus. In this step, four types of strategies are present, i.e. standard
random selected mini-batch samples and proposed strategies. Finally, 5-layer
LSTM deep learning system is run with selected mini-batch samples and the results

are evaluated.

4.1. VCTK Speech Corpus

In this study, we used VCTK corpus as the speech dataset (Veaux et al.,
2019). VCTK corpus is generated by University of Edinburgh. The Centre for
Speech Technology Research (CSTR). Gender, age, accent, and region information
are present in the meta files of the corpus that are suitable for our mini-batch
sample selection strategies. The Corpus includes speech utterances read by 109
native speakers of English with different accents. Each speaker reads
approximately 400 sentences. Most of the sentences were from a newspaper, plus
the Rainbow Passage and an elicitation paragraph is present to identify the
speaker's accent.

We selected VCTK Corpus because of its rich meta information about
speakers. The distributions of number of speakers for different gender and accents
are provided in Figures 4.2 and 4.3. As can be seen in the figures, each gender has
reasonable proportion in the corpus. However, for some accents, there are many
speakers but for some accents few speakers are present. For example, for English,
American, and Scottish accents, there are many speakers present. But for
Australian, New Zealand, and Welsh, few speakers are present. The reason for this
distribution could be because of the preferences and less native speaker presence

for these accents.
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We used quarter of the original corpus, that is around 11.000 sentences, by

tuning num_examples parameter in the algorithms due to the insufficiency of our
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computing infrastructures. We selected these sentences with respect to the sample
selection strategy that is being used. The length of our selected corpus is around 12
hours of training dataset. Additionally, we randomly selected 1.024 sentences from
all of the speakers that are used as test set. We removed test sentences from
original corpus to test real performances of mini-batch sample selection strategies.
Some pre-processing steps are performed before deep learning system is
applied on the corpus. First, all audio files are read from the corpus using a sample
rate of 8000, and 13 MFCC features are extracted from the audio files. While
extracting MFCC features, we used 25 milliseconds of window length and 10
milliseconds of window step. We removed all punctuation marks in the text files to

better model uttered labels.

4.2. Deep Learning System Configurations

In this study, we used TensorFlow deep learning framework (Abadi et al.,
2016) which is developed by Google Brain. TensorFlow is one of the popular deep
learning frameworks which has many built-in deep learning architectures and
provides several functionalities for developers. Tensorflow is based on Python
programming language which is one of the most popular programming languages.
It is shared as an open-source library for numerical computations and machine
learning tasks, including deep learning systems. Tensorflow provides data flow
graphs that provides information about how the data will flow on the graph on
processing units.

TensorFlow is widely preferred for deep learning based speech recognition
studies due to its several benefits. With the powerful and flexible mathematical
ability of Python and the implementation of deep learning architectures, speech
recognition problems could be efficiently studied. Preprocessing and post-
processing steps could be handled by Python libraries and the deep learning step is

effectively performed by TensorFlow on Python computational infrastructure.
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We selected LSTM deep learning architecture. Number of layers are selected
as 5 and number of hidden units for each layer are selected as 600. Adam optimizer
is used as an optimization algorithm. We selected 64 for mini-batch sizes for
performance evaluation of mini-batch sample selection strategies. We used
Connectionist Temporal Classification (CTC) loss function to calculate training
and test costs and Label Error Rates (LERs). CTC calculates LER of a transcribed
audio using edit distance of transcribed text and original text that takes into account
insertion, deletion, and substitution of characters. The details of CTC and LER

calculation are provided in Section 2.3.

VY1 ¥y2
:| hys F» hys —» Layer 5
L__A______t ______________
:l 111.4 ]—>| h, 4 I—’ Layer 4
[ t ______________
:I hy; | s —> Layer 3
L__A_____¢ ______________
e - -
ILl hi, | hy — Layer 2
I_:_ﬂt::::i::::::::::::::
|| hi, |—>| h> 4 |—> Layer 1

Figure 4.4. Illustration of the proposed deep learning system design

Figure 4.4 presents the detailed illustration of proposed deep learning system
design for speech recognition. As can be seen in the figure, each rectangle

represents one LSTM cell. Five layers are connected with each other for each time
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step, and after the processing of five layers with the input X, the output y; is
produced for each time step. For extraction of current output, processing of 600
hidden units and 5 layers should be performed. With using multi-layer architecture,
we aim to increase the performance of deep learning based speech recognition
system and to better explore the differences of mini-batch sample selection
strategies.

We used one 4 GB Nvidia GeForce GTX 1050 Ti graphical card with Intel
i7 CPU and 16 GB of RAM as a computing infrastructure and all of the

experiments are performed on this device.

4.3. Experimental Results

In this section, we evaluated performances of the proposed gender adjusted,
accent adjusted and gender-accent hybrid mini-batch sample selection strategies in
comparison with standard mini-batch sample selection that selects samples
randomly from the dataset. The experiments are conducted to reveal performance
comparison. In the experiments, training and test costs and Label Error Rates
(LERs) of the strategies are compared. The details of calculation of LER is
explained in Section 4.2. The experiments are repeated 10 times and average
results of these experiments are presented with their error band in 95% confidence
interval. The results of gender and accent adjusted strategies are presented, and

then hybrid strategies are presented.

4.3.1. Results of Gender Adjusted Strategies

In this experiment we evaluated the effect of gender adjusted strategies, i.e.
homogeneous gender and heterogeneous gender, with respect to standard mini-
batch sample selection strategy. Batch size is selected as 64, Adam optimizer is
selected, and learning rate of optimizer is selected as le”. We ran deep learning
systems for 1000 iterations and the results are presented. Figures 4.5 and 4.6

presents training cost and training LER of gender adjusted strategies and standard
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strategy and Table 4.1 presents train and test costs and LERs of gender adjusted
strategies after 1000 iterations.

As can be seen in Figures 4.5 and 4.6, learning rate of the strategies decayed
around 500th iteration. As can be seen in the figures, both train cost and train LER
follow the same trend for all of the strategies. Also, homogeneous gender strategy
outperforms heterogeneous gender strategy and standard strategy after 1000
iterations in terms of train cost and LER. Heterogeneous gender strategy could not
improve deep learning based speech recognition performance in comparison with

standard randomly selected mini-batch sample selection strategy.
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Figure 4.5. Train cost of gender adjusted strategies
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Table 4.1. Train and test cost and LERs of gender adjusted strategies

Standard Homogeneous Gender |Heterogeneous Gender
Train Cost 2431 11.04 24.22
Train LER 20.77%(x0.1)  9.77%(%0.05) 20.42%(=0.1)
Test Cost 32.42 20.73 30.05
Test LER 25.70%(=+0.12)

15.32%(%0.08)

24.20%(+0.12)

(The difference between LERs is significant at 95% confidence interval

(alpha=0.05))

As can be seen in Table 4.1, train and test costs of homogeneous gender

strategy is much better than other alternatives. Homogeneous gender strategy could

reduce train cost to 11.04 and test cost to 20.73 from 24.31, and 32.42, respectively

in comparison with standard strategy. Also, train and test LERs of homogeneous
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gender strategy outperform heterogeneous gender and standard strategies which
could reduce to 9.77%, and 15.32%, respectively in comparison with other
strategies. Overall, homogeneous gender strategy could reduce train and test LER
around 10% more than other alternatives and the difference is statistically
significant at 95% confidence interval.

The results of gender adjusted strategies show that selecting mini-batch
samples randomly or with equal gender would not yield good performance.
However, the selection of mini-batch samples with homogeneous gender strategy
could improve deep learning based speech recognition performance with a high
proportion. When we select one gender for one mini-batch, the deep learning
model could learn better than providing equal number of samples for each mini-
batch or selecting samples randomly. The reason for this is the utterances of words
for male and female speakers are different and deep learning system could model
this difference better. Selecting only one gender for one mini-batch provides closer
gender features within a mini-batch and the deep learning based speech recognition

systems could better learn the character utterances.

4.3.2. Results of Accent Adjusted Strategies

In this experiment, we evaluated the effect of accent adjusted strategies, i.e.
homogeneous accent and heterogeneous accent, with respect to standard strategy.
Batch size is selected as 64, Adam optimizer is selected, and learning rate of
optimizer is selected as 1e-3. We ran deep learning systems for 1000 iterations and
the results are presented. Figures 4.7 and 4.8 presents train cost and train LER of
accent adjusted strategies and standard strategy and Table 4.2 presents train and
test costs and LERs of accent adjusted strategies after 1000 iterations.

As can be seen in Figures 4.7 and 4.8, the learning rate of the strategies
decayed at around 400th iteration. As can be seen in the figures, both train cost and
train LER follow the same trend for all of the strategies. Also, heterogeneous

accent strategy outperforms other two alternative strategies, homogeneous accent
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strategy and standard strategy, after 1000 iterations in terms of both train cost and
train LER. Homogeneous accent strategy could not improve deep learning based

speech recognition performance in comparison with standard randomly selected
mini-batch sample selection strategy.
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Figure 4.7. Train cost of accent adjusted strategies
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Table 4.2. Train and test cost and LERs of accent adjusted strategies

Standard Homogeneous Accent |Heterogeneous Accent
Train Cost 24.31 22.67 12.68
Train LER 20.77%(=0.1) | 19.28%(+0.09) 10.67%(£0.06)
Test Cost 32.42 32.15 21.95
Test LER 25.70%(£0.12) [25.56%(%0.12) 16.49%(+0.08)

(The difference between LERs is significant at 95% confidence interval

(alpha=0.05))

As can be seen in Table 4.2, heterogeneous accent strategy is the best among

these three strategies for both train and test costs. Heterogeneous accent strategy

could reduce train and test cost to 12.68, and 21.95 from 24.31, and 32.42,

respectively in comparison with standard strategy. Also, heterogeneous accent
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strategy provides less train and test LERs with respect to other alternatives. It could
reduce train and test LERs to 10.67% and 16.49%, respectively in comparison with
homogeneous accent and standard strategies and the difference between LERs is
statistically significant at 95% confidence interval. After these results are
evaluated, heterogeneous accent strategy could reduce train and test costs more
than 10% and train and test LERs up to 9%.

The results of accent adjusted strategies show that using only one accent for
one mini-batch or selecting mini-batch samples randomly would not improve deep
learning performance of speech recognition. However, representing each accent in
a mini-batch proportional to their presence in the corpus provides better
performance to the deep learning based speech recognition system. The reason for
this is that, the deep learning systems could learn better and could achieve higher
performance when all accents are present in one mini-batch. When all accents are
present in one mini-batch, the deep learning system could learn all accents and
could better model the speech signals. It could learn every possible accent and all

varieties of the utterances of the characters within each mini-batch.

4.3.3. Results of Hybrid Strategies

In this experiment, we evaluated the effect of gender-accent hybrid
strategies, i.e. homogeneous gender — homogeneous accent, homogeneous gender —
heterogeneous accent, heterogeneous gender — homogeneous accent, and
heterogeneous gender — heterogeneous accent, with respect to standard strategy.
Batch size is selected as 64, and learning rate of optimizer is selected as le-3. We
ran deep learning systems for 1000 iterations and the results are presented. Figures
4.9 and 4.10 presents train cost and train LER of gender-accent hybrid strategies
and standard strategy and Table 4.3 presents train and test costs and LERs after
1000 iterations.

As can be seen in Figures 4.9 and 4.10, train costs and LERs follow the same

trend for each hybrid strategy. The best strategy among all four candidate strategies
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is homogeneous gender — heterogeneous accent strategy after 1000 iterations. Train
cost is observed as 10.92 and train LER is 9.64% for homogeneous gender —
heterogeneous accent hybrid strategy. Heterogeneous gender — heterogeneous
accent strategy is closer in terms of train cost and LER. Worst performance is
observed with heterogeneous gender — homogeneous accent strategy. These results
show that heterogeneous accent is an important factor for mini-batch sample

selection strategies. Also, homogeneous gender further improves the deep learning

performance.
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Figure 4.9. Train cost of gender-accent adjusted hybrid strategies
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Figure 4.10. Train LER of gender-accent adjusted hybrid strategies

As can be seen in Table 4.3, homogeneous gender — heterogeneous accent
hybrid strategy is the best strategy among all hybrid strategies and standard
strategy in terms of train and test costs. Homogeneous gender — heterogeneous
accent strategy has 10.92 and 20.52 train and test costs which is the least cost
among all of the hybrid strategies. Also, homogeneous gender — heterogeneous
accent strategy has the best train and test LER. The test LER is reduced from
25.70% to 15.21% with homogeneous gender — heterogeneous accent strategy and
better speech recognition performance is achieved. Heterogeneous gender —
heterogeneous accent hybrid strategy has close performance with homogeneous
gender — heterogeneous accent strategy which has 19.05% test LER. The worst

performance is observed for heterogeneous gender — homogeneous accent which is

worse than standard strategy.
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Table 4.3. Train and test cost and LERs of gender-accent adjusted hybrid strategies

Train Cost | Train LER Test Cost | Test LER

Standard 2431 20.77%0.1) 3242 |25.70%(+0.12)
Homogeneous Gender =1, ¢ - 16.13%(%0.09) | 29.76 [ 22.81%(0.11)
Homogeneous Accent
Homogeneous Gender =/, o, 9.64%(+0.05) [20.52 | 15.21%(0.08)
Heterogeneous Accent
Heterogeneous Gender -/ 5 | 21.27%(%0.11) [32.83 | 26.46%(%0.13)
Homogeneous Accent
Heterogeneous Gender -| 14 g3 12.71%(=0.06) [24.02 | 19.05%(%0.1)

Heterogeneous Accent

(The difference between LERs is significant at 95% confidence interval
(alpha=0.05))

The results of hybrid strategies show that some of the proposed hybrid
strategies achieve good performance, even better than gender and accent adjusted
strategies, while some hybrid strategies show worse performance than standard
random mini-batch sample selection strategy. When the results of hybrid strategies
are evaluated, heterogeneous accent strategy has an importance on improvement of
speech recognition performance. When heterogeneous accent is used in hybrid
strategies, satisfying performances could be achieved. Another important result is
that homogeneous gender further improves the performance of deep learning based
speech recognition with combination of heterogeneous accent strategy. When
homogeneous accent is selected for hybrid strategies, the performance of deep

learning based speech recognition gets lower.
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4.4. Discussions

In this section, the performances of all proposed mini-batch sample selection
strategies are evaluated in comparison with each other. Figures 4.11 and 4.12
presents train and test costs and LERs of all proposed strategies. As can be seen in
the figures, train costs and LERs are smaller than test costs and LERs because the
deep learning systems are trained with train set and the systems does not meet test
instances. For this reason, test scores of deep learning systems are higher than train
scores. Costs and LERs of the strategies follow the same trend for each strategy

which shows the stability of deep learning systems. When the cost of a strategy is

A

higher, then LER is expected to be higher, and vice versa.
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Figure 4.11. Train and test costs of all strategies

Figure 4.11 presents the train and test costs of all proposed mini-batch
sample selection strategies and standard strategy. As can be seen in the figure,
homogeneous gender — heterogeneous accent hybrid strategy and homogeneous
gender strategy are the best strategies among all of the strategies in terms of train

and test costs. Also, the worst strategies are standard strategy and heterogeneous
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gender — homogeneous accent strategy. Other proposed strategies have test cost

within the range of 20 and 30.
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Figure 4.12. Train and test LERs of all strategies

Figure 4.12 presents the train and test LERs of all proposed mini-batch
sample selection strategies and standard strategy. As can be seen in the figure,
homogeneous gender — heterogeneous accent hybrid strategy and homogeneous
gender strategy are the best strategies among all of the mini-batch sample selection
strategies. The worst strategies are standard strategy and heterogeneous gender —
homogeneous accent strategy which is compatible with train and test costs. Other

strategies are within the range of 15%-25% test LER.
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Table 4.4. Train and test cost and LERs and average runtime of one iteration of all
proposed strategies

Train Train Test Test Average
Cost LER Cost LER Runtime
(sec.)
Standard 2431 20.77% |32.42  25.70% |484.12
Homogeneous Gender 11.04 9.77% 20.73 15.32% [481.27

Heterogeneous Gender 24.22 20.42% 130.05 24.20% [478.69

Homogeneous Accent 22.67 19.28% |32.15 |25.56% |457.03
Heterogeneous Accent 12.68 10.67% |21.95 16.49% [471.83
Homogeneous Gender — 18.47 16.13% 129.76  |22.81% |475.25

Homogeneous Accent

Homogeneous Gender — 10.92 9.64% 20.52  [15.21% [482.14
Heterogeneous Accent

Heterogeneous Gender - 25.19 21.27% 32.83  |26.46% |469.54
Homogeneous Accent

Heterogeneous Gender - 14.83 12.71% 124.02  [19.05% (477.85
Heterogeneous Accent

Table 4.4 presents train and test costs and LERs and average runtime of one
iteration of proposed mini-batch sample selection strategies and standard strategy.
As can be seen in the table, best strategy is homogeneous gender — heterogeneous
accent hybrid strategy in terms of train and test costs and LERs. Also,
homogeneous gender strategy has train and test costs and LERs close to the best
strategy. Third successful strategy is observed as heterogeneous accent strategy,

which is the best accent adjusted strategy. These three strategies could be seen as
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the best strategies and could be preferred for improving performance of deep
learning based speech recognition.

After the results in the Table 4.4 are evaluated, we can conclude that
homogeneous gender — heterogeneous accent hybrid strategy, homogeneous gender
strategy and heterogeneous accent strategy outperform other alternative strategies
in terms of train and test metrics. The reason for this result could be that, selecting
homogeneous gender as one mini-batch samples provide deep learning systems to
better model speech inputs with output texts. Also, when all accents are present in
every mini-batch, the deep learning system becomes more successful, because it
could learn every possible accent within each mini-batch. When all of the results
are evaluated, we can conclude that, when gender and accent meta information are
used for mini-batch sample selection, deep learning based speech recognition
models could achieve better performance. Especially when using hybrid of
successful mini-batch sample selection strategies further improves the performance
of the systems.

Additionally, Table 4.4 presents average runtime of one iteration of
proposed mini-batch sample selection strategies. As can be seen in the table, all of
the strategies are close to each other in terms of average runtime in seconds. The
runtime variation occurs because of the length of selected samples. However, there
is no major runtime difference. 1000 iterations of a strategy last approximately

120-140 hours.

4.5. Comparison of the Results with the Literature Studies

Table 4.5 presents the performances of our proposed mini-batch sample
selection strategies with respect to the literature. Also, in the table, the utilized deep
learning system is presented to provide a fair comparison of the results. We used
LER of selected literature studies that has no language model and that can be
compared with our study because in this thesis study we did not consider using a

language model for speech recognition system.
79



4. RESULTS AND DISCUSSIONS Yesim DOKUZ

Table 4.5. Comparison with the literature

Deep Learning System Test LER
Standard LSTM with 5 layers and 600 units 25.70%
Homogeneous Gender  |LSTM with 5 layers and 600 units 15.32%
Heterogeneous Gender |LSTM with 5 layers and 600 units 24.20%
Homogeneous Accent LSTM with 5 layers and 600 units 25.56%
Heterogeneous Accent |LSTM with 5 layers and 600 units 16.49%
Homogeneous Gender — |LSTM with 5 layers and 600 units 22.81%
Homogeneous Accent
Homogeneous Gender — |LSTM with 5 layers and 600 units 15.21%
Heterogeneous Accent
Heterogeneous Gender - |LSTM with 5 layers and 600 units 26.46%
Homogeneous Accent
Heterogeneous Gender - |LSTM with 5 layers and 600 units 19.05%
Heterogeneous Accent
CTC (Graves et al., BiLSTM with 2 layers and 100 units 31.47%
20006)
RNN-CTC without LSTM with 5 layers and 500 units 30.9%
language model (Graves,
Jaitly, 2014)
ChiME-CTC result BiLSTM with 4 layers and 320 units 48.79%
(Watanabe et al., 2017)
CTC no LM (Maas et al., | BIRNN with 5 layers and 1824 units 27.7%
2015)
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As can be seen in the table, some of our proposed models have better test
LER with respect to the baseline models that are similar to our study. Especially,
homogeneous gender — heterogeneous accent and heterogeneous gender —
heterogeneous accent hybrid strategies, homogeneous gender and heterogeneous
accent mini-batch sample selection strategies are better strategies with respect to
the literature. However, some other proposed strategies fall behind the literature,
i.e. standard strategy and heterogeneous gender — homogeneous accent hybrid
strategy.

When the literature results are evaluated in terms of utilized deep learning
system, if a deeper neural network is used, there is more chance to increase

performance of the speech recognition systems and decrease LER.
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5. CONCLUSION AND FUTURE WORK

Speech recognition is the process of converting speech signals into text
transcription. Speech recognition is essential for converting voice records,
controlling devices with speech inputs and for searching in speech records. With
the increasing demand for speech recognition and with the help of computational
advancements, speech recognition became more practical and accessible for every
person that have commodity devices which do not require advanced processing
ability. Speech recognition is widely used in many technologies, including mobile
communication, search engines, and personal digital assistance systems.

On the other hand, deep learning is a sub-field of machine learning that uses
a set of algorithms that attempt to model high-level abstractions in data by using a
deep graph with multiple processing layers, composed of multiple linear and non-
linear transformations (Goodfellow et al., 2016; Deng, Yu, 2014). Deep learning
provides automatic selection and ranking of features in the datasets using efficient
algorithms. Recently, deep learning achieved great attention and tremendous
success in application areas, such as image processing, natural language
processing, sequence alignment, and speech recognition.

With the popularity and high performance of deep learning systems with
respect to other candidates, these systems are also being utilized in speech
recognition problems. Among the most popular deep learning architectures, Deep
Neural Networks (DNN), Convolutional Neural Networks(CNN), and especially
Recurrent Neural Networks(RNN) and Long Short Term Memory (LSTM) RNNs,
which is a special kind of RNN, are preferred for speech recognition. CNN is
mostly utilized for visual speech inputs, which is called as spectrograms, while
RNN and LSTM are utilized for time series feature inputs of speech signals, such
as MFCCs.

Deep learning based speech recognition systems are successful systems for

recognizing a speech input with respect to the input features. The performance of
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the deep learning based speech recognition systems is based on several factors,
including a comprehensive speech corpus which contains the different
characteristics of user types, such as gender, accent, speaker and linguistic
contents. In order to increase the recognition performance of these systems is
required to have a more reliable and accurate speech recognition systems. One
important factor to increase the performances of deep learning based speech
recognition systems is to train these systems with more data that have a wide range
of accent, gender, and speakers.

In this thesis study, we aim to improve performance of deep learning based
speech recognition systems by proposing new methods for mini-batch sample
selection which is an important part in training deep learning systems. We
proposed several strategies for selecting mini-batch samples for speech recognition
tasks to increase model performance of deep learning based speech recognition. In
particular, we proposed three types of mini-batch sample selection strategies, i.e.
gender adjusted strategies, accent adjusted strategies, and hybrid strategies which
selects mini-batch samples using combination of gender and accent adjusted
proposed strategies.

Proposed gender and accent adjusted strategies are divided into two further
categories, i.e. homogenecous and heterogeneous. The homogeneous and
heterogeneous categories show the selection of each meta feature with respect to
the speech corpus. In homogeneous strategies, only one meta feature, i.e. only
female speaker or only English accent, is used for one mini-batch. In
heterogeneous strategies, proportional meta features, i.e. half female and half male
speakers, are used for one mini-batch. Thus, each proposed gender and accent
adjusted strategies contain two separate strategies, i.e. homogeneous gender,
heterogeneous gender, homogeneous accent, and heterogeneous accent strategies.

Proposed hybrid strategies are combined usage of gender and accent
adjusted strategies. Four strategies are proposed in this context, i.e. homogeneous

gender — homogeneous accent, homogeneous gender — heterogeneous accent,
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heterogeneous gender — homogeneous accent, and heterogeneous gender —
heterogeneous accent. Hybrid mini-batch sample selection strategies use the
concept of gender and accent adjusted strategies in compatible with their names in
hybridized manner. For example, homogeneous gender — homogeneous accent
hybrid strategy selects only one gender and only one accent for one mini-batch.

The proposed three types of mini-batch sample selection strategies are
developed to investigate the performance of deep learning based speech
recognition systems and to monitor the effect of gender and accent information on
training of deep learning systems. All of the proposed strategies are evaluated on
the same deep learning system to compare with each other and to determine the
best strategy among all proposed strategies which use gender and accent
information for mini-batch sample selection.

The experimental results of the proposed mini-batch sample selection
strategies show that, homogeneous gender — heterogeneous accent hybrid strategy,
homogeneous gender strategy and heterogeneous accent strategy outperform other
alternative strategies in terms of train and test metrics. The reason for this result
could be that, selecting homogeneous gender as one mini-batch samples provide
deep learning systems to better model speech inputs with output texts. Also, when
all accents are present in every mini-batch, the deep learning system becomes more
successful, because it could learn every possible accent within each mini-batch.
When all of the results are evaluated, we can conclude that, when gender and
accent meta information are used for mini-batch sample selection, deep learning
based speech recognition models could achieve better performance. Especially
when using hybrid of successful mini-batch sample selection strategies further
improves the performance of the systems.

As a result, we can conclude that, when gender and accent meta information
are used for mini-batch sample selection, deep learning based speech recognition

models could achieve better performance. Especially when using hybrid of
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successful mini-batch sample selection strategies further improves the performance
of the systems.

For the future, a deep learning system which has more layers and more units
could be used to evaluate performances of mini-batch sample selection strategies in
comparison with each other. New features could be evaluated for mini-batch
sample selection strategies, such as age, and speaker. Also, other than VCTK
speech corpus, new speech corpuses could be evaluated to further analyze the
performance of proposed mini-batch sample selection strategies. Proposed mini-
batch sample selection strategies could be adapted to other deep learning
application areas, such as image recognition and machine vision based on features

of these domains.
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