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Abstract

This thesis presents Automatic Speech Recognition (ASR) systems based on deep neu-
ral networks (DNN) with advanced structures and their implementations for the English
and Czech languages using the Kaldi toolkit. The experiments use the newest Kaldi
DNN nnet3 setup, which supports mentioned advanced DNN types. Moreover, two nnet3
models are adopted - the standard nnet3 models and the chain models, which are imple-
mented as a part of the nnet3 DNN setup with the intention to decrease decoding time.
The implementations work with DNN-HMM architecture with two neural network types,
Time Delay Neural Network (TDNN) and Long Short-Term Memory (LSTM), using both
nnet3 and chain models. Additionally, the Convolutional Neural Network (CNN) neural
network structure is adopted using the chain model.

Experiments compare the accuracy of the DNN-HMM ASR models with the standard
GMM-HMM approach, and the best accuracy was achieved with TDNN network with
World Error Rate (WER) of 2.69 % for the English language, which was about 5% im-
provement over the standard GMM-HMM model. The best result for the Czech language
was also accomplished with the TDNN network with a WER of 10.78 % (approximately
9% improvement over the GMM-HMM model). Secondly, the performance of DNN-HMM
systems using GMM-HMM models trained with trigram and fourgram language models
(LM) was analyzed as well as with a dictionary with and without silence and pronuncia-
tion probabilities. Finally, the accuracy improvements and the overall processing speed of
the chain models over the standard nnet3 models were tested. The enhancement of accu-
racy was achieved both in TDNN and LSTM-TDNN chain models when more extensive
improvements registered the TDNN chain model. The decoding time decreased for both
DNN chain models when LSTM-TDNN decoded almost nine times faster than standard
nnet3 implementation. LSTM-TDNN chain model also reduces the training time when
the model was trained about 20 % faster. Nevertheless, the TDNN chain model had worse
training speed when the network trained more than twice slower than the nnet3 variant.

Keywords: Deep neural networks, speech recognition, DNN-HMM, Kaldi, nnet3, chain
models



Abstrakt

Tato diplomova préace prezentuje systémy automatického rozpoznavani feci zalozené na
hlubokych neuronovych sitich (DNN) s pokroéilymi strukturami a jejich implementace
pro anglicky a ¢esky jazyk s pouzitim Kaldi nastroju. Experimenty pouzivaji nejnovéjsi
verzi Kaldi DNN nnet3 nastroju, které podporuji zminéné pokrocilé DNN struktury. Byly
pouzity dva nnet3 modely - standardni nnet3 model a tzv. chain model, ktery byl vytvoren
jako soucast nnet3 nastroju za ucelem snizit ¢as dekodovani. Implementace pracuje s
DNN-HMM architekturou se dvéma typy neuronovych siti, TDNN a LSTM, pii pouziti
nnet3 i chain modeli. Navic byla pouzita CNN neuronova sit za pouziti chain modelu.

Experimenty porovnavaji ptesnost DNN-HMM modelu se standardnim GMM-HMM
piistupem, kdy nejlepsi presnost byla dosazena pomoci TDNN sité s WER 2.69 % pro
anglicky jazyk, coz bylo zhruba 5% zlepseni oproti standardnimu GMM-HMM modelu.
Nejlepsi vysledek pro cesky jazyk byl také dosazen s pouzitim TDNN sité s hodnotou
WER 10.78 % (priblizné 9% zlepseni oproti GMM-HMM modelu). Druha ¢ast experi-
mentu porovnavala zlepseni DNN-HMM systému vychazejicich z GMM-HMM modelu
natrénovanych s trigramovym a ¢tyrgramovym jazykovym modelem, a déale se slovnikem
s a bez pravdépodobnostmi ticha a vyslovnosti. Posledni ¢ast experimentu porovnava
presnost a celkovou dobu zpracovani za pouziti chain modelu a standardnich nnet3 modelu.
Zlepseni presnosti lze vidét u TDNN i u LSTM-TDNN chain modelu, kdy vétsi prinos
zaznamenala TDNN struktura. Doba dekdédovani poklesla u obou DNN struktur, kdy
chain LSTM-TDNN model dekédoval témeér devétkrat rychleji nez jeho implementace po-
moci standardnich nnet3 modelu. U LSTM-TDNN chain modelu navic doslo ke snizeni
doby trénovani, kdy byl model natrénovan zhruba o 20 % rychleji oproti standardnimu
nnet3 modelu. Nicméné u TDNN chain modelu byla doba trénovani vice nez dvojnasobnd
oproti standardni nnet3 varianté.

Klicova slova: Hluboké neuronové sité, rozpoznavani reci, DNN-HMM, Kaldi, nnet3,
chain modely

vi
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Chapter 1
Introduction

Communication among humans seems to be one of the critical abilities to achieve partic-
ular progress in human life. As history shows, the way our ancestors were communicating
changed and developed through thousands of years. Presumably, the most natural and
effective form of communication among humans is speech when different languages arose
throughout history depending on the culture or geographic region. Most of the languages
also came with their written form, which helped to conserve ideas and messages.

Nowadays, the exponential development in the technology areas comes with a problem
of human-to-machine communication. The methods human used to communicate with
machines also developed over time and when the simple command buttons enhanced with
more sophisticated keyboards. With the introduction of graphic interface, the mouse
and touch screens arose their popularity, and they are nowadays still one of the most
adopted ways to communicate with computers. Nevertheless, they have some limitations,
e.g., obligation to use hands and paying more attention to the commands a person wants
to enter into the system. This may be problematic when a person wants to adjust the
GPS navigation while driving a car. Using speech to command the GPS seems to be
a more suitable way. Therefore, research in ASR systems becomes one of the critical
parts of today’s technological progress. Speech recognition helps in many fields like IT,
the industry sector, healthcare, and many more. Particular ASR applications can be
presented with automatic transcriptions of meetings and the creation of movie captions
or processing voice commands in the voice assistants. One of the latest usages of ASR is
in the speech to speech translation systems.

The first step towards large vocabulary continuous speech recognition (LVCSR) sys-
tems comes with the GMM-HMM model proposed in [1] in 1980. This model uses statis-
tical methods Gaussian mixture model (GMM) and Hidden Markov Model (HMM) and
became the state-of-the-art approach of LVCSR systems. Later on, in the 1990s, Mor-
gan and Bourlard proposed to replace the GMM in the hybrid GMM-HMM model with
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artificial neural networks (ANN) [2]. The multilayer perceptron (MLP) in the hybrid
ANN-HMM model should calculate the HMM state-posterior probabilities. Nowadays,
models with integrated neural networks have become the leading ASR systems. Various
DNN networks were implemented in the hybrid model DNN-HMM, including feed-forward
networks such as TDNN, CNN, or variations of Recurrent Neural Network (RNN) like
LSTM. One of the significant impacts of achieving good accuracy with these systems is
the possibility of obtaining a larger dataset for training the ASR models. Finally, the
so-called end-to-end models show promising results and are among the primary interests
of speech recognition researchers.

This thesis aims to explore today’s DNN based ASR approaches. The theoretical part
introduces the DNN methods used in speech recognition, followed by the experimental
part, which presents the DNN-HMM approach using the latest DNN Kaldi toolkit ap-
proach, nnet3 models. Moreover, the implementations contain DNN-HMM systems based
on chain models. The Kaldi toolkit creators introduced the chain models [3] as part of
nnet3 with an intention to decrease the decoding time, which may be essential in the
online ASR applications.

This thesis is organized into seven chapters. Chapter 2 introduce the GMM-HMM
based ASR system. The first part 2.1 describes the feature extraction process and the
typical features used in the speech recognition process. The second part 2.2 presents the
training and decoding principles and the models adopted in the processes. Chapter 3
firstly defines the DNN, training algorithms, and other methods corresponding with its
practices. The second part 3.2 describes the DNN-HMM models with DNN types used
in these systems. The last part of this chapter 3.3 introduces the end-to-end models.
Chapter 4 discuss the DNN-HMM ASR system implementation. The ASR experimental
setup is described in chapter 5 together with achieved results. Finally, chapter 6 discuss

the conclusion of the thesis.



Chapter 2

GMM-HMM based speech

recognition

The task of speech recognition is to find a word sequence corresponding to the input audio
signal. Figure 2.1 shows the simple ASR system process. Implementation based on GMM-
HMM is a basic approach of ASR, which proved to be a working LVCSR system. It is also
the first ASR implementation used at the commercial level. Even though designs with
(DNN) networks are replacing the GMM-HMM ASR systems, there are many reasons why
they are still essential. An implementation with DNNs typically needs a more extensive
database to train an accurate ASR system. Moreover, many ASR designs with DNNs
use a GMM-HMM system to obtain frame-level reference in large training corpora. The

system accuracy can then be improved because of the discriminative training of the DNNs.

WMM—) Signal analysis » Classification —— > Text
Speech signal Acoustic features

%,_J %,_J

Front-end processing Back-end processing

Figure 2.1: Basic ASR system

2.1 Front-end processing - signal analysis

Firstly, it is necessary to define the form of speech content information used during the
recognition process. In ASR applications, the speech features are extracted from an
audio recording to represent required information. Cepstral coefficients are mainly used
as features for the ASR application because they benefit from the principle of speech

production and perception knowledge [4].
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2.1.1 MFCC - Mel-frequency cepstral coefficients

MFCC coefficients are typically the most frequently used features in ASR applications to
represent the short-time signal information. MFCC uses the so-called mel scale, triangular
bands with equal distances between each other, representing logarithmic characteristics
at the frequency level. Using the logarithmic scale for the frequencies comes from the
principle of the human auditory system. The process of obtaining MFCCs is shown in
figure 2.2.

Sfp eech Pre-emphasis » Weighting DFT
rame  sp Sk

Y

MECC o | por e Log |« Mel 4—‘

coeffcients ¢y g filterbank

Figure 2.2: Extraction of MFCC features

Due to the non-stationarity of a speech signal, the features are extracted from short-
time frames, considered stationary. The standard frame’s length is 25 ms with approx-
imately 10 ms frame step size [5]. Standardly, pre-emphasis is applied to compensate
for the attenuation of high-frequency components during speech generation. Next, Ham-
ming window is used to minimize spectral leakage, which appears during the discrete
Fourier transform (DFT) computation. Then, an auditory-based filter bank is applied
to compute the smoothed power spectrum, which models the logarithmic dependency of
frequency perception in the human auditory system. Specifically, the logarithmic energies
g; are calculated using a formula (2.1) where S[k| is the DFT spectrum, H,,e ; is the
frequency response of j-th filter, N is the number of samples of a particular frame, and
M is the number of filter bank’s bands. The cepstral coefficients ¢, are computed using
discrete cosine transform (DCT) with formula (2.2), where M is the number of MFCC
coefficients. Typically, 13 MFCC coefficients are used to represent the signal features in
GMM-HMM systems. However, the many DNN based ASR models use so-called high
resolution features where 40 MFCC coefficients are used. The 0-th coefficient contains
information about the power of the signal, and the rest of the coefficients represent the

shape of the magnitude spectrum.

N/2
g; =log > |S[K|*Hpejlk],  j=1,2,...M (2.1)

k=0
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J
/2 ™, ,
Cp = j ]EZI g; co8 (7(] - 05)), J= 17 27 7M (22)

2.1.2 Differencial features

Additional to basic MFCC features, the delta and delta-delta features are typically used
to represent the long temporal context information which may significantly improve the
accuracy of speech recognition [6]. These features represent the evolution of static features
[7] and can be added to the feature vector along the MFCCs. The delta d,, coefficients
can be calculated using formula (2.3), where K is the size of the contextual window, and
¢, 1s the feature frame. .
> ko (Gt — o)
d, = 5= — : (2.3)
2% > k2
k=1

2.1.3 Feature normalization

Several aspects can bring unwanted variability and noise to the extracted features and
lower the ASR system’s robustness. Firstly, the convolution noise caused by the non-
stationary recording environment and speaker diversity, and secondly, the additive noise.
The normalization techniques are proposed to eliminate these factors. Commonly used
Cepstral Mean and Variance Normalization (CMVN) method is based on subtraction of
average cepstrum and its scaling. Normalization is typically performed at both utterance

or speaker level.

2.1.4 LDA features

An additional approach to obtain temporal context information is to stack static features
of many frames into one more dimensional vector. However, two main problems prevent
using the features in the GMM-HMM model. Firstly, the features are correlated, and
secondly, the dimension of the vector is too large [8]. The Linear Discriminant Analysis
(LDA) is a statistical method that can be used to achieve the decorrelation of the features
and lower the vector’s dimension. The LDA maps features from n-dimensional space to

m-dimensional space, where n > m.

2.1.5 Speaker adaptation techniques

Speaker adaptation methods are used to obtain speaker-dependent features, leading to in-

creased accuracy of speech recognition systems. One of the widely used speaker adaptation
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techniques is the Maximum Likelihood Linear Regression (MLLR). Using this method,

the Gaussian means in the ASR system are adopted to maximize the particular speaker’s
data likelihood. The feature-spaced MLLR (fMLLR) is an alternative method to the

MLLR, where the transformation is executed directly on the acoustic feature vectors [9].

The final vector of size 40 represents speaker-adapted features.

2.2 Back-end processing - classification

The purpose of back-end processing is the decoding process that determines the out-

put recognized text form of input speech. The decoder uses an acoustic model (AM),

lexicon, and language model, which provide information about phone-level, word-level,

and sentence-level matching, respectively, as shown in figure 2.3. The decoding process

works based on several computational methods such as HMM and Weighted Finite-State

Transducers (WFST). This chapter describes these particular models and methods.

i

Feature

—> .
extraction

Speech signal

—>» Text

Acoustic model

Lexicon

»  Decoding
Acoustic features
A A A
Phone-level
matching
Word-level
matching

Language model

matching

Sentence-level

Figure 2.3: Structure of ASR system with models

The process of speech recognition may be expressed mathematically by finding the

word sequence W with the maximal a posteriori probability when on the input of the

system is the feature vector X = (x4, xo, ..., xy) using formula

W =arg max P(W|X).

This equation can be rewritten using Bayes rule as

W = arg max
W

PX|W)P(W)
P(X)

(2.4)

(2.5)



CHAPTER 2. GMM-HMM BASED SPEECH RECOGNITION 7

The first term P(X|W) is a probability of a sequence of extracted features X based
on a sequence of words W. This part is represented by the AM. The second part of the
numerator P(1) is an apriori probability of a word sequence without acoustic information.
This part is acquired from the language model. The last part of the equation P(X) is an

apriori probability of a sequence of feature vectors [10].

2.2.1 Acoustic model

The AM expressed by probability P(X|W) in formula (2.5) represents the phone units of
a language based on the extracted acoustic features X from the input signal. The acous-
tic features use the statistical Gaussian mixture model (GMM) for their representation.
Following the equation (2.6), each acoustic phone feature can be expressed by Gaussian
probability distribution p(x|A), determined by a mean value and the covariance matrix,
where N(z, 3, C?) is a n-dimensional Gaussian function given by vector of mean values

p and covariance matrix C'.

M
p(x|\) =D Nz, 117, CF), (2.6)

i=1
Hidden Markov Model

The HMM is a left-to-right model consisting of several states connected sequentially, one
after another. The model estimates the transitions among the states where the state
index remains or increases depending on the time change. The HMM modelling of the
most probable state sequence Q* can be mathematically express by equation (2.7), where
Q represent all possible HMM state sequences @ = {q1,qo, ..., g3}, the term p(q;|qi—1)

referred to the transmission probability and P(z;|g;) to the emission probability.

T

Q" = argmax P(Q, X) = argmaxHp(qt|qt,1)P(xt]qt) (2.7)
QeQ QeQ i

Figure 2.4 shows the three states HMM model. The three states ¢ = 2, 3,4 can express the
beginning, middle, and end parts of each phone. The state ¢ = 1 and ¢ = 5 manage the
chaining of HMM models in word or sentence decoding. The emission probability P(x|q;)
is modelled by the GMM models, where two parameters, the mean and the covariance
matrix, define the Gaussian distribution. The HMM model computes the transmission
probabilities p(q;|q;—1), which define the probability of remaining in the current state or
moving to the following one. Two assumptions have to be satisfied in order to use the
HMM model. Firstly, successive observations are conditionally independent of the past

observations and states. Secondly, the state series is the first-order Markov chain [11].
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p(q=2|q;-1=2) p(q=3lq:-1=3) p(a=4q-1=4)

p(q=5q;.1=4)

q=1 q=5
P(x{q=2) P(x|q=3) | P(xlq=4) |
L J
RS

Acoustic observations

Figure 2.4: Three-state HMM model

Even though speech recognition systems using GMM-HMM models had great success,
several weaknesses have already been known since these applications started to use the
models [12]. One of the assumptions that a speech pattern is produced by a piece-wise
stationary process, with instantaneous transitions between stationary states [13], is in
discrepancy to how the human speech is generated - by continuous movements in the
vocal tract. Secondly, the assumption that the probability of being in a state s at time ¢
depends only on a state at time ¢-1. This property of HMM might be problematic since

the actual state may depend on more past states in speech.

Phonetic Decision Trees

LVCSR systems use decision trees for clustering context-dependent HMM states [14]. The
first step of training is calculating the monophone model, which does not depend on any
other phone (context-independent model). The next stage of training builds the context-
dependent model where the actual phone depends, for example, on the left and the right
phone (so-called triphone model). The number of possible triphones is quite large, and
each triphone has a different probability of occurring in the training data. Decision tree

clustering helps to establish the context-dependent model more efficiently.

2.2.2 Lexicon and dictionary

The ASR system considers the dictionary as a list of words that can occur in the input
speech. Once the dictionary does not include a word in the system’s input, the Out of
vocabulary world (OOV) notation is used. Sequences of phonemes can express human
spoken words. Thus, each word needs its transcription into text characters. Lexicon
models each word in the dictionary into the corresponding sequences of phones (a text

form of phonemes).
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2.2.3 Language model

The task of the language model is to find an apriori probability P(W). It represents the
occurrence probability of a word without any acoustic information. These probabilities are
computed for all sentences listed in the training set. The most popular model is the n-gram
model when the probability is computed for a given word based on limited words before,
e.g. for trigram model the probability of occurrence of a word w; is P(w;|w;_1,w;_2).
There is also a special model called uni-gram when the probability of a word w; does not
depend on information from any other word. The probability is computed as the word’s

quantity of occurrence divided by the number of words in the training text corpus.

2.2.4 Decoding

A decoder aims to take the speech representatives from the front-end part and create a
corresponding written form. In other terms, the decoder maps the most probable sequence

of words to make the final transcript of input audio speech.

Weighted Finite-State Transducers

Nowadays, the typical method used for decoding is with (WFST). It uses the AM, lan-
guage model, and lexicon to establish the final decoded text. The WFST uses a static
recognition graph HCLG = H o C o L o G from a composition of particular automata. H
represents the actual HMM topology, C' is a context-dependency transducer from context-
dependent phones to context-independent phones, L stands for lexicon, which maps the
words from the input phonemes, and G is a probabilistic grammar, which sequences the
words in the most probable order based on the language model. A transducer uses a
composition operation that combines the representations. For instance, a pronunciation
lexicon can be combined with the word-level grammar and create the phone-to-word trans-
ducer. The composition operation allows combining all levels of the ASR transducers into
an integrated transducer [15].

The integrated transducer is optimized in two steps: determinization and minimal-
ization. There are several additional optimization methods, but determinization and
minimalization are mainly adopted. The determinization purpose is to eliminate redun-
dant paths in the composed transducers, which reduce the recognition time. Moreover, it
reduced the transducer size and improve the efficiency of composition [15]. This process
is performed at each composition step of every pair of transducers. The final integrated

transducer N can be expressed with equation

N = m(det(H o det(C o det(L o G)))), (2.8)
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where 7, is an erasing operation that replaces the auxiliary distribution symbols by €’s.
L is a modified lexicon L with auxiliary phone symbols. The auxiliary phone symbols
are added at the end of a word and help distinguish two different words with the same
pronunciation. Using L implies adopting context-dependency transducer C that pairs the
context-independent auxiliary symbols from the modified lexicon L. Finally, H is modified
HMM representation H that allows to map the auxiliary context-dependent phones from
C into a new distribution name. The minimization can be express with formula (2.9),
where the min operator is added. The minimization algorithm further decreases the size

of the integrated transducer.

N = 7 (min(det(H o det(C o det(L o G))))), (2.9)

2.2.5 Forced alignment

Forced alignment occurs during the decoding when a model of a sentence is aligned to
the given transcription. The main principle of the alignment is shown in the figure 2.5.
The computation typically uses the Viterbi algorithm, which estimates the likelihoods of
passing through particular paths in the decoding graph. Subsequently, the backtracing
finds the maximum likelihood path. The graph contains information both from the AM
and the utterance content transcript represented by grammar. In this matter, it is crucial
to choose the pronunciation best matches the observed one. The forced alignment assumes
knowing the content of the sentence. If the corpus used for training does not contain a

reference transcription, the alignments are computed as the decoder’s best path.

Forced alignment e

‘Base’

(Base)

Figure 2.5: Forced alignment method [16]



Chapter 3
DNN within speech recognition

There are various approaches of DNN usage in the implementation of the speech recogni-
tion systems. It can help to obtain better-extracted features using unsupervised training.
In that case, the features are extracted from one of the hidden layers of the neural net.
Another typical scheme is the DNN-HMM structure, where the DNNs produce the poste-
rior probabilities over HMM states. Therefore, the DNNs replace GMMs in the standard
GMM-HMM approach. Several enhancements improve the DNN-HMM design, such as
using different neural network settings, a different structure such as LSTM, CNN, and
similar. The most recent implementation uses an end-to-end DNN approach, when the
neural net input is the speech signal or its spectrogram and in the output is the transcript,

recognized text.

3.1 Definition of DNN

A basic DNN is based on a multilayer perceptron (MLP) with numerous hidden layers.
Figure 3.1 shows a DNN with one input layer, three hidden layers, and one output layer.
The size of an input layer depends on the neural network inputs. In the DNN-HMM model,
the neural network receives the extracted features, so the input layer size is the same as
the feature vector. The hidden layer’s size varies based on a particular application’s needs
and is typically more expansive than the input layer. The expected size of the hidden layer
is from 500 up to 10000 neurons, when the number of neurons typically decreases with
fewer hidden layers in DNN. The output layer size depends on the number of classification

classes.

11
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Figure 3.1: DNN with three hidden layers

The so-called activation function defines each neuron of the hidden layer j, which
typically is a logistic function. The most common are sigmoid, giving values 0 or 1, and
a tangent function, giving -1 or 1. The output of the neuron y; can be calculated with

equation (3.1) using the sigmoid function or with formula (3.2), which applies the tangent

function.
1
yjsigmoid = 1 + eij’ (31)
et —e i
Yitangent — m- (3-2)

The z; is the total input to the neuron j and can be mathematically described using the

formula

l'j = bj -+ Zijij, (33)

where b; is the bias of neuron j, 7 is the index of the layer before and wj;; is the connection
weight between layer ¢ and j. The output of the DNN characterizes the a posteriori

probabilities computed by the softmax activation function p; described by equation

[

- (3.4)
> e
=1

pj(z;) =

where index j belongs to the output layer, and the probabilities are calculated for the

neuron potentials z;.
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3.1.1 Training process

The DNN model has two unknown parameter - the weights w;; and the bias b;. These
parameters are estimated during the training process, which can be defined by a training
criterion and a learning algorithm [12].

The most common training criterion in the ASR applications is the cross-entropy [17]
criterion. The cost function C' is then the cross-entropy between the reference output d
and the output of the softmax function p for each training stage j expressed with formula
(3.5), where the reference probabilities are the supervised information used to train the
DNN classifier [18].

C =~ d;logp, (3.5)
J

The training process can use the backpropagation of cost function’s derivatives. This
method may be computationally challenging with a large dataset. The solution for this
problem is to divide training data into smaller batches, and the derivatives are com-
puted within them. Another improvement brings the Stochastic Gradient Descent (SGD)
method by adding a momentum coefficient o which smooths the gradient. The actual
weight w;; for batch ¢ can be then computed using using formula (3.6), where € is the

learning rate and 0 < o < 1.

oC

szj(t) = aAwij(t — 1) — Em,

(3.6)
The biases can be computed with the same method as the weights, looking at them as

the connections from neurons that always value one [18].

3.1.2 Pre-training

DNNs with many hidden layers and units per layer are very flexible, and they can be
trained for very complex and nonlinear relationships between input and output. How-
ever, this fact also comes with disadvantages. It permits to train false regularities as an
accidental characteristic of the training dataset, leading to an overfitting problem [18].
The DNN-HMM model uses supervised training in the training process of the neural
network. Therefore, the DNN needs a reference of the output that the network should
provide. In this matter, the GMM-HMM model is trained in the first places, providing
the context-dependent states from the forced-alignment process as the references. At this
moment, the input feature vector and the reference output of the neural network are
known. Furthermore, the weights and the biases of DNN need to be initialized before the

training starts.
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According to [12], the neural network’s initialization has a significant impact on the
resulting model. There are several approaches to initialize such a network. The first prac-
tice is to set the weights and biases values randomly. Random initialization is necessary
because neurons in the DNNs are symmetric and interchangeable [12]. However, using the
random initialization may not lead to the best-resulting model, and overfitting can occur
while tackling a difficult task. The overfitting can be reduced by using large datasets [19],
but this results in a longer training process time.

Another strategy is to use advanced initialization techniques, including restricted
Boltzmann machines (RBM) and deep belief networks (DBN), which utilize the training
data’s information. The goal is to learn one layer of feature detectors from the previous
layer acting as it already obtained the training data. The pre-training process finds the
region of weight-space, making better progress during the discriminative fine-tuning and

significantly reducing the overfitting [20].

Restricted Boltzmann machines

The RBM is defined by one layer of stochastic binary visible units representing the input
data connected to the layer of stochastic binary hidden units that learn the significant
nonindependence between the visible units [21], as it can be seen in figure 3.2. The

connections are only between units in the visible layer and the units of the hidden layer.

hidden layer
pu

+
input layer

Figure 3.2: RBM network

The RBM algorithm distributes energy to every configuration of visible units, vector
v € RM>1 and hidden units, vector h € {0,1}¥»*! where the N, and N} are the number
of visible and hidden units, respectively [12]. The ASR applications usually use the
Gaussian—Bernoulli (GRBM) when the input units may take real values occurring in the

MFCCs. The mathematical equation of the GRBM energy can be computed as

E(v,h) = %(v —a)(v—a)—b"h— KW, (3.7)
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as seen in [12] where the W € RM*Mo i the weight matrix representing the connection
between visible and hidden units, a € RY**! is the bias vector of visible units and b €
RN»*1 is the bias vector of hidden units.

Using the energy function, each connection between a visible unit and a hidden unit
obtain a calculated probability. Moreover, the posterior probabilities P(v|h) and P(h|v)
necessary for the learning process are defined by equation (3.8) and (3.9), respectively,
where o = (1+¢72)7! is the element-wise logistic sigmoid function, N is a Gaussian, and

I is the appropriate identity covariance matrix [12].

P(v|h) = o(Wv +b), (3.8)

P(hlv) = N(v;WTh +a, 1), (3.9)

Deep belief networks

Once the first RBM is trained, the hidden layers calculated states could be used as the
input data into a new RBM network representing the hidden-to-hidden layer of DNN. Fol-
lowing this principle, it is possible to chain many RBM networks to produce a multilayer
generative model, the so-called (DBN) network [18]. The DBN is used as unsupervised
training to initialize the DNN network. This initialization leads to higher accuracy com-
pared with the random initialization [22].

logistic {
regression layer

RBM 3
+ DBN network

RBM 2

input layer

Figure 3.3: DBN network
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3.1.3 Data augmentation

Data augmentation techniques in ASR helps to increase the amount of training data in
certain corpus. The usage of common used technique as Vocal Tract Length Perturba-
tion (VTLP) [23] showed improved robustness of ASR system trained with speech data
corupted with noise [24] or better acuracy of phoneme recognition [23].

An alternative method to VTLP, the speed-perturbation, is proposed in [25]. The
input audio signal z(t) is subjected to time wrapping by a factor a. The resulting out-
put signal z(«at) has shifted frequency components of the x(Aw) by value of frequency
w [25] which corresponds approximately to a shift of the spectrum in the mel spectro-
gram [26]. These changes in the mel spectrogram are similar to the VTLP method. The

speed-perturbation techniques also make changes in the duration of the audio signal and

therefore prolong the number of frames in the utterance [25].

3.2 DNN-HMM models

A typical DNN requires fixed-size inputs, which is a problem since the speech signals
are time series. Therefore, the speech signal’s variable length must be considered if the
speech recognition system uses the DNN in its implementation. One of the solutions to
this problem is using DNN in combination with HMM. In this design, the HMMs models
the speech signal while the DNNs compute the observation probabilities. The DNN
takes the acoustic observations as an input to the neural network, and in the output,
each neuron represents the posterior probability of continuous density HMM's state [12].
Figure 3.4 shows the DNN-HMM model architecture. The early systems with the DNN-
HMM model used context-independent phones as labels for DNN training and worked
well for smaller vocabulary corpora. Later on, the DNN achieve training with context-
dependent triphones, the so-called senons, which led to promising results even in LVCSR
[27].
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Figure 3.4: DNN-HMM model architecture

3.2.1 Features in DNN-HMM

The DNN input layer usually obtains a vector of short-time features such as MFCC
with delta and delta-delta features. The neural networks may also improve using the
information of the speaker adaptation features. However, the fMLLR and other speaker
adaptation methods need two-pass decoding [28] which is challenging to use in online ASR
applications. iVectors are widely used in speaker recognition [29] and may also be used to
determine the speaker adaptation features for speech recognition purposes. They capture
both the speaker and environment information, which helps rapid and discriminative
adaptation of the DFT [30].

The acoustic feature vector can be considered as a sample, generated with a Uni-
versal Background Model (UBM) [31], represented as a GMM with diagonal covariance
Gaussians [32]. There is an assumption that between GMM speaker-dependent means
and speaker-independent means is a linear dependency. The extraction of the iVector is
computed based on this assumption and is described more in detail in [32]. The most
common method of using iVectors in DNN training is to extract iVectors for each speaker
or utterance and then concatenate it to the acoustic feature vector of the corresponding

speaker or utterance [33]. The resulting vector is introduced in the input of the DNN.
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3.2.2 Time delay neural network

Each layer consists of units with an activation function as in standard DNN. The neurons
in TDNN have added delays Dy up to Dy, where N is the total number of delays. Every
input 7, will be multiplied by the weights of each delay w;4, plus the weight of the
undelayed unit w;. For the TDNN presented in figure 3.5, 30 weights will be necessary
for the number of delays N = 2 and number of inputs M = 10. Each input will be
processed in three different time points - one for the undelayed unit and two for the
delayed units. The logistic function comes after the summation (sigmoid function o is

used in this example).

> DZ 7 W10+2
> D1 7 wiptl
> W10

A
",

N

v] LA A /

> D1 ¥/ witl

I

7"
Figure 3.5: Principle of TDNN network

As mentioned in [34], in the standard DNN, the initial transforms are learned for the
entire temporal context. The TDNN structure is different in the way that the initial
transforms are trained just from a limited context when the deeper layers process the
hidden activations from a broader temporal context [34]. Every layer of the TDNN has a

different resolution which increases with the deeper layer.
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Figure 3.6: TDNN with sub-sampling (red) and without sub-sampling (blue) [34]

The hidden activations are calculated at all time steps, which comes with overlaps
and redundancy between adjacent steps. The standard TDNN structure can be improved
using sub-sampling proposed in [34]. The neighbouring activations can be sub-sampled if
there is a correlation between them. Instead of splicing together the temporal windows of
frames, this approach lets to have gaps between the frames. The difference between the
typical TDNN and the TDNN with sub-sampling is shown in the figure 3.6

As the training algorithm for TDNN can be used standard backpropagation method
with stochastic gradient descent (SGD) updates [34], [35].

3.2.3 Recurrent neural network

Recurrent Neural Networks (RNNs) focus on working with memory when the network’s
outputs depend on the inputs and the previous states. The dependency in prior states
is a question of thorough training of the network. An easy example of RNN is shown
in figure 3.7, where z; is the input of the network, A is one part of RNN, and h; is the
output of the particular layer A. The loop in the layer A can be understood as multiple

copies of classic neural networks as shown in figure 3.8.
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Figure 3.8: RNN expressed as a sequence of neural networks [36]
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The computation of the current state h; is similar to classic MLP with difference that
activations come from both the actual input x; and the delayed hidden layer activation
hi_1. Therefore, the current state h; can be expressed using formula (3.10), where Wy,
are the weights hidden-to-hidden layer, W}, are the weights input-to-hidden, o is the
activation function and b, is a bias. The output of the RNN y; is computed as in MLP
following the formula (3.11), where W, are the weights hidden-to-output.

ht = O'(Whhht,1 —+ thl't —+ bh) (310)

Yy = Wyhhta (311)

Backpropagation through time

The learning process and network’s weights updating are performed by backpropagation,
although with some minor upgrades since the network deals with a sequence in time.
The basic concept of backpropagation through time (BTT) is to unfold the RNN into a
series of feed-forward networks, as shown in figure 3.8. The first step initiates the input
layer and the initial hidden layer states. The weights are randomly set. After that, it is
possible to execute forward and backward propagation and compute the gradients. The
gradients are then averaged, and the weights are continuously updated at the same time.
This process should be repeated for all the elements of the input sequence.

The BTT method has a problem dealing with long-term dependencies when the gradi-
ent flow will decay sharply through non-linear operations [37]. This phenomenon is called

the vanishing gradient problem.
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3.2.4 Long short-term memory

Long-Short Term Memory network (LSTM) is a special kind of RNN which can deal
with the long-term dependencies causing the vanishing gradient problem. The LSTMs
are explicitly designed to learn long-term dependencies.

All the RNNs are possible to unfold into a sequence of classic neural networks. The
difference in LSTM is the structure of the neural network module. The typical RNN
network would have a simple tanh layer as shown in figure 3.9, where the yellow rectangle

is a single neural network layer.

® ® &
t t

I
& ® &)

Figure 3.9: Structure of RNN module [36]

Cell structure

The LSMT’s module structure is more complex, consisting of four neural network layers
as displayed in figure 3.10. Inside the module, four neural network layers are separately
trained. Moreover, there are different operations among the separate outputs of each
layer. The core value is then the state of the cell C;. This state is passed through the
whole chain of the network, and each cell modifies it. Because of the more complex cell
structure, it is possible to control the cell states and outputs much better than in the
classic RNN.
& ® &)
t | t

Cy 1 IN Cy

Figure 3.10: Structure of LSTM module [36]
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Forward propagation inside the cell

The process in the cell starts with two inputs h;_; and z; going to the first layer with
sigmoid activation function ¢ as shown in figure 3.11. This part is also called forget gate
layer, and it decides what information will be removed from the state cell C. The output
of this layer f; can be calculated with the formula (3.12), where the W} is the weight

matrix, and by is the bias.
fe = o(Wylhi—1, 2] + by) (3.12)

fe

hi—1

Tt

Figure 3.11: Forget gate layer of a cell [36]

The following two so-called input layers (figure 3.12) decide about the new information
which will be added to the cell state. The equation (3.13) express the output i; of the
first sigmoid layer. This layer decides which values will be updated in the cell state.
The output of the second tanh layer C; can be estimated with formula (3.14), where the

candidates of new values in the cell state are calculated.

Z.t = U(M/i[ht—ly $t] + bz), (313)
Cy = tanh(Welhe1, 2] + be). (3.14)
1y >
Cy

hi—1

A

Figure 3.12: Input layers of a cell [36]
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The outputs of these two layers are multiplied and sum to the state cell. Figure 3.13

shows the particular operations between the variables from the forget gate layer and the

input layers. Then, the new cell state C; is calculated using the equation (3.15), where

is the element-wise multiplication of the vectors.

Cy=fixCiy + itét

Ci_y

fi

—>>

™

Figure 3.13: A cell state C; updating [36]

@
v

(3.15)

The last sigmoid layer, shown in figure 3.14, influences both the cell state and the

output of the cell h;. The computation is performed in two steps defined by formulas

(3.16) and (3.17).
O = O'(Wo[htfl, ZL’t} + bo)

hy = o, * tanh(Cy)

h: A
Ganb>
Ot 0
hi_1 L | g

A

Figure 3.14: Fourth layer of a cell [36]

(3.16)

(3.17)
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3.2.5 Convolutional neural network

A convolutional neural network (CNN) is a type of DNN that comes with a new network
structure. The two new layers, the convolutional and the pooling layer, are used alter-
natively to the hidden layer in the standard DNN. Typically the input layer of the CNN
obtains so-called feature maps instead of feature vectors. This different input type comes
from image processing, where the neural network deals with 2D objects. The feature map
can be considered for ASR purposes as a spectrogram with time and frequency axis using

static, delta, and delta-delta features.

Locality

One of the fundamental added values of CNN is exploiting the locality characteristic.
Each phoneme may have a various decomposition of energy throughout local bands on
the frequency axis. Combining filters working on different local frequency regions can lead
to better recognition of a particular phoneme. Using local filters also help the robustness
against ambient noise, especially if the noise appears in a specific frequency band.

The CNN inputs have to preserve the locality in both the time and frequency axis
to acquire stated advantages. The time axis input consists of several frames with a vast
context and does not bring locality problems. The difficulties come in the frequency axis
where the standard MFCC cannot be applied because DCT projects the spectral energies
into a new basis that may not keep locality. Therefore, the frequency axis input can be
represented with so-called MFSC features that use the log-energy computed directly from
the MFCC (with no DCT) and their delta and delta-delta features [38].

Input layer structure

There are several ways how to arrange the speech features into the feature maps in the
input layer. The first option is to organize each MFSC feature type (static, delta, delta-
delta) into its feature map. In this case, individual feature type is represented along
the frequency axis, as frequency bands, and along the time axis as frames within each
context window. The normalization of frequency and time axis is accomplished using
two-dimensional convolution. This structure is shown in figure 3.15(b).

The second structure of the input feature maps is displayed in figure 3.15(c) where the
feature map is a vector for each feature type for each frame. So if there are 15 frames per
window and three feature types, the total number of feature maps in the input layer will
be 45, each with a dimension of the number of filter banks (in this example, 40 frequency
bands). This arrangement uses one-dimensional convolution along frequency [38] and will

be considered for the rest of the chapter for a description of CNN.
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Figure 3.15: CNN structures

Convolution layer

The convolution layer also consists of many feature maps which are connected with the
input layer. The principal difference from the hidden layer in standard DNN is that each
convolution unit takes input only from the input’s local region. Therefore, the unit of
the convolution layer represents specific features of the local area. The convolution layer
units can be built into various feature maps, which allows them to share the same weights
but take input from different places of a previous layer [38].

Each input feature map O; (I input feature maps in total) is connected to J feature
maps in the convolution layer );. The connections are represented by I x J local weight
matrices w; ;. The convolution operation deals with the mapping, and for one-dimensional

input feature maps, the units of the convolution feature map are computed as

1 F
Qj,m =0 < Z Z Oi7n+m_1wi7]‘7n —|— w()’j), (] = ]_, ceny J) (318)

i=1 n=1

where o is the sigmoid function, F is the filter size representing the number of filter bands
in every input feature map that each convolution layer unit takes as input, o0;,, is the
m-th unit of the ¢-th input feature map O;, ¢, is the m-th unit of the j-th convolution
feature map @);, and w; ;. is the n-th element of the weight vector w; ; representing the
connection between i-th input feature map and the j-th convolution feature map. The

equation (3.18) can be expressed in matrix form with formula 3.19, where % symbol is the
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convolution operator, O; is the i-th input feature map and w; ; local matrix weight.

1
Q; :a(Zoi*wm), (G=1,..,J) (3.19)
=1

The number of feature maps in the convolution layer defines local weight matrices’ quan-
tity in the described convolution mapping. In real applications, many local weight matri-
ces are identical or very similar and can be removed. Therefore, the networks lower the

number of convolution layers.

Pooling layer

The pooling layer is another layer of CNN that always comes in pair with a convolution
layer. It also consists of the same number of feature maps as the corresponding convolution
layer. However, the feature maps’ size is smaller to decrease the resolution. The pooling
layer generalizes the corresponding convolution layer features, which reduce the variation
among speakers [39]. The reduction can be performed using the max-pooling function to
units in a particular local region specified by a pooling size parameter [38]. The max-

pooling can be computed as

G
DPim = I}ngi’( Qi,(m—l)xs-l—na (320)

where G is the pooling size, s is the shift size, which defines adjacent pooling windows

overlap.

Training CNN

The learning of the CNN network uses the backpropagation algorithm as standard DNNs.
However, there are modifications in order to handle the sparse connections and weight
sharing. The basic weight matrix W is replaced by a large sparse weight matrix W [38].

Following the equation (3.19), the convolution output can be computed with W as
q=o(6W). (3.21)

The input feature vector 6 = [v1|va|...|vpr] consists of row vectors v,,, where M is the
total number of frequency bands. Since the formula (3.21) is mathematically the same
as the output of hidden layer in the standard DNN, the update of W can be computed
using backpropagation as

AW = ¢ o'e, (3.22)
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where e is the error vector, and € is the learning rate. Updating the shared weights adds

a sum over the weights in their update stage as

Aw; jn = Z Awi+(m+n—2)><l,j+(m—1)><.]- (3.23)

3.3 End-to-end models

The rise of speech recognition applications starts to require running the ASR systems on
largely adapted devices that are challenging to handle because of the size of the lexicon
and language model with its corresponding WFST. A different approach to implementing
an ASR system with only DNNs is eliminating the need for the WFST and LM. These
designs are called end-to-end systems, and they map input acoustic feature sequences into
the corresponding sequence of labels.

End-to-end ASR systems consist of a number of components combined together. The
components are particular DNN network structures when the DNN type used in the
system can vary based on the implementation. Applying RNN networks, the usage of
LSTM showed promising results [40], [41] as well as Gated Recurrent Unit (GRU) networks
[42]. The CNN neural networks were also successfully implemented in the end-to-end

systems with encouraging results [43], [44].

3.3.1 Connectionist Temporal Classification

A basic approach of an end-to-end ASR system can be constructed with neural network
layers stacked together with the Connectionist Temporal Classification (CTC) loss. This
architecture does not need to align the data in advance but requires just trained output
of the network since it uses supervised training [45]. The output of the CTC model is
a probability distribution of corresponding labels and the so-called blank symbol. Each
spike in the speech corresponds to a classification. The parts of the speech without any
spikes are represented with the blank symbol [45]. The posterior probability of the output

label sequence P(y|x) can be computed as
T
Plle) =3 I[P, (3.24)
geB(y,z) t=1

where B represents all possible alignments, y is the output label sequence, g is the output

label sequence after removing all blank symbols, and z is the network input. The equation
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(3.25) determine the CTC loss L.
L = — Bllog(P(y]2))]. (3.25)

The model uses the forward-backward recursion algorithm assuming conditional indepen-
dence [46]. Figure 3.16 shows the architecture of the CTC loss model.
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Figure 3.16: CTC loss end-to-end model

3.3.2 Attention model

The attention model uses an attention mechanism that computes the similarity score be-
tween the decoder and every encoder frame [45]. The attention mechanism is represented
in the model architecture by another component inserted between the encoder and de-
coder, as shown in figure 3.17. The output of the attention component is the context
vector entering into the decoder. Mathematically, the attention process can be express

with equations

em1 = energy(he, hic), (3.26a)

U, = softmax(em,), (3.26Db)
M-1

c, = Z Y el (3.26¢)

m=0
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where e,,; is the energy between encoder hidden output Ay'¢ at time m and decoder
hidden output h{*s at the label index [ — 1. Formula (3.26¢) computes the final context

vector c¢; used as the input to the decoder.
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Figure 3.17: Attention model



Chapter 4

DNN-HMM ASR system

implementation

The experimental ASR system was implemented using Kaldi, a free, open-source toolkit
for speech recognition licensed under the Apache License v2.0. Kaldi is written in C++
language and supports many state-of-the-art designs such as standard methods using
the GMM-HMM model or systems with DNN. The fundamental advantages of the Kaldi
toolkit are the ability to use finite-state transducers, extensive linear algebra, and its non-
restrictive license [3]. Kaldi contains many recipes that serve as examples of how to work
with Kaldi tools using bash scripts. Each part of the recognition system is implemented
in a separate script. Therefore, it is easier to modify the recipe for a new dataset or adjust
parameters or methods based on different preferences.

The DNN-HMM ASR experimental setups use the standard s5 Kaldi recipe for LVCSR.
The overall process is to train the standard GMM-HMM model and obtain triphone mod-
els with their WFST graphs. Later, DNN networks are trained using the triphones model,
and a new decoding process is performed. The DNN part works with the latest Kaldi
recipes of neural networks nnet3. Additionally to the standard nnet3 models, the chain
models are used for several implementations. Two DNN architectures, TDNN and LSTM,
are adopted in both the standard nnet3 and chain models. Additionally, one more neural

network, CNN, is selected using the chain models.

4.1 Recipe for LVCSR

This section describes the implementation of the DNN-HMM LVCSR system used for the
experiments of this thesis. The implementation is divided into four stages, where stages
1-3 define the GMM-HMM model and stage 4 describe the training and decoding process
of the DNN-HMM system.

30
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4.1.1 Stage 0: Data preparation

The first step in the experimental ASR system implementation is the data preparation
which consists of a definition of train, development, test data, creation of language models
and lexicons. The corpora’s data is divided into several groups of speakers with its utter-
ances. The data preparation process generates list files for each data group necessary later
in the ASR process. The lists contain information about the speaker’s ID, corresponding
utterances, transcript of the utterances, paths to original audio files, and similar.

The LMs are built using the standard n-gram model for train and test datasets. More-
over, several versions of LMs are used in the ASR system when the differences are in the
adopted dictionary, which may contain silences or OOV words. The implementation with
the Czech corpora uses one silence phone, silence (SIL), whether the implementation with
the English corpora uses three silence phones, silence (SIL), spoken noise (SPN) and
non-spoken noise (NSN).

Firstly, the LM for the train dataset is created. The folder representing the LM for
training contains lists of words and phones and a file topo, which represents the states
and transitions among states for HMM model. In the experimental setups, three and
five states were used to describe silence and non-silence phones, respectively. Further,
L.fst file is created for the WFST method in the decoding process based on the lexicon.
Then, the LMs for each test dataset are created with additional G.fst file representing
the grammar G in the WSFT algorithm. The LM is firstly built without the silence

probabilities. Later, the silences are added into the lexicon, and another LM is created.

4.1.2 Stage 1: Feature extraction

The implemented ASR system uses MFCC features. The features extraction process
begins with a definition of the frame length, where 25 ms frames are used with 10 ms
shifts. The preemphasis, offset elimination, and multiplication of Hamming window are
performed for each frame. Next, the power spectrum is computed using fast Fourier
transform (FFT). The mel bank consists of 23 overlapping triangular bins with equally
spaced centers in the mel-frequency domain. The cutoff frequency of mel frequency filter
banks is from 20 Hz to 7800 Hz. The energy is calculated in each of these mel bins
and takes the log value of the energies. Next, the 13 cepstral coefficients are computed
using the cosine transform. The sampling frequency is 16 kHz. Additionally, the CMVN
technique described in section 2.1.3 is applied. The normalization is done at the speaker

level.
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4.1.3 Stage 2: Acoustic modeling in GMM-HMM model

The experimental ASR system uses forced alignment discussed in chapter 2.2.5 to optimize
the AM parameters. This alignment is executed in each cycle of the training process.
There are several AMs used in the ASR implementation. Each model use the MFCC
features normalized with CMVN technique with some extra features. The monophone
AM mono was expanded into context-dependent triphone models tri1, tri2, tri3, and trij.
The AMs also differ in which LM is used. There are both LM without pronunciation and
silence probabilities (sp) and without them (nosp). The overview of the features used in
a particular AM is shown in the table 4.1. All the feature types are explained in chapter
2.1.

Model Features LM
mono MFCC nosp
tril MFCC, delta, delta-delta  nosp
tri2 MFCC, LDA, MLLT nosp

tri3 ~ MFCC, LDA, MLLT, SAT nosp
trid  MFCC, LDA, MLLT, SAT  sp

Table 4.1: Overview of AMs used in ASR implementation

4.1.4 Stage 3: Decoding in GMM-HMM model

The next stage of ASR implementation creates the HCLG graph used in the decoding
process. The finite-state transducer accepts the probability density function (PDF) IDs
in the input and produces word IDs in the output. Once the HCLG graphs for each model

are created, the decoding process calculates the final transcript.

4.1.5 Stage 4: DNN training and decoding

The GMM-HMM model is trained at this stage and can provide the necessary alignments
for the DNN-HMM model training. The experimental ASR implementations use the
latest Kaldi DNN recipes, nnet3 models. Two DNN architectures are adopted in the
experimental setups using nnet3 models, TDNN and LSTM. Moreover, the DNN-HMM
chain models introduced as part of nnet3 are applied. There are three DNN architectures
selected using the chain models, TDNN, LSTM, and additionally CNN network.
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Chain models

The chain models use three times smaller frame rate at the neural net output, which
lowers the computational time during the test stage. Therefore, the systems should be
about three times faster to decode. Furthermore, the system’s accuracy is supposed to
be approximately 5 % better and the training stage a bit faster. The training is based on
the maximum mutual information (MMI) method [47] without the needs of lattices [48].
The training process performs a full forward-backward algorithm on a decoding graph
determined from a phone n-gram LM. The HMM topology is transformed to allow the
HMM traversal in one state obligated because of the reduced frame rate. So far, the HMM
transition probabilities are fixed without any further training. Additionally, a phone LM

is generated from the training data phone alignments necessary for the FST creation.

Data augmentation and iVector creation

Before the DNN training process starts, the data and features are adapted to the pur-
pose of DNN training. Firstly, the data augmentation is performed using the speed-
perturbation technique. The MFCC features with CMVN normalization are computed for
these low-resolution speed-perturbed data necessary for the alignment. The low-resolution
MFCCs have dimension of 13 and follow the configuration described in 4.1.2. Secondly,
the volume-perturbation is executed on the training data, which helps the trained DNNs
to be more invariant to the test data volume. Next, the high-resolution MFCC features
with CMVN normalization are determined. The process of high-resolution MFCCs ex-
traction is the same as for the low-resolution MFCCs but with a configuration shown in
the table 4.2. The feature vector keeps all the 40 MFCCs which provide the same infor-
mation as the filterbank features. However, the MFCCs are more efficiently compressible

because of the lower correlation.

Parameter Value Significance
—use-energy false using average of log energy
—num-mel-bins 40 number of mel bins
—num-ceps 40  number of cepstral coefficients
—low-freq 20 low cutoft frequency
—high-freq -400 high cutoff frequency

Table 4.2: Configuration of high-resolution MFCCs extraction
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The second part of the process creates and trains the iVector. In the first step, about
a quarter of the high-resolution data are dedicated to training a diagonal UBM model.
The principal components analysis (PCA) [49] transform is computed using these data.
The diagonal UBM is then trained with 512 Gaussians. Finally, the iVector extractor is
trained using all the speed-perturbed data. The iVector dimension is set to 100. The
iVector is also extracted for the test data, but in such case, no speed-perturbed data are

needed.

TDNN architecture

Firstly, the standard nnet3 model architecture of TDNN is adopted in the experimental
setup. The input to the TDNN network consists of two types of features: 40-dimensional
MFCC features and 100-dimensional iVector. The iVector is concatenated with five MFCC
feature vectors in one 300-dimensional feature vector. Further, the component’s decorre-
lation is performed with the LDA method with an output vector of size 650, which is the
input to the TDNN network. Figure 4.2 left shows the nnet3 TDNN network structure
with five TDNN blocks. The TDNN block layers are shown in figure 4.1 where each
layer proceed following operations: affine transformation, ReLU activation, and batch

normalization, respectively.

Affine
TDNN
ReLU
¢ block
Renorm

Figure 4.1: TDNN block layers

As described in chapter 3.2.2, TDNN blocks perform 1-dimensional convolution on
input vectors at time ¢. The first TDNN block does not apply any convolution, the second
and third process the input vectors at times ¢t — 1, ¢, ¢t + 1, the fourth block at times t — 3,
t, t+ 3, and the fifth block at times t — 6, t — 3, and t. The output block applies the affine
transform and the log-softmax function and produces a vector of dimension 3344.

The training proceeds with the cross-entropy method. Training parameters remain
with their default values except for —use-gpu which is modified from value ”yes” to value
"wait”. This option allows training the neural network with fewer GPU devices than the
number of jobs during the training. The GPU must be set to the exclusive mode in order
to use the "wait” option. Finally, the decoding process is done in the standard way as in
the GMM-HMM model with corresponding test data.
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Figure 4.2: TDNN network structure

Figure 4.2 right shows the TDNN architecture using the chain models. The first
TDNN block with a hidden layer’s dimension of 1024 follows twelve factored TDNN
blocks (TDNN-F) whose structure is based on the TDNN but is trained from a random
start with one of the two factors of each matrix constrained to be semi-orthogonal [50].
Figure 4.3 shows the difference in structure of TDNN and TDNN-F block. The TDNN-F
block introduces a linear bottleneck layer where the weight matrix from the standard
hidden layer to the bottleneck layer is supposed to be semi-orthogonal. The dimension of
the TDNN-F hidden layer is 1024, with a bottleneck layer dimension of 128. The output
consists of two blocks: the first block based on lattice-free MMI criteria (chain) and the
second output block using cross-entropy criteria (xent). Each output block produces a
vector with a dimension of 2840.

The training process of chain-based TDNN differs in several ways described early in
chapter 4.1.5. A new LM model is built based on the chain topology, which is later utilized
to create a phonetic decision tree. The decision tree works with the alignments of speed-
perturbed data obtained during the data augmentation and iVector creation process. The

decoding with chain models is the same as in the standard nnet3-based TDNN.
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Figure 4.3: TDNN and TDNN-F block structure

LSTM-TDNN architecture

The LSTM-TDNN network is adopted using the standard nnet3 models has the same
300-dimensional input feature vector as the TDNN. Figure 4.4 left represents the LSTM-
TDNN architecture with six TDNN blocks of dimension 520. The TDNN block has the
same composition as in the standard TDNN network shown in figure 4.1. Additionally,
three LSTM blocks are added to the network. Each of the LSTM blocks has a cell
dimension of 520 and uses the so-called projected LSTM (LSTMP) [51]. The LSTM
block contains both recurrent and non-recurrent projection layers with a dimension of
130. The output block performs the affine transform and the log-softmax function and
returns a 3344-dimensional vector.

The network training is performed with the cross-entropy and produces AMs in output
chunks. This approach differs from the feed-forward TDNN training, which produces
individual outputs. Additionally, the shrinkage stage is added, which scales the model
parameters when the derivative averages at the non-linearities are below the threshold.
Training parameters are set to their defaults value except for the —use-gpu, which is
changed to "wait”. The decoding process is done in the standard way as in the TDNN
model with corresponding test data.

The LSTM-TDNN architecture using the chain models is shown in figure 4.4 right. It
is the same feature vector with a dimension of 300 as in the standard nnet3 LSTM-TDNN
network. The first part of the network constitutes four TDNN blocks with a dimension
of 448. Next, the LSTM block with a cell dimension of 384 has the chain model structure
with a 256-dimensional bottleneck layer. Finally, two blocks compose the network output.

The chain output block uses the lattice-free MMI criteria and outputs a 2832-dimensional
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vector, while the xent output block operates on a cross-entropy objective with an output
vector of the same dimension 2832. Training is similar to the nnet3 models with a few
modifications to satisfy the chain model’s criteria. The decoding process persists without

any changes.

- LSTM nnet3 - LSTM chain
- model - model
: TDNN : TDNN
blocks 1-2 blocks 1-4
TDNN 1 o
blocks 3-4 3 t t+3
TDNN

TDNN
blocks 5-6

Figure 4.4: LSTM-TDNN network structure

CNN-TDNN architecture

The CNN-TDNN network is implemented only for the chain models. The input of the
CNN-TDNN network consists of two types of features, the iVector, and the Mel filter-
banks. Since the standard input feature vector is with MFCC features, there is an addi-
tional layer on the network input which converts the MFCC features into Mel filterbanks

using IDCT transform. Moreover, the feature vector is transformed and sorted into the
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matrix form. The CNN-TDNN network receives an input matrix containing values from
iVector and Mel filterbanks vectors.

The network architecture consists of six CNN blocks followed by nine TDNN-F blocks
as shown in figure 4.5. Each CNN block size is represented with a matrix with a height
(rows) and a number of filters (columns). The size of the matrix can differ in the input and
the output of a particular CNN block. Additionally, parameters 'time offset’ and ’height
offset’ define the context, i.e., which frames are processed. There are three components
used in the CNN block: convolution, ReLLU, and batch normalization. The convolution
component applies time and feature space convolution on the input matrices, followed by
operation ReLLU and batch normalization. The TDNN-F blocks have a dimension of 1024
with a bottleneck size of 128. The network output works with two types of output blocks.
The chain output block with lattice-free MMI criteria produces a 2840-dimensional vector,
and the xent output block with cross-entropy criteria produces a vector of a dimension
2840. The training process is the same as in the TDNN chain model training with settings
adapted to the CNN-TDNN network. The training parameters are left with their default

values. The decoding process persists without any changes.

'CNN-TDNN
chain model

CNN N
blocks 1-6

TDNN-F TDNN-F
blocks 1-9

Figure 4.5: CNN-TDNN network structure



Chapter 5
Experimental part

The experiments were realized for English and Czech languages using recipes described in
the previous chapter. The nnet3 recipes used in the experiments are primarily enhanced
for the English Wall Street Journal (WSJ) corpus. Then, the recipes were adapted so
that they could also be used for the Czech corpora. The evaluation was done using the

standard WER metric, which works on the word level and can be calculated as

S+D+1
WER = % x 100, (5.1)

where S stands for substitution, which represents the count of correct words replaced by
incorrect ones in the recognized sentence, D (deletion) expressed when a valid word is
missing in the recognized sentence, I (insertion) represents words added to the sentences
even though they do not belong there, and N is the number of words in the reference
transcript.

An ASR setup for the English language uses one corpus, WSJ, divided into train
and test datasets. Data for Czech languages are constructed from more corpora joined
together. A train dataset consists of TEMIC and SPEECON corpora. Moreover, data
from the SPEECON corpus are divided and also used in the test dataset along with
CtuTest, and CzLecDSP corpora.

The experimental part aims to testify the accuracy of DNN-HMM over the standard
GMM-HMM models for the English and Czech language. Additionally, investigate the
improvements in DNN-HMM systems when the DNN is trained with alignments from the
GMM-HMM system with different model parameters. Lastly, compare the efficiency of
the latest Kaldi DNN models, the nnet3, and the chain models in the speed and accuracy

domain.

39
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5.1 Results for various DNN-HMM ASRs

The first part of the experiments compares the accuracy of the DNN-HMM models for
English and Czech languages. The results evaluate three DNN types, TDNN, LSTM, and
CNN. Additionally, the DNN-HMM models are compared with the GMM-HMM model,
whose computed alignments were used for the DNN training. The GMM-HMM model
works with trigram LM and ¢r:3 triphone AM described in table 4.1.

5.1.1 DNN-HMM systems for English

This chapter introduces the adopted corpus used in the DNN-HMM system with the
English language, followed by a section with achieved results. The GMM-HMM model
was trained using all data from the train and test datasets presented later in this chapter
by table 5.2 and 5.3, respectively, while the DNN network of the DNN-HMM model was
trained using only the Train28; train dataset. The results were obtained for two test

dataset, Dev93 and Fval92 also presented later in this chapter.

Adopted corpora

Wall Street Journal (WSJ) dataset used in the implementation consists of close-
talking microphone English recordings. According to the WSJ design [52], corpus supports
both speaker-dependent and speaker-independent training. There is an equal portion of
verbalized and non-verbalized punctuation, different speaker adaptation materials, equal
numbers of male and female speakers with various voice quality and dialect. Most of the
utterances are recorded in read mode when the speaker is asked to read newspaper text
paragraphs. Dataset also contains a small amount of spontaneous speech for comparison.
Test data are constructed in order to examine the performance of speaker-dependent
and speaker-independent modification and variable size of lexicon with open and closed
vocabulary to test so-called out-of-vocabulary model [52].

The dataset is divided into two subsets wsj0 and wsj1 as shown in table 5.1. The data
are further combined and organized into train and test groups. Table 5.2 and 5.3 shows

the distribution of train and test dataset, respectively.

wsj0  wsl  wsj0 4+ wsl

Speakers 84 200 284
Utterances 7240 30276 37516

Table 5.1: WSJ data structure
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Train284 Train&4

Speakers 282 83
Utterances 37318 7138

Table 5.2: WSJ train datasets

Dev92 Dev93 Eval92 Eval93
5k 20k 5k 20k bHk 20k 5k 20k

Speakers 10 10 10 10 8 8 10 10
Utterances 410 403 513 503 330 333 215 213

Table 5.3: WSJ test datasets

Results

Table 5.4 presents the resulting WER for each experimental ASR system implemented
for the English language. The results of a model DNN (nnet2) written in italics are
taken over from [53] and were computed for the DNN-HMM model with a simple feed-
forward DNN network using older Kaldi nnet2 models. Overall, the decoding of Eval92
test dataset had better WER than the Dev93 dataset, except the DNN (nnet2) model.
Each DNN-HMM model within nnet3 had better accuracy than the GMM-HMM model
when the best result was achieved for Eval92 dataset using TDNN (chain) architecture
with WER of 2.68 % and for Dev93 dataset using CNN-TDNN (chain) architecture with
WER of 4.44 %.

Model Dev93 Ewval92
DNN (nnet2) 7.02 7.25
GMM-HMM 11.16 7.25
TDNN (nnet3) 6.64 3.70
TDNN (chain) 4.68 2.68

LSTM-TDNN (nnet3) 6.80  3.97
LSTM-TDNN (chain) 557  3.14
CNN-TDNN (chain) 4.44 2.69

Table 5.4: WER results for English test datasets
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5.1.2 DNN-HMM systems for Czech

The second part of the DNN-HMM comparison experiment is realized for the Czech
language. The data consisted of various Czech corpora describe more below. The train
dataset included two corpora defined by table 5.5 and was used for the GMM-HMM
training and the DNN-HMM training. The LM uses Czech National Corpus (CNK)
dictionary with a size of 340000 words. There were three test datasets (presented by
table 5.6) used to evaluate both the GMM-HMM and DNN-HMM models.

Adopted corpora

SPEECON is a Czech corpus with recordings from 550 adult speakers, taped in various
environments (office, public areas, cars, and so) using four microphones (headset, close
distance, medium distance, and far distance). The experiments use only the recordings
from the headset microphone. The audio files use a 16 kHz sampling frequency and a raw
16bit Pulse-Code Modulation format [54]. Data from the SPEECON corpus was used
both for training and testing the implementations. The SPEECON corpus was combined
with the Czech corpora described more below to obtain a larger dataset. Table 5.5 and

5.6 shows the distribution of train and test data, respectively.

SPEECON TEMIC

Speakers 225 301
Utterances 60877 12724

Table 5.5: Train datasets for experiments with Czech language

SPEECON CtuTest CzLecDSP

Speakers 24 40 8
Utterances 699 577 995

Table 5.6: Test datasets for experiments with Czech language

TEMIC corpus consists of Czech language recordings from 1000 speakers. The audio
files were recorded in a car with two channels and three different microphones. Even
though the recording was done in various car conditions (engine turn on/off, driving), all
the experiments in this thesis use just the recording from a standing car with engine turn
off and the headset microphone to match with the SPEECON dataset. Both the training
and testing stages of the experiment use data from the TEMIC dataset as shown in the
table 5.5 and 5.6.
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CtuTest is a private corpus of Czech Technical University in Prague. The dataset
contains read speech of sentences from a journal with various topics with a total length
of approximately one hour which is relatively more minor than other corpora used in the
experiments. Therefore, the CtuTest database is used for testing purposes. The recordings

use 16 kHz sampling frequency and 16 bit linear Pulse-Code Modulation (PCM) format.

CzLecDSP designed by Czech Technical University in Prague consists of audio record-
ings from lectures about digital signal processing. It is a dataset with spontaneous speech,
but the utterance’s content is more formal. The audio files were recorded using 16 kHz
sampling frequency and 16 bit linear PCM format. The implementation uses this dataset

only for the testing stage.

Results

Table 5.7 presents the resulting WER for each experimental ASR system implemented for
the Czech language. The results of a DNN (nnet2) model written in italics are taken over
from [55] and were computed for the DNN-HMM model with a simple feed-forward DNN
network using older Kaldi nnet2 models. The best result for the Czech language was also
accomplished with the TDNN network with WER 10.78 % for the CtuTest dataset, which
is approximately 9 % improvement compared to the GMM-HMM model.

Model CtuTest SPEECON CzLecDSP
GMM-HMM 17.0 23./ 41.3
DNN (nnet2) 15.2 21.1 37.4
GMM-HMM 19.68 23.11 47.18
TDNN (nnet3) 18.83 18.33 31.60
TDNN (chain) 10.78 11.55 25.98
LSTM-TDNN (nnet3) 17.39 18.74 31.53
LSTM-TDNN (chain)  13.71 13.26 32.23
CNN-TDNN (Chain) 11.21 11.55 21.86

Table 5.7: WER results for Czech test datasets

All implementations using nnet3 and chain models had better results than the DNN
nnet2 model except when using the CtuTest dataset, where TDNN and LSTM-TDNN
standard nnet3 models had worse results than the simple DNN nnet2 model. The reference
GMM-HMM model for nnet2 using the CtuTest dataset is better trained than the GMM-
HMM model used for nnet3 and chain models. Therefore, they may be harder to train
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in order to achieve better results. The GMM-HMM for nnet2 used CtuCopy tool [56]
for the feature extraction while the GMM-HMM model for nnet3 used standard recipe
make_mfcc.sh included in the Kaldi toolkit, which may be one of the reasons for getting
different WER results in the GMM-HMM models. However, the chain models achieved
significantly better results even though they were trained with worse reference GMM-
HMM model.

The DNN-HMM system for the Czech language achieved significant accuracy gains
over the GMM-HMM model as the DNN-HMM system for the English WSJ corpus.
Hence, the adaptation of the DNN-HMM models to the Czech corpora can be considered

adequate and effective.

5.2 Training variants of DNN-HMM

The second part of the experiments examines the GMM-HMM models trained with differ-
ent LM and analyzes their influence on the resulting DNN-HMM system accuracy. There
were used two DNN types in the DNN-HMM model, TDNN and LSTM, to evaluate these
experiments. The results were computed for the English language using WSJ corpus with

the same data structure described in section 5.1.1.

5.2.1 Impact of the n-gram model

Two n-gram LMs were used in this experiment - the trigram and fourgram models. Firstly,
the GMM-HMM model decodes with a trigram LM model to obtain the reference align-
ments for the DNN-HMM model training. Secondly, the fourgram LM for the GMM-HMM
model is created using lattice LM rescoring [57] in ARPA format. Then, the GMM-HMM
model decodes with the rescored LM to obtain reference alignments for the DNN-HMM
training. The experiments use the tri3 AM.

Table 5.8 presents the achieved results using WER metric. Using the fourgram model
resulted in better accuracy in all tested systems for both test datasets. The improvements

are not huge when WER always decreased less than 1 %.

GMM-HMM TDNN LSTM-TDNN
LM type Dev93 Eval92 Dev93 Eval92 Dev93 Eval92

tri-gram 9.40 5.42 6.64 3.70 6.80 3.97
four-gram  8.56 4.52 6.00 3.14 6.04 3.56

Table 5.8: WER comparison of models using LM with tri-gram and four-gram model
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5.2.2 Impact of silence and pronunciation probabilities

This part evaluates the impact of the training model with a dictionary with (nosp) and
without (sp) silence and pronunciation probabilities. The GMM-HMM model is trained
using the particular trigram LM and generates the reference alignments for the DNN-
HMM model.

Table 5.9 shows the results for each LM settings using WER metric. The improvements
in accuracy can be seen in each example of the DNN-HMM model. However, the WER
difference between nosp and sp dictionary is not significant, and the usage of silence and

pronunciation probabilities had an even smaller impact than the fourgram LM.

GMM-HMM TDNN LSTM-TDNN
LM type Dev93 Eval92 Dev93 Eval92 Dev93 Eval92

nosp 9.40 5.42 6.64 3.70 6.80 3.97
sp 9.33 5.37 6.34 3.62 6.16 3.83

Table 5.9: WER comparison of models using dictionary with and without silence and
pronunciation probabilities

5.3 Comparison of nnet3 and chain models

This section compares two Kaldi DNN models: the standard nnet3 model and the chain
model. The results evaluate the accuracy changes between these two models and their
differences in training and decoding time. One of the main benefits of using chain models
instead of the standard nnet3 should be its significant reduction in decoding time which

may be very important in online ASR applications.

5.3.1 Model processing time

Table 5.10 presents the resulting times of training and decoding stages for two DNN
structures, TDNN and LSTM, using the WSJ corpus. Our results confirm the assumption

that the chain models decode faster than the nnet3 models.

TDNN LSTM-TDNN

Train time Decode time Train time Decode time

nnet3 895 h 6.10 m 9.08 h 19.05 m
chain 19.35 h 2.03 m 7.30 h 2.25 m

Table 5.10: Training and decoding time of nnet3 and chain models
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The decoding time of a chain model with a TDNN network decreased approximately
three times than the implementation based on nnet3. However, the training time is
more than twice longer for the TDNN chain model. Even though the decoding time
is usually more critical in real applications, this disadvantage of longer training time
may be considered. Chain models using the LSTM network come with an even more
significant improvement with more than eight times faster decoding time than the nnet3

implementation. Moreover, the training time decreased approximately by 20 %.

5.3.2 Model accuracy

This section compares the accuracy of nnet3 and chain models with TDNN and LSTM
systems using the WER metric. Table 5.11 presents the WER rates for Dev93 and Eval92
dataset of English WSJ corpus. The accuracy improvements can be seen for both TDNN
and LSTM-TDNN chain models. The WER declined not more than 1 % for chain models,
except the TDNN chain model using the Dev93 test dataset, where the WER decreased
almost by 2 % compared to the TDNN nnet3 model. Table 5.12 shows the WER results
for Czech corpora. The chain models achieved better accuracy except for the LSTM-
TDNN model for the CzLecDSP dataset when the chain models had slightly worse results
than the standard nnet3 model. Generally, the chain models with the TDNN network
accomplish greater improvement in the accuracy over the nnet3 models than the models
with the LSTM-TDNN network.

TDNN LSTM-TDNN
Dev93 Ewval92 Dev93 Eval92

nnetd  6.66 3.58 6.79 3.85
chain  4.68 2.68 5.57 3.14

Table 5.11: WER comparison of nnet3 and chain models for English

TDNN LSTM-TDNN
CtuTest SPEECON CzLecDSP CtuTest SPEECON CzLecDSP

nnetd  18.83 18.33 31.60 17.39 18.74 31.53
chain 10.78 11.55 25.98 13.71 13.26 32.23

Table 5.12: WER comparison of nnet3 and chain models for Czech



Chapter 6
Conclusions

The first part of this thesis introduced the theory of GMM-HMM based speech recognition
and DNN networks used in the ASR systems. Two DNN based speech recognition sys-
tems, the DNN-HMM and end-to-end, were presented with their properties and possible
architectures. The DNN-HMM ASR system was further studied and implemented using
the Kaldi toolkit. The DNN-HMM implementations used the newest Kaldi DNN nnet3
recipes with TDNN, LSTM, and CNN networks.

Inspired by the literature, the thesis investigates the following problems: Firstly, the
possible accuracy improvements of the DNN-HMM over the GMM-HMM models for En-
glish and Czech languages. The implementation for this experiment is primarily built for
English corpus WSJ and then further adapted to Czech corpora. Therefore, the exper-
iment should also reveal whether adaptation to the Czech language results in accuracy
augmentations. The experimental results confirmed the accuracy increase of the DNN-
HMM model over GMM-HMM for all DNN types when the implementations with TDNN
network achieved best results with WER 2.68 % with the English corpus and 10.78 %
with the Czech corpus. However, models with the CNN network achieved very compa-
rable results. The DNN-HMM system for the Czech language achieved similar accuracy
gains over the GMM-HMM model as the DNN-HMM system for the English WSJ corpus.
Therefore, the adaptation of the DNN-HMM models to the Czech corpora can be consid-
ered adequate and effective. Secondly, test the impact on the accuracy of the DNN-HMM
model trained with alignments from GMM-HMM using LM with different n-gram models
and LM with a dictionary with and without silence and pronunciation probabilities. The
results showed slight improvements using LM with fourgram over the trigram-based LM
and using LM with the dictionary with silence and pronunciation probabilities. However,
the accuracy changes of the DNN-HMM model correlated with the changes of the GMM-
HMM model used to train the DNN. Therefore, the modification of LM seemed to have just

minor significance. Lastly, compare the accuracy and processing time of the DNN-HMM

47
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model implemented using standard nnet3 models and nnet3 chain models. The systems
based on chain models achieved considerably better results for all DNN types. Decoding
time was significantly reduced for all DNN-HMM systems using the chain models when
the LSTM-TDNN model decoded almost nine times faster than implementation using
standard nnet3 models. Additionally, the training time also decreased approximately by
20 % for the LSTM-TDNN network. However, the model with a TDNN network trained
more than twice slower.

Due to the time and hardware limitations, the thesis did not contain the experiments
with the end-to-end systems. The Kaldi toolkit includes some recipes for end-to-end sys-
tems that could be considered to use for experimental implementations. An interesting
experiment could compare the accuracy of the end-to-end systems with DNN-HMM mod-
els with the same corpora since the size of the training dataset is critical for DNN based
ASR system. Further, several Python-based toolkits are developed combining the Kaldi
toolkit with Python-based layers. The PyTorch-Kaldi speech recognition toolkit [58]
presents a different approach for implementing the DNN-HMM ASR system using the
Kaldi for the feature extraction, label computation, and decoding, while the PyTorch-
Kaldi toolkit manages the DNN network part. Another tool is PyKaldi [59] providing
Python wrappers for the C++ code in the Kaldi toolkit. Combining Kaldi and Python
can deliver further advantages in building particular applications, which may be more

user-friendly for commercial use.
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