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Abstract 
The automatic speech recognition area has started to adopt end-to-end neural network so­
lutions for creating speech recognizers. However, the data hunger nature of these types 
of systems allows for the creation of recognizers only for high-resource languages, such as 
Engl ish , Chinese or Spanish. In low-resource scenarios, some solutions which alleviate the 
data scarcity problem have to be developed. One of the most effective techniques for this is 
fine-tuning a pre-trained model. The problem wi th the existing approaches of fine-tuning is 
that the token set of target and source languages does usually differ. Tha t is why previous 
mult i - l ingual transfer learning approaches required the output layer to be changed, or mixed 
tokens from different languages i n the output layer, or use universal token sets, or have sep­
arate output layers per language. T h i s is undesirable because the sharing across languages 
i n this case latent and not controllable in the output space when the language-specific 
graphemes are disjoint. Therefore this work proposes to map the tokens to the common 
set before the beginning of the pre-training. The existing solution was a transli teration of 
the source language to the target one, the novel approach is romanizat ion where the token 
set of the target language is romanized to match the Engl i sh alphabet. Subsequently, the 
diacritics from the romanized hypotheses can be restored using an addi t ional restoration 
model. This has the advantage of increasing sharing in the output grapheme space. 

Abstrakt 
Oblast a u t o m a t i c k é h o rozpoznáván í řeči zača la p ř i j íma t end-to-end řešení neu ronové s í tě pro 
v y t v á ř e n í r ozpoznávačů řeči . Povaha d a t o v é h o hladu t ě c h t o t y p ů s y s t é m ů však umožňu je 
v y t v á ř e t rozpoznávače pouze pro j azyky s ve lkými zdroji , jako je ang l ič t ina , č ínš t ina nebo 
španě l š t ina . Ve scénář ích s n í zkými zdroji je t ř e b a vyvinout n ě k t e r á řešení , k t e r á zmí rn í 
p r o b l é m nedostatku dat. Jednou z nejúčinnějš ích technik je do l aděn í p ř e d t r é n o v a n é h o mod­
elu. P r o b l é m se s távaj íc ími p ř í s t u p y l aděn í spočívá v tom, že sada t o k e n ů cílového a zdro­
jového j azyka se obvykle liší. To je d ů v o d , p r o č p ředchoz í p ř í s t u p y k učen í v íce jazyčného 
p řenosu vyžadova ly z m ě n u v ý s t u p n í vrs tvy nebo smíchán í t okenů z různých j a z y k ů ve výs­
t u p n í v r s tvě , p ř í p a d n ě použ i t í un iverzá ln í sady tokenů anebo s a m o s t a t n é v ý s t u p n í vrs tvy 
pro k a ž d ý jazyk. To je nežádouc í , jelikož sdílení n a p ř í č j azyky je v tomto p ř í p a d ě la­
t e n t n í a neov l ada t e lné ve v ý s t u p n í m prostoru, když jsou grafémy specifické pro d a n ý jazyk 
d i s junk tn í . P ro to tato p r á c e navrhuje m a p o v á n í t o k e n ů do spo lečné sady p ř e d z a č á t k e m 
p ř e d t r é n i n k u . Stávaj ící řešení spoč ívá v transliteraci zdro jového jazyka do cílového, n o v ý m 
p ř í s t u p e m je romanizace, kde je sada t okenů cílového j azyka r o m a n i z o v á n a tak, aby odpov í ­
dala angl ické a b e c e d ě . N á s l e d n ě lze d iakr i t iku z roman izovaných h y p o t é z obnovit p o m o c í 
da lš ího modelu obnovy. To m á v ý h o d u ve zvýšení sdí lení v prostoru v ý s t u p n í h o grafému. 
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Rozšířený abstrakt 
Tato p r á c e z k o u m á m o ž n o s t i využ i t í technik augmentace a p řenosového učen í pro j azyky s 
n ízkými zdroji , jako je t a m i l š t i n a a v i e t n a m š t i n a . H l a v n í m p r o b l é m e m t ěch to j a z y k ů je ne­
dostatek dat a cí lem zmíněných technik je u mě le zvýši t m n o ž s t v í t rénovac ích dat. Novinkou 
t é t o p r á c e je romanizace zdro jových dat p ř e d p ř e d t r é n o v á n í m a obnova d iakr i t iky v ý s t u p u 
do l aděného modelu. D a l š í m p o u ž í v a n ý m p ř í s t u p e m je transliterace. Transliterace p řevád í 
angl ický referenční text na grafémovou sekvenci cílového jazyka, k t e r á m ů ž e zní t p o d o b n ě 
jako angl ická verze. M o d e l je ná s l edně na t ěch to datech n a t r é n o v á n . T y t o p ř í s t u p y za­
váděj í z p ů s o b p řenosového učení , kde nen í p o t ř e b a m ě n i t vrs tvu nebo kombinovat několik 
v ý s t u p n í c h vrstev dohromady, p ro tože cílový i zdro jový jazyk budou m í t stejnou sadu to-
kenů. V p ř í p a d ě romanizace se odkaz na cílový jazyk p řevede na anglickou sadu grafémů. 
M e t o d u romanizace popsanou v t é t o p rác i lze provés t pouze na jazyce, k t e r ý m á nastaven 
grafém p o d o b n ě jako lat ina, n a p ř í k l a d v i e t n a m š t i n a nebo l i t evš t ina . T y t o techniky posky­
tuj í zvýšení výkonu , ale výs ledný v ý k o n end-to-end m o d e l ů t r é n o v a n ý c h pouze na datech s 
n ízkými zdroji je s t á le neuspokoj ivý . 

Tato p r á c e t a k é p o k r ý v á z á k l a d n í koncepty a techniky konvenčn ího rozpoznáván í řeči 
od m o d e l ů H M M - G M M až po ne jmoderně j š í end-to-end modely za ložené na attention. V 
celé p rác i jsou d i sku továny k lady a z á p o r y obou p ř í s t u p ů . Pro to lze tuto p rác i využ í t pro 
výchovu nové generace s t u d e n t ů , k te ř í se za j ímaj í o řečové technologie. Také myš lenky 
sdí lené v t é t o p rác i mohou bý t v ý z k u m n í k y důk ladně j i p r o z k o u m á n y a implementovány . 
Sekce "Future work" navrhuje r ů z n é možnos t i , jak zlepši t v ý k o n end-to-end m o d e l ů t r éno ­
vaných pouze na j azykových datech s n í zkými zdroji . 
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Chapter 1 

Introduction 

Verbal communicat ion through speech is not only a way of communicat ion between humans 
but also an interface for communicat ing between humans and machines. Nowadays, the 
spoken interfaces may prevail over the conventional physical interfaces i n cases when a 
person is not physically able to interact w i th a device. Th is technology can be helpful in 
education, security, cinematography, and many more fields and industries. Speech is one of 
the most natural ways of communicat ion for humans, that is why the research in this field 
is crucial for creating more natural and interactive human-centred interfaces. 

There are several ways of how to teach the machine to comprehend speech, one of them is 
to convert it to text first. Convert ing speech to text is called Au tomat i c Speech Recognit ion 
( A S R ) . Th is research area has drastically developed after the rapid improvement of Deep 
Neura l Networks ( D N N s ) . The D N N can be either used as a component i n the conventional 
A S R pipeline or as an independent model capable of direct mapping of extracted audio 
features to the character sequence. In this work, any speech recognition system based on 
Hidden Markov Models ( H M M ) can be referred to as conventional. W h e n D N N is just used 
for computing some H M M probabilit ies, this approach is usually called hybr id [7]. The 
system where a single D N N model directly maps features to characters is called end-to-end 
(e2e). B o t h of the mentioned approaches have their advantages and are present i n the A S R 
research and product ion environments. 

1.1 Overview of A S R 

The A S R is a supervised machine learning problem, meaning that the model is trained 
on the beforehand prepared labeled data. D u r i n g training, the model passes the data 
several times and updates its parameters w i th regard to a loss function that computes 
the "distance" between ground-truth value and model output. The common tendency 
is that the model w i l l adjust its parameters to produce better and better results on the 
validat ion set after each epoch. The evaluation process of the model is usually performed 
on the previously unseen data. The model is considered well-trained when it is capable of 
generalizing on the previously unseen test data. 

The conventional A S R systems are based on pure statist ical techniques such as H M M 
and Gaussian M i x t u r e Models ( G M M ) . Nowadays, when the A S R community is actively 
adopting the e2e approach, the main goal of the A S R remains the same, regardless of the 
chosen approach, and it can be formulated w i t h a single equation. Mathemat ica l ly speaking, 
the goal of the A S R systems is to find the most l ikely sentence W given the input audio 
features X = ( x i , X 2 , ...xy), 
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W = a r g m a x P ( W | X ) , (1.1) 
w 

where W is the part icular sequence of words, W = (u>i,u>2, ...wn)-
Using Bayes' theorem, this equation can be rewrit ten to the form where the single 

components of conventional model can be expl ici t ly seen: 

P (X I W ) * PCW) , . 
W = argmax V 1 ' V ; . (1.2) 

w W 
Since -P(X) is constant w i th respect to hypothesis W it can be discarded from the equation. 
The P (X | W ) represents the probabil i ty of input features giving the word sequence. A t 
first glance, this probabil i ty may seem unnatural ; however, it can be modeled using the 
H M M . The H M M is a very natural way to model speech because of its temporal structure 
and because speech can be encoded as a sequence of spectral vectors. The P (X | W ) 
component of the equation is referred to as acoustic model (Sec. 2.3). The P ( W ) represents 
the Language M o d e l ( L M ) (Sec. 2.4). The L M says how likely the given sequence of words 
is i n the part icular language and domain. The resulting equation is the underlying equation 
of stat ist ical speech recognition, 

W = argmax P ( X | W ) * P ( W ) . (1.3) 
w 

In the conventional model, each part of equation 1.3 is represented by a designated 
model. In hybr id systems some of these sub-models can be implemented using the D N N s . 

In the case of the e2e, the whole model can be represented by several sub-networks 
which are usually trained together, jointly. The e2e models have a single loss function, 
whereas i n a hybr id model each sub-module has to be opt imized separately. The single loss 
function is a huge advantage of the e2e approach which makes the t ra ining easier, however, 
this property makes e2e models difficult to t ra in in low-resource scenarios. A l l types of e2e 
architectures can be roughly described as two neural networks (sometimes more) connected 
together. Usually, one of them is an encoder. It encodes the audio features to the high-
level feature vector representation, and the other is a decoder. It tries to decode the target 
token sequence from the vector provided by the encoder network. It is a very simplified 
description of e2e architecture principles, a l l types of e2e models have their peculiarities, 
but a l l of them follow this pattern. 

1.2 Thesis goal and structure 

The main goal of this thesis is to explore the applicat ion of the e2e approach to t ra ining the 
A S R models for languages that lack linguistic resources. These languages are referred to as 
low-resource. Language extinction, low number of speakers, and lack of l inguistic experts 
who are able to transcribe the speech are some of the traits of low-resource languages. 
Improving the performance of end-to-end models on low-resource languages may allow A S R 
to be more accessible to a wider populat ion. 

It was decided to glance at the architecture of the conventional speech recognition sys­
tems first in chapter 2. T h e n e2e approach w i l l be examined and compared wi th the hybr id 
one. A l l experiments w i l l be conducted using the Recurrent Neura l Network Transducer 
( R N N - T ) e2e architecture i n section 3.2.3. The main focus of this work is to alleviate the 
problem of data scarcity i n languages like Vietnamese and T a m i l through the adoption of 
different techniques, it is described in section 4.3.3. 
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Chapter 2 

Conventional speech recognition 

This chapter is devoted to introducing what the A S R systems had looked like before the 
" D N N revolution" happened. W h a t sub-modules does the classical system consist of, and 
how these sub-modules are interconnected to predict the utterance depending on the input 
features. Let us expl ic i t ly mention that architectures that do not incorporate any D N N 
solutions w i l l be referred to as classical; otherwise, it w i l l be about hybr id models. However, 
the underlying architecture and divis ion to sub-modules are the same for classical and hybr id 
models; a l l the systems based on the H M M w i l l be referred to as conventional i n this work. 

It is good to notice that conventional systems are s t i l l widely used i n product ion because 
of their flexibility, which allows adapting only the L M without retraining the whole A S R 
model from scratch. The transparent divis ion between the language and acoustic models 
provides this flexibility. This property of conventional solutions saves significant computa­
t ional resources and time, though training such systems requires l inguistic expertise. The 
researchers and developers have to consult w i th linguists to understand the specifics of 
the chosen language and collaborate on modeling the pronunciat ion lexicon. Also , it is 
crucial to have a good idea of mathematics and proposed assumptions behind the H M M 
and G M M . This section is mainly based on the book by M a r k Gales, and Steve Young [13]. 
Kaldi [35] toolkit was used to get acquainted wi th the hybr id approach and t ra in the hybr id 
( H M M - D N N ) model . 

2.1 Architecture of classical systems 

Generally, the sub-modules of a conventional model are distinguished into the following 
types: 

• Language model predicts the probabil i ty of sequences of tokens. Tokens can be 
represented by words, word pieces, or characters. Typical ly , n-gram approach is used 
for creating the L M i n classical and hybr id systems, (Sec. 2.4). This model is trained 
on the unlabelled text-only corpus. 

• Pronunciat ion dictionary (Lexicon) contains probabilities associated wi th pos­
sible pronunciations of words from the language vocabulary. This model is usually 
designed i n close collaboration wi th linguists. The main purpose of this sub-module 
is to map the phonemes to sequence of the words which w i l l be re-scored by the L M . 
Another option is the graphemic lexicon, it removes the need of l inguistic expertise, 
however, the mapping from sound to graphemes may be ambiguous. 
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• Acoustic model extracts information from the acoustic signal. If you read a line 
two times it w i l l never be completely the same from the temporal and spectral point 
of view; this is the ma in challenge the acoustic model has to cope wi th . The H M M 
transitions can resolve the temporal variabil i ty problem and the G M M can be used for 
acoustic modeling. The main goal of the acoustic model is to represent the relationship 
between phonemes and features extracted from the input audio signal. 

• Decoder takes outputs from a l l sub-modules mentioned above and searches through 
al l possible word sequences. A n internally created acyclic graph of hypotheses is called 
a lattice. O f course, different opt imizat ion algorithms and dynamic programming ap­
proaches are used to make the lattice tractable; otherwise, it would be computat ion­
ally infeasible. The goal of the decoder is to output the most l ikely hypothesis i n a 
reasonable time. 

39 features Features extraction 

Lexicon 
s m ay I 

smile *'~V'~^'ir'~V"* 

Decoding search 

Language model 

< 3 n 

0 •0 

Word sequence 

W* = argmaxP(W I X) w 
W* = arg max p(X|W) P(W) 

word sequence acoustic model language model 

Figure 2.1: Classical speech recognition framework (Jonathan H u i , 2019, Speech Recogni­
t ion — Acoust ic , Lexicon Language M o d e l 1 ) 

The following sections describe mentioned sub-modules and processes in more detail . 

xhttps://jonathan-hui.medium.com/speech-recognition-gmm-hmm-8bb5eff8b196 
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2.2 Feature extraction 

For t ra ining both conventional and e2e A S R models, speech has to be represented as some 
feature vectors that can be "fed" direct ly to the model. Several types of features can 
be extracted from the audio, but the underlying features for the A S R are Mel-Frequency 
Cepstral Coefficients ( M F C C ) . These features estimate the shape of the vocal tract filter 
of the speaker at the concrete moment in time. 

M F C C pipeline can be divided to several stages [30]: 

Preemphasis - amplifies energy i n the higher frequencies. Th is improves phone 
detection accuracy, a is the filter coefficient, usually, it is 0.95 or 0.97, 

y(n) = x{n) — a* x(n — 1). (2-1) 

2. Framing and Windowing - sl icing the digi ta l speech signal to frames. It is backed 
up by the assumption that frequencies in a signal are stationary wi th in one frame. 
It would not make sense to apply Fourier transform on the whole signal since the 
frequency contours of the signal w i l l be lost [12]. Frames are usually 25ms long wi th 
a 10ms overlap. After the framing process, one of the windowing functions is applied 
to every frame to prevent aliasing, 

Yw(n)=X(n)-W(n), (2.2) 

where Yw{n) is the windowed signal of the frame in the t ime domain, X(n) is input 
signal and W{n) is a windowing function. The input signal is mul t ip l ied by the 
windowing function sample by sample. 

3. Fast Fourier Transform - the transi t ion from time to frequency domain of the 
signal and decomposes it to frequencies. Th i s operation is applied to every frame of 
the input signal. Output of this stage is spectrum of every frame, 

x[k} = ^2 x t n ] ' exP(.-J^kn)- (2-3) 
n=0 

4. M e l filterbank - appl icat ion of this triangle-shaped filter mimics how humans per­
ceive sound. A s frequency increases human ear perceives a narrower resolution of 
frequencies, 

m = 2595 * ^ 5 i o ( l + ^ ) . (2.4) 

5. Extract ing the cepstrum and computing the energy - by applying Discrete 
Cosine Transform ( D C T ) the signal is transformed back to the t ime domain. For 
G M M processing, the output of this stage is usually truncated down to 12 coefficients, 
otherwise, the number of coefficients may be 40 or 80 depending on the setup. The 
energy of the frame can be easily computed as follows, 

T 
£ = 5 > 2 ( t ) . (2.5) 

t=to 
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In the end, each frame of the signal is represented by 39 M F C coefficients where the 
first 13 are cepstrum coefficients plus the energy term, the next 13 are the first-order time 
derivatives w i t h regard to the previous frame features and another 13 parameters are the 
second-order derivatives, concatenation of the first and second derivatives is an attempt 
to compensate for statist ical independence assumptions made by H M M (Sec. 2.3). After 
the feature extraction stage, the input utterance is converted to the sequence of acoustic 
vectors which can be directly passed to the model. 

Pre - F r a m i n g W i n d o w i n g 
Emphas i s 

W i n d o w i n g 

• FT 

Magnitude 
Mei Spectrum 

Output Output Delta Energy 
an d 

Spectrum 

Spectrum Discrete Cosine Soectrum Mel filter 
Bank 

Delta Energy 
an d 

Spectrum Transform 
Mel filter 

Bank 

Figure 2.2: Feature extraction pipeline. Reprinted from [30]. 

2.3 Acoustic model and lexicon 

The acoustic model i n conventional systems is implemented using the H M M and G M M 
models. The H M M is a finite state machine wi th probabilities of transi t ion between its 
hidden states and probabilities of observing acoustic features given the current hidden state: 
these are called emission probabilit ies. The emission probabilit ies are given by the G M M 
corresponding to the part icular H M M state. G M M is a set of Gaussian models' parameters. 
Each G M M represents the feature vector probabil i ty dis t r ibut ion for single H M M states. A 
corresponding G M M can model each phonetic unit of the language; however, i n practice, 
one G M M is t ied to several similar phonetic units. 

The H M M framework does several assumptions which contradict the nature of real 
speech signals, 

• T h e M a r k o v assumption: the next state of the system is dependent only on the 
current state. 

P(si\si,s2, -Si-i) = P(si\si-i) (2.6) 

• T h e output independence assumption: the observable features of the current 
state are independent of the observables from the previous states. So the observable 
at t ime t depends only on the current state St- The natural language is not that 
t r iv ia l , and the subsequent acoustic features are correlated a lot, so this assumption 
contradicts the real speech signal properties. 

Even though these simplifying assumptions are not val id for the natural speech signal, 
this system successfully models real speech. 
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The H M M model considers speech for very short durations (e.g., 25ms) as static. For 
simplicity, assume that each hidden state represents a single phonetic unit of a language. 
Dur ing the t ra ining process, the H M M probabilities and G M M parameters are learned from 
the paired t ra ining data. E a c h G M M is trained to provide high emission probabil i ty to the 
acoustic vectors, which correspond to the phonetic unit at the current state. 

W h e n it comes to decoding, the task is to derive the most l ikely hidden state sequence 
from input feature vectors. Since the ma in focus of this work are e2e systems, going through 
the concrete algorithms used for decoding and t ra ining the H M M - G M M model is beyond 
this thesis; the book this section is based on offers a detailed explanation [13] of forward-
backward algorithms and expectat ion-maximizat ion training. 

Each word can be decomposed into the "bricks" called base phones. W i t h the pronun­
ciat ion lexicon which models different ways of pronunciation of the vocabulary words the 
acoustic part of the underlying equation of A S R can be wri t ten like this, 

where V is a vector of a l l possible pronunciations of W and v is a part icular pronunciation. 
A l l speech utterances can be represented by the concatenation of phone models, H M M 
states. However, as it was already mentioned, the real speech does not meet the output 
independence assumption. Th is problem is par t ia l ly solved by using the part icular model 
for every unique phone plus its 1-neighborhood, triphone. The number of possible states 
w i l l increase by the power of 3, therefore the number of model parameters w i l l drastically 
increase. To alleviate this problem, similar triphones are clustered in the groups. Each 
group is mapped to the part icular dis t r ibut ion of observable features. This process is called 
soft-tying. It w i l l significantly decrease the number of model parameters, thereby reducing 
the l ikel ihood of overfitting. 

One of the main drawbacks of conventional systems is the complex training pipeline. 
Not only each sub-module has its own objective function, but also the t ra ining process of 
the acoustic model should be done i n several stages. It is ineffective to t ry to represent 
words wi th context-independent phones, speech is continuous, and phones depend on their 
context. That is why the first stage of the t ra ining is to t ra in the monophonic system, 
which w i l l be subsequently used for t ra ining the triphone system. The soft-tying can be 
applied at the end. Take into consideration that after each stage, the re-estimation of the 
parameters should be done. 

The discussed approach where the relationship between the input features and H M M 
state is modeled using the G M M is usually called classical. The G M M is considered to be 
a generative model, it learns how the data is distr ibuted i n space. However, this generative 
approach may be mismatched w i t h the discriminative nature of the speech recognition 
task, and t ry ing to fit such complex data as audio features to G M M may not an ideal 
solution [22]. To alleviate this problem D N N are trained for the frame classification, the 
systems wi th D N N s instead of G M M are called hybr id . In K a l d i to t ra in the hybr id system, 
the pretrained H M M - G M M model has to be available. The input features w i l l be fed to 
the network, its predict ion w i l l be compared wi th the H M M - G M M forced alignment and 
network parameters w i l l be updated according to the loss function [18]. A s the result, we 
have the D N N which is capable of classification of single frames [39]. 

(2.7) 
vev 
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2.4 Language model 

Language modeling is an independent area of research i n the natural language processing 
field. The L M estimates the l ikel ihood of the occurrence of the given tokens sequence P( W ) 
which is the second term of the underlying equation for the A S R (Sec. 1.3). The L M s are 
trained on the large corpus of text data and it is very important to fine-tune the L M to the 
domain for which the A S R system is being developed. For instance, the L M trained on the 
corpus of classical Engl i sh fairy tales may not be able to correctly predict the l ikel ihood of 
word sequences consisting of biological terminology and professional slang. 

The classical approach to developing the L M is to use an n-gram model . N-gram is a 
model that returns the probabil i ty of the n t h word i n the sequence depending on the previous 
context described by (n — 1) predecessors. For instance, the bigram model approximates 
the probabi l i ty of the word based only on the previous word P{wn\wn-\). The assumption 
that the current state statist ically depends only on the previous state is called the M a r k o v 
assumption. G iven the bigram model the probabil i ty of a word sequence w\-n can be 
approximated as follows, 

N 

P ( W i : W ) « J ] ^ k - i ) ' ( 2- 8) 
k=l 

Another approach to implementing the L M is by using a recurrent neural network, 
L M [28]. A big advantage of R N N approach is that the context of the word is not l imi ted to 
N words and the network can "remember" longer token sequences thanks to the L o n g Short-
Term Memory ( L S T M ) architecture of R N N , however, it takes much more computat ion 
t ime to t ra in such model . Another advantage is that the R N N - L M w i l l not assign zero 
probabil i ty to a previously unseen token sequence, whereas the n-gram model w i l l do so. 
This property of the R N N - L M has a positive impact on the overall generalizability of the 
model. 

Perplexity function is used for assessing how good the L M is, 

PP = P(Wl,w2,...,wN)-^. (2.9) 

The perplexity takes the test set of tokens and outputs a single number; the lower the num­
ber, the better the model is. The lower number means that the model was not "surprised" 
to see previously unseen data and can predict a token based on its previous context in that 
part icular language. The higher the number, the more confusion the model has; it is not 
"sure" what token should go next. 

2.5 Decoding 

Having a trained hybr id system and prepared lexicon, the ul t imate goal of the decoding 
process is to find the most l ikely sequence of the hidden states given the observable feature 
vectors - solve the underlying equation introduced in the A S R overview, 

W = argmax V P ( X | v)P(v | W ) P ( W ) . (2.10) 
v£V 

The H M M model gives the probabil i ty of phone sequences; the lexicon describes pro­
nunciations of the words, and the L M calculates the probabil i ty of the word sequences in 
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the language. Each sub-module provides the decoder w i th information that is necessary for 
finding the most l ikely word sequence. 

Solving equation 2.10 by going through a l l possible state sequences is computat ional ly 
infeasible for large vocabulary tasks. The beam search algori thm variations are used for the 
decoding to get the finite lattice of possible sentences and after that, the Vertebi a lgori thm 
is applied to obtain the best option. The main idea behind the beam search algorithms is 
that only a l imi ted number of best hypotheses (beams) is kept in the memory during the 
decoding. 

The acoustic model, lexicon, and language model can be represented as weighted finite 
state automaton wi th the probabil i ty of t ransi t ion between the nodes. Some speech process­
ing tool-kits (e.g. kaldi) take advantage of existing toolkits of state automata and compose 
the sub-modules together. The resulting finite state machine is usually determinized and 
minimized to make the decoding process more efficient. The resulting decoding graph 
incorporates phonetic and l inguistic information and is capable of mapping the context-
dependent phones to sequences of words. 

Figure 2.3: W o r d lattice. Reprinted from [44] 

The beam search finds hypotheses, which are subsequently represented as a word lattice 
(Figure 2.3). The lattice is a compact representation of possible sentences. The final 
sentence W can be chosen by rescoring the lattice wi th the higher-order L M and choosing 
the hypothesis w i t h the highest score. The reason why the higher-order L M is not used 
right dur ing the beam search is computat ional inefficiency of such approach. Therefore, 
the balance is drawn by using the beam search for lattice generation and then rescoring 
the lattice wi th a higher-order L M . For efficiency purpose, the rescoring can be done wi th 
a model of a different type, for instance, R N N - L M . The lattice generation process is one of 
the reasons why hybr id models cannot be efficiently used on portable user devices, which 
only have l imi ted computat ional resources. 

The W o r d Er ro r Rate ( W E R ) metric is used for assessing how good the resulting model 
is, 

WER=I + D

N

+ S , (2.11) 

where / stands for the number of Insertions of words that do not exist i n the reference, D 
is the number of Deletions and S is the number of Substitutions of the words. N is the total 
number of words in the reference. Overa l l W E R of the model is computed by averaging the 
W E R for every sample from the test set. The same metric on the character level is called 
Character E r r o r Rate ( C E R ) . 
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The Libr iSpeech recipe (nnet3) was reproduced during the phase of exploring the hybr id 
A S R . The resulting performance of the hybr id model trained on the full Libr iSpeech dataset 
[31] is in the table 2.1 

validation test 
fglarge tglarge tgmed fglarge tglarge tgmed 

clean 7.00 7.45 9.30 7.68 8.06 9.78 
other 20.36 21.46 24.55 21.49 22.46 25.65 

Table 2.1: W E R ( % ) of H M M - D N N A S R model trained on Libr iSpeech, fg is 4-gram, tg is 
3-gram and large/med indicate the size of the text corpus the L M was trained on. 

F rom table 2.1, it can be seen that the model w i th the higher order L M performs the best. 
It is predictable, since 4-gram model has a longer context on which to base its prediction. 
The difference between performance on clean and other data is quite significant, which 
may indicate that the augmentation applied dur ing the t ra ining was not diverse enough. 
The performance on validat ion and test sets differs slightly, sometimes it is not the case. 
Ext rapola t ing from this trend, it may be expected that i n the e2e models trained on even 
lower-resource data the model may struggle to generalize over previously unseen speakers, 
environment distortions e. t .c . The main reason for this may be that the augmentation 
was not applied during the t ra ining of this conventional model . Generally, the model is 
considered to be generalized when it can perform reasonably on test data w i th domain 
shifts from tra ining data, such as by having previously unseen speakers. 
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Chapter 3 

End-to-end speech recognition 
systems 

In comparison to conventional system architectures, e2e architecture is not that complex. 
The resulting model is a D N N capable of directly mapping audio features to the correspond­
ing text. However, for t ra ining an accurate model of this type, it is necessary to have several 
hundred hours of data. For most spoken languages, collecting and accurately labeling the 
sufficient amount of resources for bui lding an e2e system is difficult and expensive. 

The separation of single components i n conventional models may br ing better general-
izabi l i ty than e2e models. However, an apparent disadvantage of conventional architectures 
is using separate objective functions for each sub-module. Th is property significantly com­
plicates the t ra ining process of conventional models. In contrast, e2e models usually use 
a single objective function. Also , e2e systems for high-resource language datasets have 
been shown to perform better, they have less W E R , they can perform the online decod­
ing without any lattice generation, and less l inguistic expertise may be needed to t ra in a 
recognizer. 

For example, the R N N - T model w i th only 1 2 M parameters, without the external L M , 
w i th character-based tokenization and augmentation which was trained on Libr iSpeech 
data performs the same on the clean test set as the H M M - D N N model . B o t h models were 
trained on a full Libr iSpeech data set. Table 3.1 shows the performance of the e2e model 
and hybr id models. Most l ikely the degradation of the H M M - D N N model performance 
happened due to the fact that no augmentation was applied during the t ra ining of the 
H M M - D N N model . It can be seen what gains the augmentation brings. The e2e model 
performs comparably well to the hybr id i n this case. However, in the low-resource language 
scenarios, the performance of the e2e models may degrade significantly. 

M o d e l type W E R 

clean other 
H M M - D N N 7.68 21.49 
R N N - T 7.68 11.14 

Table 3.1: W E R and C E R ( % ) of R N N - T and H M M - D N N models trained on Libr iSpeech 
960, the H M M - D N N was trained without augmentation. 
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In many enterprise environments, hybr id models s t i l l prevail . The reason is that an 
e2e model is harder to adapt to a part icular domain. There is no clear divis ion between 
acoustic and language models. For example, in R N N - T , the acoustic encoder, joint, and 
predictor network are inextr icably intertwined. It is a monol i th D N N wi th a vague divis ion 
to acoustic and language models which cannot be easily adapted to the required domain 
[34], whereas i n hybr id systems changing or fine-tuning the L M to the required domain is 
clear and t r iv ia l . In the case of the R N N - T , the adoption requires paired data which is 
difficult to obtain in large quantities, whereas the hybr id model can be adopted just by 
using only the text data, which is fairly easy to obtain. However, some of the most recent 
research t ry to leverage generalizability and easiness of t ra ining of the e2e systems and clear 
division of the H M M - D N N model to sub-components. They proposed R N N - T architecture 
wi th easily adaptable L M [9]. 

The e2e approach remains a popular topic in A S R today because D N N s are easy to t ra in 
and they perform better on large datasets. For t ra ining the e2e models and conducting 
experiments speechbrain [37] toolkit was used. It is an all-in-one speech toolki t bui l t upon 
PyTorch . 

3.1 Tokenizer 

The first decision to make during the development of an e2e model is to choose an appro­
priate tokenization strategy. The tokenization process is defined as spl i t t ing the text data 
into smaller chunks, such as words, sub-words, or characters, and assigning an identifier to 
each token. The list of tokens is called vocabulary. Different tokenization methods operate 
on different levels of granularity and may affect the complexity of the resulting model and 
its performance. E a c h approach has its pros and cons. For example, a model using a word-
based tokenization strategy w i l l not be able to recognize Out-Of-Vocabulary ( O O V ) words 
because it may not have output nodes to represent those words. O n the other hand, the 
spelling of the known words w i l l be very accurate. In contrast, the model w i th character-
based tokenization w i l l be able to recognize the O O V words, however, the spelling accuracy 
of vocabulary words may be poor. 

Choosing an appropriate tokenization strategy may depend upon different factors. For 
instance, i f the target language is fusional (the morphemes i n the language usually express 
more than one meaning and they are hardly separable) and the amount of data is not 
much, it is better to consider the character-level tokenization rather than byte-pair-encoding 
( B P E [42]) or unigram. B o t h B P E and unigram produce a set of sub-word units according 
to the frequency w i t h which they appear i n the data. In the case of a fusional low-resource 
language, identification of common sub-word units becomes difficult because the morphemes 
are fused in different inseparable ways. If the B P E or unigram is applied to a low-resource 
fusional language, it might result i n poor vocabulary where there are many tokens that occur 
in the data quite rarely due to the fusion of morphemes. The level of fusionality varies from 
language to language. M o d e r n Eng l i sh is not as fusional as Slavic languages; therefore, 
the B P E tokenization may not produce good results for Russian or Pol i sh , whereas the 
performance on Engl i sh data may be significantly better. The languages where the sub-
word units are easily separable are called agglutinative languages. These languages work 
like puzzles, the sub-word units are not modified during the fusion; therefore, it is easier to 
create a set of common sub-word units. Another essential factor is the character-richness of 
the language and the fact that the model is t rained to be applicable to several languages [43]. 
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It happens quite often that there is no apparent correspondence between spelling and 
pronunciation. Taking into consideration that an encoder i n e2e systems extracts high-level 
acoustic features and passes them to the decoder, it may be a good idea to incorporate 
phonetics into the tokenization strategy. Vasileios Papadourakis et a l . [32] showed that 
incorporation of phonetic information to the sub-word tokenization improved the overall 
performance of the model. 

Choosing the correct tokenization method is important because the resulting tokenizer 
w i l l be subsequently used throughout the whole t ra ining process. Furthermore, the same 
tokenizer must be used for t ra ining both acoustic and L M systems. Different tokenizers 
may result i n different orders of tokens i n the output layer, and i n a mul t i - l ingual transfer 
learning scenario, it may impact the abi l i ty of the target model to adequately learn from 
the source model of a different language. 

3.2 End-to-end architectures 

There are several underlying technologies and concepts on which the modern A S R is stand­
ing on [27] [36]. The following ideas are currently used in many state-of-the-art A S R mod­
els, they may be modified and combined, but the core stays the same. The fundamental 
A S R architectures are Connectionist Temporal Classification ( C T C ) [15], Attention-based 
Encoder-Decoder ( A E D ) , and RNN-Transducer models [14]. The C T C was a pioneer model 
that solved the alignment problem for e2e systems. The A E D introduced the principle of 
attention layer, which w i l l be later incorporated into the Transformer architecture [45]. The 
R N N - T extended the C T C wi th auto-repressiveness, which removed the C T C independence 
assumption. 

3.2.1 Connectionist Temporal Classification 

Before the C T C was introduced [15] the e2e systems were not considered to be appropriate 
architecture for labeling unsegmented sequence data because it required pre-segmentation 
and post-processing to get the predicted labels given the input features. The C T C was the 
first successful step toward state-of-the-art e2e systems. 

Let 1 be the target labels sequence of length U, 1 = (li, l2, lu) representing the 
transcript of the audio and x is the input features sequence extracted from the same audio, 
x = (xi,x2, ...,XT)- The C T C makes the assumption that the length of the input vector 
x can be at most the same as the target vector, otherwise, it would be impossible to align 
the targets to the input sequence (Figure 3.1), T > U. Al ignment means that each input 
feature is mapped to one of the possible output tokens, where the token set consists of a l l 
tokens from an alphabet L and the blank token e, which basically means "no label". For 
example, in hybr id systems, the alignment problem was solved by adding the loop transi t ion 
to every hidden state which represents the triphone, therefore the system can either transit 
to the next state or stay where it is without output t ing the next token of the sequence. 
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Figure 3.1: Here each audio frame is labeled wi th a letter from the alphabet L . However, the 
number of frames is less than the number of labels that is why the correct C T C alignment 
is impossible i n this case. 

The C T C introduced the way to interpret the N N output as a probabil i ty dis t r ibut ion 
function over a l l possible labels given the input sequence. Let y be the sequence of network 
outputs, then yl

k w i l l correspond to the activation value of N N output node k at t ime t. A t 
each t ime step, the network makes a prediction i f the given input feature represents one of 
the tokens from the alphabet L or the blank token e. 

The C T C output sequence which consists of blanks and tokens needs to be mapped 
to the grapheme sequence. The function B is used for this purpose. It does many to one 
mapping by collapsing a l l repeating tokens and removing a l l blank tokens from the C T C 
output (e.g B(c c a e t) = B(e c e at) = cat). In case when the word has repeating letters, 
there is a blank token between those two letters to ensure that the resulting spelling w i l l 
be correct. Therefore, the inverse function B - 1 returns a l l possible alignments of the target 
sequence 1. A l l alignments have the same length as the input sequence. 

To begin the alignment process, the target sequence 1 needs to be modified to 1', so that 
at the beginning, at the end, and between every pair of the target tokens the e token is 
inserted. It w i l l give the system a choice between transi t ing to the next state or proceeding 
to output the blank token. Figure 3.2 contains 1' states for the sequence ah (vertically), 
another example is for the sequence HELLO, 

l = (H,E,L,L,0) -> Y = (e,H,e,E,e,L,e,L,e,0,e). 

The probabil i ty of the sequence 1 given the input equals the sum over probabilit ies of 
al l possible alignments q over the lattice (Figure 3.2) w i th the w id th equals the number of 
frames and height is |1'| 

p ( i | x ) = Yl p (qi x )> ( 3 J ) 

where the probabil i ty of a single alignment can be calculated as the product of activation 
values at each t ime step 

T 

P(q|x) = \\y\t, (3.2) 
t=i 
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where the yqt equals the probabil i ty of observing label qt at t ime t. It is represented by the 
output from the softmax layer. Dimension of the softmax output layer is \L\ + 1. 

To calculate the probabil i ty of observing the sequence 1 (Eq . 3.1) the C T C forward-
backward algori thm is used. This a lgori thm computes the probabi l i ty of occurrence i n the 
given state at a part icular time. 

Dur ing the forward pass, the a is computed. In the case of C T C at(s) represents the 
probabil i ty of occurrence in the state s at t ime t, where each state represents the probabi l i ty 
of each character i n the dict ionary at each t ime step. ctt(s) is a s u m over probabilit ies of 
al l possible alignments of the target sequence which start at t ime t' = 1 and at the t ime t 
go through the state s, 

oct(s) 
q:B(«i:t)= 

n 
-h:s t' = l 

(3.3) 

x2 

°\ 
x3 

• O r 

x5 X6 

°\ 
- o \ 

c v 

Two final 
nodes 

Figure 3.2: The input acoustic vectors are horizontally (t), states from the I' are vert ical ly 
(s). Node (s,t) in the diagram represents at(s) - the C T C score of the sub-sequence l'1:s 

after t input steps. Reprinted from [17]. 

Similarly, the backward pass scores (3 are computed for the remaining sequence: 

T 

q:B(ft:T)=J.:|l| *'=* 

Since a and j3 scores are computed as product of the network outputs it tends to 
underflow, that is why i n practice the computations are performed in the logari thmic space. 
Having a and j3 scores computed the joint probabil i ty of every state in the grid can be 
calculated. The joint probabil i ty is referred to as 7. 7t(s) is the probabil i ty of a l l the paths 
q which correspond to the target sequence 1 and go through the state l's at t ime t, 

T 

at(s)/3t(s)= y, ykl\yi- (3-5) 
g:B(q)=l,gt=l's t=l 
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The probabil i ty of observing the sequence 1 given the features x can be obtained by 
substi tut ion of equation 3.2 and 3.1 to the 3.5 the probabil i ty of the sequence 1 given the 
input x can be expressed: 

^(l|x) = £ (3.6) 
s=l 

To make the C T C system trainable using the stochastic gradient descent, the system 
must have a loss function that would be easily differentiable wi th respect to the network 
outputs y\. Dur ing the differentiation process, the chain rule is applied. It is suggested in 
[15] to use m a x i m u m likel ihood training, where the system is trained to output high proba­
bilities to the matching x and 1 vectors from the t ra ining dataset. D u r i n g backpropagation 
the following function has to be minimized: 

where S is the set of tuples of labeled t ra ining data and A are the network weights. 

3.2.2 Attention-based encoder-decoder 

The attention encoder-decoder model is another type of e2e architecture. The first paper 
which applied attention architecture to the A S R problem was [8]. The ma in idea behind 
the attention is to teach the model to focus only on relevant information from the input 
and mask non-relevant. The A E D network consists of two sub-networks, an encoder, and 
an attention-based decoder. The attention layer i n the decoder decides what part of the 
input the decoder should focus on at the current t ime step. 

Usually, the encoder is represented by several Bidi rec t ional L S T M ( B L S T M ) layers. In 
the original paper, it was suggested to use the pyramidical structure of the encoder, each 
stacked layer would decrease the dimensionality of the input sequence by a factor of 2 which 
reduced the level of computat ional complexity. 

Let x of the length T be the input sequence that is fed to the input layer of the 
pyramidical B L S T M encoder. The encoder w i l l extract the high-level features of the input 
sequence and pass them to the decoder. Let sequence h of length U be the output from 
the encoder and y is the output token sequence. The dis t r ibut ion probabil i ty over the 
characters to be outputted is conditioned by h and previously outputted tokens: 

ML(S, A) E M ^ O I x ) ) 
(x,i)es 

(3.7) 

P(yi\h,y0,yi, ...,yi-i). (3.8) 
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Figure 3.3: At ten t ion example. Reprinted from [3]. 

Essentially, attention is a weighted sum of vectors from sequence h, it is called context 
vector Ci where i indicates the output t ime step. The higher the weight the more attention 
the model w i l l pay to this part icular vector: 

u 

u=l 

(3.9) 

where ctijU is the output of softmax over scalar energies which are computed for each time 
step (Eq . 3.10). The energy eiu depends on the decoder state Si and input acoustic 
embedding hu, eiu = a(si-i, hu), where a is alignment model which assesses how well 
the input and the output match. Ideally, after t raining a w i l l focus only on several frames 
of h. 

exp(eiu) . . 
oi,« = = f ; — r ( 3 - 1 0 ) 

In figure 3.3 it can be seen how the attention vector is created and how it is subsequently 
used during the decoding process for the prediction of the next character i n the output. 

The decoder is represented by the L S T M wi th the attention layer [11]. D u r i n g the 
t ra ining process, the decoder gets h and y as the input . The probabil i ty dis t r ibut ion of the 
character to output depends on the current decoder state S j and the context vector Ci, 

P(yi\*,yo,yi,-,yi-i) = FC(ci,si), ( 3 . 1 1 ) 

where FC is a fully connected layer w i th the softmax activation function. 
The main difference between A E D and R N N - T is that A E D belongs to the label-

synchronous systems which means that the A E D model is driven by the text, it processes 
one label at each step and it stops after the label of the end of the sentence is recognized. 
O n the contrary, frame-synchronous systems stop the decoding after the last input frame 
was processed. The label-synchronous approach is more effective in the sense that a large 
number of encoded frames are attended at once and the model can jo int ly extract relevant 
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information for each label from different parts and channels of the input [36]. However, the 
frame-synchronous approaches are the better fit for streaming tasks, because they do not 
need the whole input to start making predictions, they process the input i n the frame-by-
frame manner. 

3.2.3 RNN-Transducer 

P(y\t,u) 
i 

Softmax 
i 

Joint Network 
i * i 

Vi ' ' t v 

u 

Pred. Network Encoder 

. . . y * - i t I 

Figure 3.4: RNN-Transducer (Johan Schalkwyk, 2019, A n A l l - N e u r a l On-Device Speech 
Recognizer 1 ) . 

The next very important e2e architecture, which is used i n this work is RNN-Transducer 
( R N N - T ) . This architecture was proposed by A l e x Graves [14]. The applicat ion of this 
architecture to the A S R problem [16] resolved the ma in C T C shortcoming and introduced a 
natural way of streaming A S R . A problem wi th the conventional C T C architecture is that 
it cannot produce reasonable results without an external L M because of the condit ional 
independence assumption. The C T C model without an external L M w i l l tend to misspell 
the words. Essentially, the R N N - T can be seen as an extension of C T C model, the addi t ional 
component the R N N - T has is the prediction network which acts as an impl ic i t language 
model. It means that predict ing the current token lu the model considers the past output 
context 1<U and the whole input sequence x, P(7 u |x , 1<U). In the case of the online decoding 
the network w i l l consider the frames only up un t i l the current time, x<t. 

U p unt i l this architecture was introduced, the usage of R N N s was restricted to prob­
lems wi th beforehand aligned data, i n R N N - T due to the incorporation of C T C concepts 
this restriction could be lifted because the model was able to learn the correct alignments 
between input and output sequences. In comparison to the C T C , however, the R N N - T 
does not introduce any requirements regarding the length of the sequences. 

The R N N - T network consists of three sub-networks (Figure 3.4): encoder, decoder, and 
joint network. The encoder extracts embeddings of the input features x, the output of the 

x h t t p s : / / a i . googleblog.com/2019/03/an- all-neural-on-device-speech.html 
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encoder is the embedding h ^ n c . Predic tor acts as an impl ic i t language model, it produces 
the high-level representation of the utterance h S r e based on a l l previous non-blank outputs 
of the network. The joint network is a regular feed-forward network that fuses the outputs 
from both encoder and predictor sub-networks to z t , u , the logits from the joint network are 
fed to the softmax which subsequently normalizes them and returns probabil i ty dis t r ibut ion 
over output tokens k at each t ime step t, 

P(lu = fc|x, 1<U) = softmax^J. (3.12) 

B o t h encoder and prediction network are represented by R N N , to alleviate the problem 
of vanishing gradient the L S T M or Ga ted Recurrent Uni t s ( G R U ) [10] is used. Also , the 
bidirectionali ty [4] can be added to the encoder to allow future acoustic context information 
to be used. However, in this case, it w i l l not be suitable for streaming since it w i l l need 
to read the whole input sequence before it can start the decoding process. Conventionally, 
the prediction network is a single R N N layer that finds long contextual information and 
dependency i n the utterance. 

The encoder network, also referred to as the t ranscript ion network, processes the input 
features i n both directions (in the case of a bidirect ional encoder) and computes forward 
and backward hidden states. The hidden states are then used for computing the output 
layer activations, 

the output layer sizes of the encoder and the decoder are equal to the number of tokens 
in the vocabulary plus one addi t ional node for the nu l l output, i n the C T C it was called 
the blank token. The idea behind the fusion of sub-network output vectors is that the 
model w i l l consider both acoustic information i n the current frame and previously emitted 
tokens. The feed-forward network used after the fusion allows more different combinations 
of l inguistic and acoustic information the network is able to learn. 

The R N N - T loss function is very similar to C T C one, 

LRNNT = -log(P(l\x)), (3.14) 

where P ( l | x ) can be wri t ten as sum of probabilit ies of a l l possible alignments q, P ( q | x ) . 
The opt imizat ion of network parameters can be done using a simple chain rule and back-
propagation. 

Dur ing the inference, the beam search algori thm is used. It can return a set of the 
most possible hypotheses instead of the best one. Also , the length normalizat ion technique 
is applied to the resulting hypothesis. Due to the fact that in each step the beam search 
algori thm multiplies probabilities, the overall probabil i ty of the sequence w i l l decay. The 
shorter sequences w i l l prevail on the output, that is why the normalizat ion algori thm w i l l 
favor the longer sequences w i t h reasonable but not the best probabili ty. 

There are several problems wi th the R N N - T . F i rs t , it tends to "forget" the larger context 
even though L S T M / G R U layers are used. Th is problem is called "vanishing gradient" [19]. 
Also , the system buil t upon recurrent architecture processes the input data sequentially, 
which is a huge disadvantage from the efficient use of computat ional resources point of view. 
The A E D architecture solves both problems by simultaneously processing the whole input 
sequence. The recent research focus [38] [20] is to leverage the pros of both architectures, 
combine them and make the model stream. This approach is called two-pass. Dur ing the 
second pass, the output of the first pass is re-scored. B y performing the second pass, the 
W E R decreases at the expense of an increase in the latency. 
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Chapter 4 

Experiments 

This chapter w i l l apply the discussed e2e approach to low-resource language data sets. A 
problem wi th the low-resource languages is data scarcity which implies the lack of data 
diversity. It may be expressed as a smal l amount of data, a few number of speakers, the 
same recording environment e.t .c. One of the previous surveys regarding the low-resource 
languages suggested that i n order to bu i ld an accurate A S R model, at least 1000 hours of 
transcribed speech is required [5], and languages that do not have a sufficient amount of 
data can be considered low-resource. 

Even though e2e architectures tend to outperform the conventional models on relatively 
clean datasets such as Libr iSpeech, e2e solutions for low-resource noisy datasets may per­
form significantly worse than conventional solutions trained on the same data. For example, 
R N N - T and a conventional model trained on the same amount of noisy low-resource data 
perform notably differently [2], A n d r e i Andrusenko et a l . showed that R N N - T can perform 
30% worse than conventional H M M - D N N system for some low-resource datasets. Th is is 
the main problem the following experiments t ry to solve. Shr inking the gap between con­
ventional and e2e architectures for languages wi th l imi ted resources is one of the hot topics 
i n the speech recognition community. 

4.1 Data description 

For the experiments, Vietnamese and T a m i l were chosen as target languages. The Vie t ­
namese dataset consists of the S P E E C H O C E A N datasets 1 and the B A B E L F L P dataset 2 . 
The T a m i l data is also from the B A B E L data collection. The S P E E C H O C E A N data has a 
significant amount of reverberation noise, and B A B E L F L P data is telephone conversations 
wi th dial-up noise, packet loss, and overlapping; therefore, the t ra ining data is considered 
noisy. 

T ra in Dev Test 

Vietnamese 158.8 17.7 18.1 
T a m i l 62.2 6.9 7.6 

Table 4.1: Size of the datasets in hours 

x h t t p s : //en. speechocean.com/datacenter/details/1709.html  
https://www.iarpa.gov/research-programs/babel 
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4.2 Baseline systems 

The t ra ining setups for both Vietnamese and T a m i l datasets were predominantly adopted 
from the speechbrain Libr iSpeech recipe for R N N - T architecture, where the encoder network 
was represented by a combinat ion of Convolut ional Neura l Network ( C N N ) , R N N , and fully-
connected D N N layers, and the decoder was just a single-layer G R U network. The goal of 
this work is not to get state-of-the-art results for the given datasets, therefore there is no 
need to t ra in the two-pass or transformer model . Consequently, the following experiments 
were assessed on the conventional R N N - T architecture [14]. 

4.2.1 Mode l architecture 

T P ( y l t , u ) 

Softmax 

Encoder 

Input features 

Figure 4.1: Baseline model architecture 
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Firs t , the t ime domain augmentation was applied to the raw input audio. Each batch 
was augmented depending on the given augmentation probabili ty. For example, 0.5 noise 
environment corruption probabil i ty means that the environment corruption augmentation 
w i l l be applied to 50% of the samples i n the current batch. On-the-fly augmentation 
ensures that the model sees different data i n each epoch, it may increase the data diversity 
compared to offline augmentation where the same data is seen dur ing each epoch. The used 
augmentation techniques were speed perturbation, reverberation, and noise contamination. 

After the augmentation, the audio was pre-processed by the feature extraction block. 
The feature extraction step extracted the filter banks from the signal and normalized them. 
The filter bank is the output from the penultimate stage of the M F C C extraction pipeline 
(Sec. 2.2). A l l steps for computing the M F C C were motivated by the human physiology 
of hearing and perception except for the last stage - D C T . The reason is that the previous 
machine learning algorithms for acoustic modeling, such as G M M , expected non-correlated 
data; that is why the D C T had to be applied to the filter banks to get less correlated 
M F C coefficients, though some acoustic information was lost dur ing the dimensionality 
reduction [12]. Dimensional i ty reduction is a separate process of omit t ing some of the 
output dimensions. Often, bo th linear transformation and dimensionality reduction are 
implemented together, by using a non-square transform matr ix . In the case of e2e approach 
the D N N does not make such assumptions, therefore there is no need to apply D C T . 

A previous research [41] revealed that vani l la D N N was vulnerable to unseen condi­
tions, therefore feeding the features extracted from the augmented data straight to the 
feed-forward network would be unwise. Before feeding the features to the R N N they were 
processed by convolution across both dimensions of the spectrum. In the proposed archi­
tecture two-layer C N N was used. They can capture the local dependencies, while B L S T M s 
are good at modeling longer-span temporal contexts. Therefore, the C N N s are used to­
gether w i th B L S T M s to get the advantages of both temporal modeling approaches. C N N 
is good at modeling local temporal contexts because the convolution kernel only captures 
frames that are near the current frame. This method [29] significantly improves the model 
robustness. 

The output from the C N N was passed to the 4-layer bidirect ional L S T M wi th 256 nodes 
per direction i n each layer. The output from the B L S T M was subsequently fed to the 2-
layer feed-forward network wi th rectified linear units [1] act ivat ion function. The output 
from the encoder is then fused w i t h the output from the prediction network. 

The predict ion network was a 1-layer G R U which may act as an impl ic i t L M predicting 
the current token based on the previous outputs of non-blank tokens. The output from 
the encoder and decoder were passed to the joiner. The joiner fused the given vectors to 
one using the sum operation and passed it to the linear layer w i th the softmax activation 
function. The softmax made prediction on the current token. 

4.2.2 Training process 

After the data description files had been prepared the first component to t ra in was the tok-
enizer. In this case, character-based tokenization was chosen. D u r i n g the data preparation 
stage, a l l reference text was transformed to uppercase to slightly reduce the level of ambi­
guity of the resulting model . It resulted to decreasing the vocabulary size. For example, the 
vocabulary size of Engl i sh without any special symbols was 26 instead of 52. The output 
layer scales w i t h the vocabulary size, therefore the model has fewer options to choose from. 
This technique can be only used in cases when there is no need for differentiation of capital 
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and lowercase letters, and wi th languages which have the notion of capi tal letters, T a m i l is 
not one of these languages. 

At ten t ion had to be pa id to the processing of meta-pieces which occur in the t raining 
dataset, such as <breath>, <ring>, <lipsmack> e . t .c . Incorrect processing of such tokens 
may result i n poor generalizability of the resulting model . For example, the tokenization 
of <breath> as {<, b, r, e, a, t, h, >} may not be appropriate, the token e from the 
special meta-piece <breath> carries completely different acoustic realization than token e 
extracted from a real word, e.g endeavor. Such a problem may cause inconsistency in 
the t ra ining data when to the same grapheme corresponds to completely different acoustic 
realizations. In the following experiments, a l l meta-pieces such as <breath>, <lipsmack> 
e.t.c. were mapped to the <unk> token. The reason behind it was that different datasets 
have different meta-pieces and during the transfer learning process we wanted to use a 
tokenizer w i th the same token set to simplify the t ra ining pipeline. The t ra ining of each 
model was run unt i l its full convergence. 

4.2.3 Baselines performance 

M o d e l type 
C E R ( % ) W E R ( % ) 

M o d e l type 
clean m i x clean mix 

Vietnamese 
H M M - D N N - - 36.26 38.87 

Vietnamese 
R N N - T 27.90 41.99 42.06 56.79 

Table 4.2: C E R and W E R of Vietnamese baseline model 

M o d e l type C E R ( % ) W E R ( % ) 

T a m i l 
H M M - D N N - 58.80 

T a m i l 
R N N - T 38.20 67.48 

Table 4.3: C E R and W E R of T a m i l baseline model 

Table 4.2 gives the performance of e2e baseline model trained on the available Vietnamese 
dataset, where the clean test is a subset of the m i x dataset. The R N N - T uses character-
based tokenization and does not incorporate any external language model . The R N N - T 
system does not do any data augmentation, whereas the H M M - D N N model does. The 
following experiments w i l l explore different types of augmentation. 

Table 4.3 gives the performance of the models trained on the B A B E L F L P T a m i l data. 
The augmentation methods for the hybr id and e2e models are different. In the case of 
the R N N - T the augmentation is applied randomly on-the-fly, whereas the hybr id model is 
trained on the data that was augmented offline. 

In bo th cases, the hybr id m o d e l 3 performance was shown for reference. Since the H M M -
D N N systems do not implement character-based tokenization, the C E R metric is not avail­
able for this type of system. The performance difference between the hybr id and e2e models 
is significant. In the following sections, we w i l l explore different techniques which should 
help to alleviate the data scarcity problem and improve the generalizability of the resulting 
e2e models for both Vietnamese and T a m i l datasets. 

3The hybrid models were trained by Martin Karafiat 
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4.3 Alleviat ing data scarcity problem 

The most obvious and useful solution to al leviat ing the data scarcity problem is to create 
more data. Th is data-hunger of e2e approach is one of the concerns of people who are 
skeptical about the future of pure neural network solutions, though it seems that this data 
approach s t i l l provides performance gains. The following sections explore regularization, 
data augmentation, and different approaches to model pretraining. 

4.3.1 Regularization 

The neural networks for the A S R are extremely powerful models w i th mill ions of parameters, 
they can learn very complex patterns and generalize over them. However, sometimes too 
complex and powerful architecture may lead to overfitting on the t raining data. Overfi t t ing 
is d u l l memorizing of t ra ining samples rather than finding more general patterns i n them. 
A n overfitted model tends to show very good performance on the t ra in set and significantly 
degrade on the val idat ion and test sets. Usually, the overfitting indicates that the model 
architecture is too complex, and the number of trainable parameters is too high for this 
part icular problem. Alternat ively, the amount of t ra ining data may not be sufficiently 
diverse to show characteristics that are more general. 

O n the other hand, the model can be under-fitted. Underra t ing is a problem when the 
model is not powerful enough to learn the pattern i n the t ra ining dataset, and therefore, 
also cannot generalize over the previously unseen data. A problem may be wi th a too simple 
model architecture or the insufficient number of t ra ining epochs. The point when the model 
is considered to be well-fitted is right at the t ime when both val idat ion losses reached a 
local valley of convergence, in the interval after under-fitting but before overfitting. 

< • 
Underfitting Optimum Overfitting 

Loss 
l ^ ^ ^ ^ ^ 

Generalization loss 

Training loss 

*-

M o d e l comp lex i t y 

Figure 4.2: Three states of the model (Ajitesh K u m a r , 2022, M o d e l Complex i ty Overfi t t ing 
in Machine Learn ing 4 ) 

4 h t t p s : / / v i t a l f lux.com/model-complexity-overf itting-in-machine-learning/ 
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In figure 4.2 bo th cases can be seen. It shows how to spot the mentioned model states 
from the plot of t ra in and validat ion losses. The first interval shows the under-fitted model 
which has not reached its peak performance yet. If the model is trained for a sufficient 
number of epochs, it converges to when the t ra in and validat ion loss is i n the valley. If the 
model is trained for too many epochs then the parameters may memorize the t ra ining data 
pattern instead of learning more general trends, and the t ra in loss w i l l continue to decrease 
whereas the val idat ion loss w i l l start growing. 

W h e n only several hours of t ra ining data are available, which often happens i n the case 
of real low-resource languages, the overfitting can occur much earlier. Some of the methods 
used i n the A S R to prevent the model from overfitting are dropout, data augmentation, 
and L 1 / L 2 regularization. The goal of these techniques is to discourage the model from 
learning too complex patterns. Y i n g b o Zhou et a l . [48] showed that combining dropout 
and augmentation i n the A S R tasks leads to significant improvement i n the overall test 
set performance. Therefore, we applied both of these regularization methods wi th in the 
experiments. L I and L 2 regularizations are components that can be added to the loss 
function; they w i l l penalize big weights changes in the network, 

where A is a regularization coefficient and w are the network weights. Th is is an example 
of L 2 regularization, which is often used i n neural networks. In the following experiments, 
neither L I nor L 2 regularization is used because the amount of t ra ining data is considered 
to be sufficient. 

The other mentioned regularization hack is a dropout. The main idea behind the 
dropout is to let the model t ra in only the random subset of its parameters i n each epoch. 
It w i l l prevent the model from zeroing one subset of model weights and maximiz ing the 
other. In the experiments the dropout rate was set to 15%, therefore, for each epoch 15% 
of randomly chosen network weights w i l l not be updated. 

One more way how to alleviate the lack of data problem and improve the generalizability 
of the resulting model is to artif icially increase the amount and diversity of t ra ining samples. 
Tha t is what audio augmentation does. A u d i o augmentation is the technique of increasing 
the amount of t ra ining data by transforming the original audio [26]. The transformation 
can be applied both i n audio and frequency domains. Some examples of augmentation 
techniques are perturbation (changing the speed factor), dropping frames and frequencies, 
and adding noise or reverberation for s imulat ing a noisy environment. The augmentation 
transformations can be precomputed offline before the actual t raining, also, they can be 
computed at the t ra ining time, on-the-fly. In speechbrain the augmentation module is im­
plemented as a SpecAugment [33] but i n the t ime domain, a l l transformations are computed 
on-the-fly On-the-fly i n this context means transforming the audio right before the creation 
of the batch. 

In this report three augmentation techniques were used, speed perturbation, reverbera­
t ion, and additive noise. Speed perturbation mimics the speaker w i th a variety of speaking 
rates present i n the t ra ining dataset. It encourages the model not to focus too much on the 
rate of speech and focus on the l inguistic content of the utterance. K o et a l . [26] showed 
that this low implementation cost method provides better results than more sophisticated 
tempo perturbat ion and voice tract level perturbation [23]. Reverberation is the convo­
lut ion of the original signal w i th R o o m Impulse Response ( R I R ) . It is used i n order to 
simulate the far-field speech, different positions of the microphone, and environments. The 
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additive noise augmentation is adding various extraneous noises to the signal. For example, 
running water noise, white noise, the noise of the ci ty e. t .c . Even though there are many 
techniques how to diversify data, it is recommended to use new data and not to rely on the 
augmentation much. A s someone said: "There is no better data than more data". However, 
large quantities of diverse and accurately transcribed new data is often difficult or expensive 
to obtain. 

Augmentat ion experiment 

C E R 
clean m i x 

W E R 
clean mix 

no augmentation 27.90 41.99 42.06 56.79 

pre-augmented data (offline) 26.96 36.62 40.48 51.48 

speechbrain augmentation (online) 25.37 38.94 38.37 53.24 

Table 4.4: C E R and W E R (%) of Vietnamese models w i th different augmentation 

Table 4.4 compares R N N - T models trained on Vietnamese language, trained wi th and 
without different types of augmentation. The table shows the gains that augmentation 
brings, the W E R and C E R drop by several percent. It is expected since the model sees 
more diverse data during the t ra ining process and it contributes to better generalizability. 
Also , it shows an interesting difference in performance between two types of augmentation, 
online and offline. The model trained w i t h online augmentation performs better on the 
clean dataset, whereas the model trained on the pre-augmented data is better at recognizing 
distorted speech. 

Apparently, the attempt to mimic the offline method of augmentation using the online 
approach was not successful and the difference between the ways how the data is augmented 
is different. The offline augmentation was performed on the whole dataset, the data set 
became 4 times larger. 1/4 of a l l data was reverberated, 1/4 was contaminated w i t h the 
noise, the per turbat ion was applied to 1/4 of data and 1/4 of data remained original . In 
the case of online augmentation, the augmentation rate for a l l types of augmentation was 
set to 0.33. The R I R s which were used for the reverberation augmentation were generated 
by speechbrain, whereas the R I R s for the offline augmentation were prepared beforehand. 
The same wi th the noise recordings. 

4.3.2 Transfer learning 

Transfer learning is another technique to artif icially increase the amount of t ra ining data 
the model has seen. Transfer learning is using the parameters of a model pretrained on 
the data from a different domain as a starting point for t ra ining a model on the target 
domain data. It is presumed that during the first round of t ra ining the model w i l l learn to 
extract information which w i l l be useful for the target domain. The process of the second 
round of t ra ining on the target dataset is usually called fine-tuning. Fine- tuning not only 
shows better results for the low-resource e2e models but also reduces the expenses because 
for the fine-tuning of the model it is not necessary to have access to a large amount of 
computat ional power and the data the model was pretrained on. It has become common 
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practice to start from large pre-trained foundation models, and apply fine-tuning toward 
the target task 5 . 

In one of the first attempts to apply the transfer learning to the low-resource A S R 
problem [21] connected several softmax output layers w i th different token sets and trained 
this model w i th mul t i l ingual data. The resulting model is multi- task model architecture 
wi th mult iple separate softmax outputs. The proposed shared-hidden-layer architecture 
allowed transfer learning between languages to yie ld benefits; however, there are several 
concerns about this architecture arise. W h a t i f several tokens share the same acoustic 
representation? W h a t impact does the intersection between the token sets have? The 
opaque nature of D N N s causes this ambiguity. 

The other way of leveraging the prior knowledge for t ra ining a model for a low-resource 
language is transferring a pretrained model w i th output layer change. Usually, there is a 
disjointment between the high-resource and target language token sets, and to solve this 
problem the researchers applied different techniques such as t ra ining only part icular layers 
of the model and changing the output layer to the target token set. This sharing of hidden 
states is non-controllable and latent. Also , it requires more engineering efforts. 

Recently, a more natural and transparent way of transfer learning was proposed. Th is 
approach [25] leveraging transli teration technique does not require any output layer change 
and relies on high phonetic s imilar i ty of the languages. 

4.3.3 Romanization and transliteration 

For the pretraining without the output layer change, the data used for pretraining can be 
transliterated to the target language. In this case, transli teration from one language to 
the target language is transcribing the audio from one dataset using s imilar ly sounding 
grapheme sequences from the target language. For example, transli teration from Engl i sh 
to Czech language is the t ranscript ion of Eng l i sh audio using the s imilar ly sounding Czech 
graphemes, hello —> ch e I o u. Subsequently, the model pretrained on transliterated 
reference and original audio data of the source language can be fine-tuned only on the target 
language dataset. In [25] the idea of cross-lingual transliteration, where for a model trained 
on one language data was fine-tuned on the language wi th a completely different token set, 
was improved. The benefit of high-resource language transli teration may depend on the 
amount of low-resource target language data and the relatedness of the languages. The 
fewer target language data available the more significant may be the impact of pretraining. 
Pre- t raining on the language which is related to the target one may also increase the impact 
on the overall result. 

Speaking of transliteration, it is also worth mentioning the romanizat ion technique, 
which is denoted as the representation of one language using only L a t i n graphemes. Bas i ­
cally, romanizat ion is many-to-one transli teration where audio is transcribed using only the 
L a t i n graphemes. However, this technique can only be applied to the languages which have 
the token set which is fairly similar to L a t i n alphabet, e.g. Czech, German or L i thuanian . 
In case of this work, romanizat ion means simple removing of a l l diacrit ics and tone signs 
from the Vietnamese reference, co san —> co san. 

Fine-tuning experiments 

The mul t i - l ingual transfer learning pipeline consists of two steps: 

5 h t t p s : //huggingf ace.co/models 
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2. 

Pre-t raining on the source language is t ra ining the model usually on a high-resource 
language data, the model w i l l learn to extract the relevant features and map them 
to the tokens. The resulting model parameters w i l l be the starting point for the 
fine-tuning stage. 

Fine-tuning on the target language is tweaking the parameters of the pre-trained 
model to the target space so that the final model performs reasonably well on the 
target data. Th is method can speed up the t ra ining and help to overcome a small 
target data set. 

Dur ing this several-stage training, a problem connected to the learning rate arises. The 
in i t i a l learning rate at the fine-tuning stage has to be adjusted experimentally. Usually, the 
scheduler module updates the learning rate wi th respect to the val idat ion loss, in this work 
N e w B o b scheduler is used. 

There are two systems, the learning rate of the first system 4.4(a) was scheduled wi th 
respect to the mix of the target language dataset and transliterated data; the second sys­
tem 4.4(b) learning rate was scheduled w i t h respect to only transliterated data. Upda t ing 
the learning rate wi th respect to the target language val idat ion dataset does not behave well 
in cases when the model is pretrained only on transliterated data from the source language. 
In this case, the loss may diverge and the model may not learn any reasonable dependencies. 
Figure 4.4(b). The validat ion loss of the first systems was converging gradually 4.4(a). A s 
long as the val idat ion loss continues to decrease it implies that the learning rate is reason­
able. Therefore, the model was pretrained on the m i x of transliterated Libr iSpeech (1000 
h) and target language T a m i l data (60 h). 

Validation loss 

15 2D 25 3D 
Epoch 

(a) The training set is a mix of the target language 
and transliterated data 

i t i 4 A 

V 

— Validation loss 

Epoch 

(b) The training set is only the data transliterated 
to the target language 

Figure 4.3: Tra in ing the model only on transliterated data from the source language and 
on the m i x of transliterated and target language data. 

A model trained only on transliterated data from the source language may not develop 
accurate language modeling behavior for the target language. Text transliterated to the 
target language may par t ia l ly preserve the phonetics but it may not make any sense from 
the semantic point of view. Tha t is why the learning rate scheduling wi th respect to the 
target language may fail. In case the validat ion during pretraining is done wi th respect 
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to the target language, the solution to this would be the pool ing or mix ing of the target 
language and high resource t ra ining language datasets during the pre-training stage. 

The scheduler used in the experiments works i n the way that it multiplies the current 
learning rate by the annealing factor when the val idat ion loss difference between the last 
and current epochs is less than a pre-set threshold. It may happen that after the beginning 
of the fine-tuning stage the validat ion loss w i l l abrupt ly increase, it may imp ly that some 
parts of the model started learning "from scratch", i n this case, the main purpose of the 
pretraining was wasted. 

Epoch Epoch 

(a) (b) 

Figure 4.4: Start of fine-tuning situations 

Figure 4.4 shows both of the cases when the learning rate is appropriate (a) and when 
it is not and the model resets the pretraining effect (b). O f course, the learning rate is not 
the only hyperparameter which may have an impact on this, the domain mismatch may 
also cause such behavior during the beginning of the fine-tuning stage. 

Romanizat ion 

Pub l i c ly available resources allowed for easy applicat ion of transli teration from Engl i sh to 
T a m i l . However, an in i t i a l search suggested that equivalent resources between Engl i sh and 
Vietnamese may not be available. Rather than bui ld ing a transli teration framework between 
Engl i sh and Vietnamese from scratch, this work instead proposes to use romanizat ion as a 
bridge between the wri t ten forms of these two languages. The following section examines 
the advantages this approach can bring. 

Romaniza t ion goes i n the opposite direction i n the sense that the target language is 
mapped to Engl i sh (in transli teration Engl i sh was transliterated to Tami l ) . D u r i n g the 
romanization, a l l acoustic information from the text had been removed (co san —> co 
san), but it made the fine-tuning of the pre-trained Libr iSpeech model easier than changing 
the output layer. The ma in motivat ion for this is to start fine-tuning stage without any layer 
change, since the token set of both datasets is the same, though they may have different 
acoustic representations. For this experiment the baseline is taken from the augmentation 
experiment, the baseline is the Vietnamese model w i th the online augmentation applied. 
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C E R ( % ) 
clean m i x 

W E R ( % ) 
clean m i x 

Vietnamese Baseline 25.37 38.94 38.37 53.24 

Romanized Vietnamese 22.82 36.42 37.29 52.68 

Table 4.5: Vietnamese and Romanized Vietnamese models 

The models shown i n table 4.5 are R N N - T trained on Vietnamese and romanized Vie t ­
namese. The in i t i a l proposal was that the discarding of tones and diacritics w i l l result 
in having fewer possible choices of output tokens. It may reduce the prior probabil i ty of 
choosing the wrong token. Therefore, the error rates can be expected to be lower. Later in 
the experiment, the attempt to restore the diacritics i n hypotheses w i l l be taken. 

However, these models cannot be comparable because they are tested on two differ­
ent datasets (Vietnamese and romanized Vietnamese). Thei r performance is provided for 
reference. The romanized model was assessed against the romanized reference. The Vie t ­
namese language becomes ambiguous without the tone marks and diacrit ics, however, the 
native speakers should be able to read long context sentences without changing the original 
meaning. 

C E R ( % ) 
clean m i x 

W E R ( % ) 
clean m i x 

Romanized Vietnamese 22.82 36.42 37.29 52.68 

Fine-tuned R o m a n . V i e t . 22.18 34.71 36.24 50.95 

Table 4.6: Romanized Vietnamese model performance 

The Romanized Vietnamese model i n this case is the model from the previous table 4.5 
trained only on the romanized Vietnamese data. The fine-tuned model from the table 4.6 
is the model pre-trained on the m i x of romanized Vietnamese and Libr iSpeech (960 h) and 
fine-tuned only on the romanized Vietnamese data. A s can be seen from the table, there is 
gain in the performance, however, keep i n m i n d that it is hardly readable romanized version 
of the language and these results are not comparable to the proposed Vietnamese baseline 
shown i n table 4.5. 

This work suggests a separate component that takes romanized Vietnamese as input, 
and hypothesizes Vietnamese w i t h diacritics and tone marks as output. Th is component 
was adopted from th i s 6 public repository. Th is system is referred to as the restoring model. 

To make the Vietnamese baseline and fine-tuned romanized models comparable. I de­
cided to t ra in the system which w i l l restore the diacritics and tone information i n the 
hypotheses of the fine-tuned romanized model right before the W E R computat ion. A s 
such, the final hypothesis can be compared against the original, non-romanized, Vie t ­
namese reference. Since the resulting model w i l l be assessed against normal Vietnamese 
(non-romanized), the model performance w i l l highly depend on the restoring model accu­
racy. The model was fine-tuned on the references from the t ra ining Vietnamese dataset. 
The architecture of this restoring model is Transformer which takes a sentence wri t ten in 
romanized Vietnamese and tries to restore the diacritics and tone information of single 

6 h t t p s : //github.com/duongntbk/restore_vietnamese_diacritics 
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syllables depending on the full context. The accuracy of the resulting model tested on the 
fraction of the references from the Vietnamese t ra ining dataset was 90.82%. 

C E R ( % ) 
clean m i x 

W E R ( % ) 
clean m i x 

Vietnamese Baseline 25.37 38.94 38.37 53.24 

Restored diacrit ics 28.09 40.63 45.85 57.98 

Table 4.7: Restored Vietnamese diacritics model performance 

It can be seen from table 4.7 that the diacritics restoration method is not a good solution. 
Presumably, there is a significant text data mismatch caused by the errors from the speech 
recognition system. The restoration model error is also transferred to the overall error 
of the model . The lack of information about the audio may be another reason. Another 
way to fine-tune this model could be t ra ining on the pairs of hypotheses outputted by this 
A S R model and ground t ru th values, that would decrease the model mismatch and the 
model would also work as the error correction model, however, this approach seems to be 
too cumbersome but an idea behind the e2e approach is the simplification of the training 
process. 

Transliteration 

The second fine-tuning experiment was conducted on the model pretrained on the translit­
erated Libr iSpeech 1000 hours dataset mixed w i t h target T a m i l data. Fine- tuning was done 
on several intermediate models and on the fully converged model to check whether it is im­
portant to pre-train the model t i l l its full convergence. The transli teration from Engl i sh to 
T a m i l was done using the publ ical ly available t o o l 7 . 

This work hypothesizes that using a fully converged model for the fine-tuning of the 
model trained on transliterated data may be less productive than using a model from an 
intermediate epoch. It is expected that too much t ra ining of the model during the pre-
training stage may make it difficult to alter the model's behaviour during the fine-tuning 
stage. This persistence may result from, for example, the model parameters being stuck 
wi th in a loss function valley, or the model parameters growing too large. If the model gets 
trapped wi th in a loss function valley from pre-training, then this may manifest as the model 
u t i l iz ing too much of the transliterated language modeling information that it had learned 
during pre-training, which may not be relevant for the target language. In other words, 
during the pertaining, the model w i l l l ikely learn the language-related information which 
may not be relevant to the target language. 

T h t t p s : //github.com/Ezhil-Language-Foundation/open-tamil 
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Figure 4.5: Fine- tuning the model from different epochs of the model pre-trained on translit­
erated data. 

In figure 4.5, it can be seen that fine-tuning the pre-trained model from the first epoch 
resulted i n poorer generalization. However, there is no visible difference between fine-tuning 
of the model from the 25th and 40th epochs of pre-training. Also , no difference in the speed 
of fine-tuning was observed between usage of the pretrained model from the 20, 25, 30 and 
40 epochs. A l l of these models needed about 30 epochs of fine-tuning to converge. 

Model CER(%) WER(%) 

Tamil baseline 38.20 67.48 
Fine-tuned from 1 epoch 37.35 67.28 
Fine-tuned from 5 epoch 36.52 66.82 
Fine-tuned from 15 epoch 36.39 66.05 
Fine-tuned from 25 epoch 36.45 65.96 
Fine-tuned from 35 epoch 36.46 66.17 
Fine-tuned from 40 epoch 36.52 66.13 

Table 4.8: Fine- tuning of the model pre-trained on mixed transliterated and target data, 
beginning from different pre-training epochs. 
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Table 4.8 shows that the most successful model was fine-tuned from the 25 epoch of 
pre-training. The performance between the model fine-tuned from the 25*^ and the last 
epoch seems to be negligible, we should check i f this difference is statist ically significant. 
The test used to check the difference between two systems is called M a t c h Pa i r Sentence-
Segment W o r d Er ro r ( M P S S W E ) test [15]. Th is is a two-sided statist ical significance test 
that divides the hypotheses from recognizers and the ground t ru th to segments, i n this case 
- words. The error i n a segment has to be statist ically independent of the errors in other 
segments. The hypothesis that the difference between two models is statist ically significant 
is assessed depending on the average difference i n the number of errors between the two 
systems. 

The SCTK tool s c l i t e and sc_stats were used for this testing. Let the level of 
significance a equal 95%. The output of the models which were fine-tuned from the 2hth 

and 40th epoch and the M P S S W E test was applied to them. The resulting p-value equaled 
0.298 which implies that there is no statist ical difference between these models on this level 
of significance. Since the difference in the performance of the resulting fine-tuned models 
is negligible it is not necessary to waste the resources and pre-train the model t i l l its full 
convergence. 

4.3.4 Components freezing and initialization 

In [24] V ikas Joshi et a l . applied different methods of transfer learning to R N N - T model. 
They showed that a randomly ini t ia l ized model produces significantly worse results on the 
test data than a model w i th pretrained parameters. A l so , they showed that transferring 
the whole model gives the highest W E R reduction, however, transferring only the encoder 
part accounts for most of the gains. It is suggested that the encoder may learn language-
independent features which can be applicable to any language. 

Even though the predict ion network is not the pure L M [9] it may s t i l l learn some l in ­
guistic information during the t raining. Since the l inguistic information carried i n translit­
erated reference may not be relevant from the target language perspective, i n this work it 
is believed that it may be beneficial to randomly initialize joint o r / and predictor networks 
before beginning the fine-tuning stage. These sub-networks may reach the local m i n i m u m 
during the pretraining and it may be difficult to correctly fine-tune their parameters to the 
target language space. 

The other technique which might be helpful i n this case is component freezing. The idea 
behind it is that the parameters of the frozen part or a layer w i l l not be updated during the 
backpropagation. I suggest that before the fine-tuning stage it may be helpful to freeze the 
encoder (and joint) part and focus on updat ing the rest of the network. After the scheduler 
w i l l decrease the learning rate below a pre-set threshold a l l the components w i l l be unfrozen 
and t ra ining w i l l proceed wi th the updated learning rate. I 

The following algori thm w i l l be referred to as two-phase fine-tuning: 

1. Freeze part A of the network (after the pre-training stage is finished) 

2. T ra in part B t i l l the learning rate reaches a pre-set threshold 

3. Unfreeze part A 

4. Tra in the whole network un t i l full convergence 

The following experiments w i l l fine-tune the model from the most successful intermedi­
ate epoch 25. Different configurations w i l l be tested, f reeze_enc - two-phases t ra ining wi th 
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encoder freezing, init_pred - random ini t ia l iz ing the predict ion network before joint fine-
tuning, f reeze_enc_init_pred - two-phases t raining wi th encoder freezing and prediction 
network ini t ia l izat ion, freeze_enc+joint_init_pred - two-phases t ra ining w i t h encoder 
and joint freezing and prediction network ini t ia l izat ion, freeze_enc_init_pred+joint -
two-phases t ra ining wi th encoder freezing and prediction and joint network ini t ia l izat ion. 

Configuration CER(%) WER(%) 

No freezing/initializing applied 36.45 65.96 

freeze enc 36.59 66.11 

init_pred 36.18 65.92 

freeze enc i n i t p r e d 36.87 66.22 

freeze enc+joint init pred 36.89 66.54 

freeze enc init pred+joint 36.79 66.52 

Table 4.9: Component freezing/ini t ial izat ion 

Table 4.9 shows that the model w i th a randomly ini t ia l ized prediction network provided 
a smal l performance gain. However, the M P S S test showed that there is no statistically 
significant difference between init_pred and baseline models since the p-value is 0.873. It 
may support the suggestion that i n the R N N - T architecture the predict ion network does 
not act as the L M [9] and random ini t ia l iza t ion of this module may have a negative effect 
on the correct generation of blank tokens for coordination wi th the encoder. The freezing 
also d id not show any gains, probably, because the joint t ra ining of the R N N - T model is a 
more natural and efficient way. 
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Chapter 5 

Future work 

Some of the techniques used i n the experiments helped to get some performance gain, 
however, there s t i l l exists a performance gap between the e2e and conventional model 
performances on these low-resource tasks. Furthermore, it is reasonable to assume that 
the same proposed techniques may be applied to conventional models too, br inging further 
gains to those models, and thereby widening the performance gap even further. 

In a more comprehensive and deep experiment, it may be beneficial to compare the 
discussed approaches wi th some of the existing mul t i - l ingual transfer learning techniques, 
such as changing the softmax output layer or multi-language models. However, this thesis 
d id not compare the proposed method against these other methods. This comparison 
was not done due to the t ime l imits , the t ime that it would have taken to get each of 
these alternative approaches to work, and the large amount of information that had to be 
processed and comprehended wi th in this t ime span. 

The main goal of transli teration and romanizat ion approaches was to make the mul t i ­
l ingual transfer learning process more smooth and less ambiguous. The fact that the token 
set dur ing pre-training and fine-tuning is the same ensures that a l l the network connections 
which are responsible for mapping between acoustic features and graphemes are optimized 
smoothly throughout the whole t ra ining pipeline. However, i n this case, the only tokeniza-
t ion method which makes sense for these approaches is character-wise. It is known that 
B P E or unigram tokenization techniques usually produce better results, but the constraints 
of the discussed methods are hardly overcomable. 

In the long run, data scarcity is a huge problem of low-resource A S R , smal l diversity of 
t ra ining data impacts the generalizability of the resulting models. The solutions considered 
before were t ry ing to artif icially increase the amount of paired t ra ining data. M a n y recent 
works focused on the low-resource A S R t ry to leverage the real unlabeled data instead 
which is easier to get. M a n u a l human labor is required to correctly label the data. For 
some languages, it is difficult to find expert transcribers, due to these problems manual 
data labeling becomes an expensive thing. In this section, we w i l l briefly go through some 
of these techniques which t ry to leverage the unpaired data and define the future work goals 
and current research problems. 

5.1 Semi-supervised training 

One of the successful approaches suggested by Jayadev B i l l a [6] is to t ry to leverage un-
transcribed out-of-domain speech for t ra ining a low-resource speech recognizer. W h e n a 
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fraction of the t ra ining data is unlabeled, such approach is called semi-supervised t raining 
(SST) . 

To pre-train the model, [6] relies on existing A S R systems, which can be hard to get in 
real low-resource scenarios. In this case, the unlabeled data is transcribed using an available 
A S R system and then it is used for the pre-training. However, t ranscript ion errors may exist 
in the A S R output. To alleviate this, the predicted confidence level of the A S R system is 
used to filter out utterances for which the A S R system is not confident in its transcriptions. 
Basically, the confidence level w i l l tel l you how sure the A S R system is about the returned 
hypothesis, if the confidence is above a preset threshold then this data is considered good 
enough for including it to the t ra ining set. It showed that the model pretrained on the mix 
of unlabeled YouTube and paired target data always provided better results after the fine-
tuning than the model pretrained only on YouTube data. The effectiveness of pre-training 
a model on the data pooled from the target and out-of-domain datasets was also shown in 
the transli teration experiment. 

Another recently proposed approach suggested by Rodolfo Zevallos [47] leverages only 
the target domain text. The introduced approach is suitable pr imar i ly for agglutinative 
languages where single morphemes of words are easily separable because it focuses on a text 
augmentation technique called token-level delexicalization. In natural language processing 
delexicalization data augmentation is the substi tut ion of some words which mean places, 
time, people e.t.c. w i th tags: 

Hello, Peter, have you been to London yesterday! 

Hello, < name > , have you been to < place > < time >?. 

Afterward, these tags can be substituted wi th other words from the same semantic 
category. The delexicalization on the token level does it similarly, but it substitutes single 
morphemes instead of substi tut ing the words. It would not make sense if it was about the 
fusion languages where morpheme separation is not that apparent. Th is technique can be 
used for the further improvement of the T a m i l A S R model because T a m i l has agglutinative 
property. 

[47] follows a hybr id approach and uses kaldi toolki t for the t raining. He uses the 
synthesized text for t ra ining an external L M . For t ra ining the acoustic model he uses the 
available Text-To-Speech ( T T S ) converter. The synthesized audio is then fed to the feature 
extraction pipeline. Probably, this synthesized audio and text can be used for the e2e 
t ra ining as well . Us ing this method, the amount of t ra ining data can be significantly 
increased, however, it requires the th i rd model for synthesizing text and speech, which can 
be a huge challenge i n the case of real low-resource languages. This work shows how the 
data can be created almost from nothing, however, the fact that it relies on the T T S model 
is a huge disadvantage for real low-resource languages. Also , the resulting model may have 
difficulties recognizing the real speech, because it may be biased towards the synthesized 
speech. The T T S model may be l imi ted i n its abi l i ty to produce diverse speech, from 
different speakers, emotion states, environments, etc.. Th is may l imi t the diversity of audio 
data that the A S R model can learn from. 

5.2 Incorporation of wav2vec 

One more technology that is vastly used dur ing the A S R transfer learning is wav2vec [40]. 
It is a model trained i n an unsupervised manner on a large amount of raw audio data. The 
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main idea behind wav2vec is to extract embeddings from the audio, that contain useful 
information, by using variations of auto-encoder t raining. It is then hoped that a wav2vec 
model that is t rained on large quantities of audio data from one domain may also be able to 
extract useful embedding features for a different low-resource domain. Thus, information 
from the audio of the source domain may be used to a id the target domain. The wav2vec 
process uses several convolutional layers which significantly decrease the dimensionality of 
input data and represent it i n a latent space, afterward this data is randomly masked and 
modified, and the goal of the wav2vec model is to learn the difference between modified and 
original data. The task gets harder once the model becomes better at predict ing further 
contexts. 

Then the pretrained wav2vec model can be placed to any architecture as the encoder 
and fine-tuned w i t h any criterion just by connecting it v ia the projection layer. Dur ing 
the fine-tuning on target labeled data wav2vec and the rest of the model are optimized 
wi th different learning rates. The paper which applied wav2vec to different low-resource 
scenarios [46] showed that using the pretrained wav2vec, it is possible to fine-tune the model 
on 10 hours of data which w i l l be competit ive w i t h the model trained on 100 hours of data. 
In this paper, they applied the wav2vec pretraining on several low-resource datasets and 
got a significant gain in performance. This method, also, shows that it is resistant to 
data mismatch. The self-supervised pre-training showed a significant advantage over the 
t ra ining only on the target data; however, the amount of data needed for the self-supervised 
pretraining is several times more. 

Now when the high-resource problems have the existing solutions which perform ad­
equately, the focus of the researchers moves towards the problems w i t h the low-resource 
data. Hopefully, this impossibi l i ty to acquire more and more data w i l l push the research 
forward and novel solutions and t ra ining techniques w i l l appear. The current trends of 
increasing the amount of t ra ining data may face a dead end i n foreseeable future and we 
w i l l need completely new designs and approaches. 
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Chapter 6 

Conclusion 

This thesis has explored different methods of overcoming the e2e low-resource problems. 
The augmentation increased the amount of trained data and improved the overall general-
izabi l i ty of the model. The pretraining on the transliterated data helped the model not to 
t ra in from scratch but to adjust its weights to cover the target language space. Before the 
fine-tuning stage, we also tr ied to freeze and randomly init ial ize some components of the 
model which might have learned inval id l inguistic information from the transliterated text. 

Even though e2e architecture cannot be called a state-of-the-art solution for languages 
wi th l imi ted resources yet, it is a very attractive approach because less l inguistic expertise 
may be needed, compared to conventional models, thereby making e2e architectures more 
accessible. The capabil i ty of e2e models to perform online decoding on the device is another 
reason why big companies invest huge resources i n this research field. Incorporating different 
techniques shown in this work can help to improve the resulting performance of the model, 
however, it is s t i l l not enough for cal l ing the e2e architecture a reliable solution for low-
resource languages. 

A big problem wi th examined solutions is that a l l of them are data-driven. The hunger 
for data i n the deep learning field is an underlying problem of deep learning. Tha t is why 
it may not be the ideal solution for the problems wi th the l imi ted amount of data. The 
current deep learning techniques look more like brute force learning rather than genuine 
comprehension of the t ra ining data. In comparison to a human, D N N w i l l need hundreds 
or thousands of samples of the same data i n order to remember it and generalize beyond it. 
The abi l i ty to generalize outside the t ra ining space is crucial i n cases when there is a lack of 
t ra ining data but current deep learning approaches may need to be improved to effectively 
achieve this goal. 
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