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1 Introduction 
 
Text-to-Speech (TTS) technology generates synthetic voice using textual 

information only. Thus, it may serve as a more natural interface in human-machine 

interaction. TTS is an essential tool in many application areas such as digital 

personal assistants, dialogue systems, talking solutions for blind and visually 

impaired people, people who have difficulties in spelling (dyslexics), teaching aids, 

text reading, talking audiobooks and toys. Over the last years, significant research 

progress was achieved in this field. Generally, 'today's state-of-the-art TTS is either 

based on unit selection or statistical parametric methods. Particular attention has 

been paid to Deep Neural Network (DNN) based TTS lately, due to its advantages 

in flexibility, robustness and small footprint. Among the essential properties of a 

speech synthesis system are naturalness and intelligibility. Naturalness expresses 

to what extent the output approaches human speech, whereas intelligibility is the 

easiness with which the information content can be understood. Text-to-Speech 

systems may be divided into two subsystems: natural language processing-based 

text processing and speech generation. Natural Language Processing (NLP) derives 

from the combination of linguistic and computer sciences. It mainly contains three 

steps for TTS systems: text analysis, phonetic analysis and prosodic analysis. Text 

analysis includes segmentation, text normalization and Part-of-Speech (POS) 

tagging. Phonetic conversion assigns phonetic transcription to each word. There are 

several approaches to phonetic conversion. Two main directions are rule and 

dictionary-based, or data-driven statistical and machine learning approaches. 

Prosodic analysis performs intonation, amplitude and duration modelling of speech. 

The NLP subsystem has a great influence on the achievable performance of the 

whole TTS system. The communicative context of the system is typically 

determined (domain-specific TTS synthesis) a priori or ignored.  

Recently,  some works, such as Deep  Voice  [1] and Tacotron  [2]  have been done 

to replace some or all components of traditional TTS systems with deep neural 

networks in an end-to-end structure. However, most commercial systems are still 

based on unit selection TTS, where speech is generated by the concatenation of 

acoustic units selected from a speech corpus. This technique permits high, 

controllable synthetic voice quality.  To create a new voice for a unit selection TTS 

system, a voice talent reads aloud a dedicated text. Then all recorded utterances are 

phonetically segmented:  in general,  phonemic transcriptions are derived from the 

text with grapheme-to-phoneme conversion (G2P) systems and aligned 

automatically on the speech signal [3, 4]. G2P conversion is the process of 

generating pronunciation for words based on their written form [5]. The encoder-

decoder structure was studied for the G2P task [6, 7, 8] before, but usually recurrent 

neural network-based architectures, like LSTM and GRU networks were involved. 

For example, 'Baidu's end-to-end text-to-speech synthesizer, called Deep Voice, 
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uses the multi-layer bidirectional encoder with 'GRU's non-linearity and an equally 

deep unidirectional GRU decoder [1].  

TTS systems need to work with texts that contain non-standard words, including 

numbers, dates, currency amounts, abbreviations and acronyms. Due to this reason, 

text normalization is an essential task for a TTS system to convert written-form 

texts to spoken-form strings. Rule-based, dictionary-based methods, Finite State 

Automata (FSA) are applied for different languages [9]. In order to embolden more 

research in this direction, a challenge with an open-source dataset was published 

[10]. Generally, two different models are utilized in this domain: a bidirectional 

sequence-to-sequence and an attention-based RNN sequence-to-sequence model.  

Recent advances in deep learning significantly improved the development of Text-

to-Speech (TTS) systems through more effective and efficient learning of 'speakers' 

voice and speaking styles and more natural generated speech. To create an effective 

dialogue system, which one of the stages of TTS is very hard and Spoken Language 

Understanding (SLU) is essential.  SLU aims to form a semantic frame that captures 

the semantics of user utterances or queries. Intent detection is one of the main tasks 

of  an SLU system, that focuses on classifying the user's intent and extracting 

semantic concepts as constraints for natural language. Rule-based approaches, like 

conditional random field (CRF) and Support Vector Machines, were investigated 

for intent detection [12, 13]. Furthermore, artificial neural network-based models 

have also been investigated. Convolutional neural networks (CNN) are applied for 

classifying intents in [14]. The combination of CNN and the triangular CRF model 

(TriCRF) is proposed for the intent labels and the slot filling in [15]. 

 

2 Research Objectives 
 
The general research topic of my Ph.D. work is novel NLP methods for improved 

text-to-speech synthesis. I have chosen the topic of novel NLP methods for 

improved TTS synthesis for my research because of its novelty and numerous 

challenges. In the current thesis booklet,  I summarize the novel outcomes of my 

research grouped in the three research objectives. 

The first research objective is creating novel models for grapheme-to-phoneme 

(G2P) conversion. G2P is essential to develop a phonemic lexicon in TTS and 

automatic speech recognition (ASR) systems. This part of my research introduces 

and evaluates novel convolutional neural network (CNN) based and Transformer 

architecture based G2P approaches. The suggested methods approach the accuracy 

of previous state-of-the-art results in terms of phoneme error rate. 

The second research objective proposes novel models for text normalization. I 

developed CNN-based text normalization, and the training, inference times, 

accuracy, precision, recall, and F1-score were evaluated on an open-source dataset. 

The performance of CNNs is evaluated and compared with a variety of different 
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Long Short-Term Memory (LSTM) and Bi-LSTM architectures with the same 

dataset. 

The third research topic introduces novel models for intent detection. I developed 

novel models, which utilize the combination of Bi-LSTM and Self-attention 

Network (SAN) for this task. Experiments on different datasets were evaluated.   

 

3 Research Methodology 
 
During my research, the results of the proposed methods were investigated using 

common, research field-specific methodologies. In this chapter, I introduce the 

datasets, tools and evaluation methods used in the research. In the next sections, I 

present the methods with materials per thesis groups: 

 

3.1. Grapheme-to-phoneme (G2P) conversion 
 
In this part of my research (see below Thesis group I), I used the CMU 

pronunciation1 and NetTalk datasets, which are frequently used by various 

researches [5, 6, 8]. The training and testing splits are the same as found in [5, 6, 

8], thus, the results are comparable. CMUDict contains a 106,837-word training set 

and a 12,000-word test set (reference data). 2,670 words are used as a development 

set; there are 27 graphemes (uppercase alphabet symbols plus the apostrophe) and 

41 phonemes. NetTalk contains 14,851 words for training, 4,951 words for testing 

and does not have a predefined validation set. There are 26 graphemes (lowercase 

alphabet symbols) and 52 phonemes in this dataset. For evaluation, the following 

common metrics were utilized:  

Phoneme Error Rate (PER) is the Levenshtein distance between the predicted 

phoneme sequences and the reference phoneme sequences, divided by the number 

of phonemes in the reference pronunciation [16]. Edit distance (also known as 

Levenshtein distance) is the minimum number of insertions (I), deletions (D) and 

substitutions (S), that are required to transform one sequence into the other. In case 

of multiple pronunciation samples for a word in the reference data, the sample that 

has the smallest distance to the candidate is used. 

Word Error Rate (WER) is the percentage of words in which the predicted 

phoneme sequence does not exactly match any reference pronunciation, the number 

of word errors is divided by the total number of unique words in the reference. 

 

 
1 http://www.speech.cs.cmu.edu/cgi-bin/cmudict. Accessed: February 2021  

http://www.speech.cs.cmu.edu/cgi-bin/cmudict
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3.2. Text normalization  
 
In this part (Thesis group  II), I used an open data set of Kaggle2, which consists of 

9,918,441 (9.9 million) words of English text. The data were derived from 

Wikipedia regions, and it is split into sentences. The format of the annotated data 

is the same as in Table 1:  the first column is called 'sentence_'id', each sentence 

has a sentence_id; the second column is called 'token_'id', each token within a 

sentence has a token_id; the third column is '''class' which shows the class of the 

given token; the column '''before' and '''after' give sample raw text (or token) and 

normalized text consequently. 

Table 1. The format of the annotated data 
sentence_id token_id Class Before After                                     

      <SE>   

1 0 PLAIN I I 

1 1 PLAIN wake wake 
1 2 PLAIN up up 

1 3 PLAIN at at 

1 4 TIME 9:00 AM nine a m 

1 5 PUNCT . . 

      </SE>                                                   

 

I also used <SE> and </SE> tokens as beginning-of-sentences and end-of-sentence 

tokens. Moreover, each token is attributed to one of the classes, and generally, there 

are 16 different classes.  

Table 2. Corpus size statistics for the open-source dataset. 

Data Number of 

sentences 

Number of 

unnormalized 

tokens 

Number of normalized 

tokens 

Training 600040 8075998 9053849 

Development 70560 970972 1086032 

Test 77468 1063403 1188811 

 

These classes are called as PLAIN, PUNCT, ADDRESS, ELECTRONIC, 

LETTERS, CARDINAL, VERBATIM, MEASURE, ORDINAL, DECIMAL, 

MONEY, DIGIT, ELECTRONIC, TELEPHONE, TIME, FRACTION. I split the 

dataset into 3 parts: training, development, and test sets. The number of sentences, 

 
2 https://www.kaggle.com/c/text-normalization-challenge-english-language/data, Accessed: 

February 2021. 
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number of unnormalized tokens and number of normalized tokens for training, 

development and test datasets are shown in Table 2. 

I used accuracy, precision, recall, and F-measure as an evaluation metric and 

investigated the confusion matrices.   

 

3.3. Intent Detection 
 
In the third main topic of my research  (Thesis group III), I used the Airline Travel 

Information System (ATIS) dataset, which is frequently chosen by various 

researchers [15, 17]. The dataset contains audio transcriptions from people making 

flight reservations. The training set contains 4,478 utterances, the test set contains 

893 utterances, and 500 utterances are used for validation. I used Natural Language 

Understanding3 benchmark dataset too. This dataset is collected from the Snips 

personal voice assistant; the number of samples for each intent is approximately the 

same. The training set contains 13,084 utterances, the validation (development) and 

test sets contain 700-700 utterances. All words are labelled with a semantic label in 

a BIO format, which '''B' means to begin, '''I' means inside, 'O' is outside. Words 

which don't have semantic labels are tagged with 'O’. There are 120 slot labels and 

21 intent types in ATIS; there are 72 slot labels and 7 intent types in Snips dataset. 

Vocabulary size of these datasets is 722 and 11,241 in ATIS and Snips, 

respectively.  

Furthermore, I used Smart Lights and Smart Speaker datasets, which are produced 

by [18]. Smart Lights has 6 intents allowing to turn light on and off or change its 

brightness or colour. It has a vocabulary size of approximately 400 words. Smart 

Speaker dataset has 9 intents and vocabulary size is approximately 1,270. In these 

two datasets, I split the dataset into 90-10% as training and test sets. The validation 

dataset consists of 10% of the training set. 

I used accuracy, precision, recall as evaluation metrics and also investigated the 

confusion matrix. 

 

3.4. Software and Hardware Details 

 
The proposed models in these thesis groups were implemented in  Keras4 which is 

a deep learning framework with TensorFlow5 backend for Python. I also used 

NVidia Titan Xp and Titan X GPU cards hosted in two i7 workstations with 32GB 

RAM for training and inference.  

 
3https://github.com/snipsco/nlu-benchmark/tree/master/2017-06-custom-intent-engines, Accessed: 

February 2021. 
4 https://keras.io, Accessed: February 2021. 
5 https://www.tensorflow.org,  Accessed: February 2021. 

https://keras.io/
https://www.tensorflow.org/
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4  New Results 
 
I summarize my contributions to three thesis groups.  The first group of these deals 

introduces novel models for G2P conversion. The models are discussed in Thesis 

I.1, Thesis I.2, Thesis I.3, Thesis I.4, and  Thesis I.5. The second group concentrates 

on novel models for text normalization. Finally, the third thesis group is related to 

intent detection, as is one of the main tasks of SLU.  
 

4.1.  Thesis Group I. – Grapheme-to-phoneme (G2P) conversion 
 

I designed and created a novel CNN-based sequence-to-sequence (seq2seq) 

architecture for G2P conversion. My approach includes an end-to-end CNN G2P 

conversion with residual connections, furthermore, a model, which utilizes a 

convolutional neural network (with and without residual connections) as encoder 

and Bi-LSTM as a decoder. I compare my approach with state-of-the-art methods, 

including Encoder-Decoder LSTM and Encoder-Decoder Bi-LSTM. Training and 

inference times, phoneme and word error rates were evaluated on the public 

CMUDict dataset for US English, and the best performing convolutional neural 

network-based architecture was also evaluated on the NetTalk dataset. 

Furthermore, I implemented the transformer network [19], which architecture is 

completely based on attention mechanisms for G2P conversion. I made a 

comparison between the transformer and CNN-based G2P methods.  

 

LSTM-based Encoder-Decoder for G2P conversion 

 

The encoder-decoder structures have shown state-of-the-art results in different NLP 

tasks.  

     

Figure 1. The input of the encoder is ‘CAKE’ grapheme sequence, and the decoder 

produces ‘K EY K’ as phoneme sequences. The left side is the encoder; the right 

side is the decoder. The model stops making predictions after generating the end-

of-phonemes tag.  
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The main idea of these approaches has two steps: the first step is mapping the input 

sequence to a vector; the second step is to generate the output sequence based on 

the learned vector representation. Encoder-decoder models generate an output after 

the complete input sequence is processed by the encoder, which enables the decoder 

to learn from any part of the input without being limited to fixed context windows. 

Figure 1 shows an example of an encoder-decoder architecture. 

Thesis I.1. [J1] I designed and implemented a novel encoder-decoder Bi-LSTM 

(BI-LSTM_BI-LSTM) model for G2P conversion. I experimentally confirmed that 

encoder-decoder Bi-LSTM with attention layer (BI-LSTM_BI-LSTM+ATT) show 

significant improvement on both PER and WER compared to the previous deep 

learning solutions such as encoder-decoder LSTM with and without attention layer 

(LSTM_LSTM and LSTM_LSTM+ATT). 

I implemented several models with different hyperparameters by used encoder-

decoder architectures. I selected the LSTM based models with the highest accuracy 

from many experiments, and I called these models LSTM_LSTM and BI-

LSTM_BI-LSTM: 

 

LSTM_LSTM: This model uses LSTMs for both the encoder and the decoder. 

The LSTM encoder reads the input sequence and creates a fixed-dimensional vector 

representation. It can be seen that both LSTMs have 1024 units; softmax activation 

function is used to obtain model predictions.  

 

BI-LSTM_BI-LSTM: In this model, both the encoder and the decoder are Bi-

LSTMs. The input is fed to the first Bi-LSTM (encoder), which combines two 

unidirectional LSTM layers that process the input from left-to-right and right-to-

left. The output of the encoder is given as input for the second Bi-LSTM (decoder). 

Finally, the softmax function is applied to generate the output of phonemes’ one-

hot vector representations. During the inference, the complete input sequence is 

processed by the encoder, and after that, the decoder generates the output. For 

predicting a phoneme, both the left and the right contexts are considered. This 

model was also inspired by an existing solution [5].   

 

Although the encoder-decoder architecture achieves competitive results on a 

wide range of problems, it suffers from the constraint that all input sequences are 

forced to be encoded to a fixed size latent space. To overcome this limitation, I 

investigated the effects of the attention mechanism proposed by [20] in 

LSTM_LSTM and BI-LSTM_BI-LSTM. I applied an attention layer between the 

encoder and decoder LSTMs in case of LSTM_LSTM, and Bi-LSTMs for BI-

LSTM_BI-LSTM and called as LSTM_LSTM+ATT, BI-LSTM_BI-



 

9 
 

LSTM+ATT respectively. The introduced attention layers are based on global 

attention [20]. 

 

Encoder CNNs, Decoder Bi-LSTM for G2P 

 

Convolutional neural networks are used in various fields, including image, object 

and handwriting recognition, face verification, natural language processing and 

machine translation [21-25]. The architecture of an ordinary CNN is composed of 

many layer types (such as the convolutional layers, pooling layers, fully connecting 

layers, etc.) where each layer carries out a specific function. 

I implemented a CNN as an encoder, and a Bi-LSTM as a decoder and called as 

CNN_BI-LSTM. In this model, the CNN layer takes graphemes as input and 

performs convolution operations. For regularization, I also introduced batch 

normalization in this model [23]. 

 

End-to-end CNNs with residual connections for G2P 

 

Thesis I.2. [J1] I created novel end-to-end CNN (CNN_CNN) and end-to-end 

CNN with residual connections (CNN+RES) models and showed the advantage of 

the residual connections for G2P conversion. I empirically confirmed that the 

CNN+RES model outperforms the same fully convolutional model without residual 

connections. 

I implemented a neural network, which contains convolutional layers only with 

residual connections (blocks) [24] and called CNN+RES. These residual 

connections have two rules [24, 25]:  

(1) if feature maps have the same size, then the blocks share the same 

hyperparameters. 

(2) each time when the feature map is halved, the number of filters is doubled.  

In this model, I applied one convolutional layer with 64 filters to the input layer, 

followed by a stack of residual blocks. Through hyperparameter optimization, the 

best result was achieved by 4 residual blocks, as shown in Figure 2(a) and the 

number of filters in each residual block is 64, 128, 256, 512, respectively. Each 

residual block contains a sequence of two convolutional layers followed by a batch 

normalization [23] layer and ReLU activation.  

For comparison, I carried out experiments with the same fully convolutional models 

without residual connections (CNN_CNN). The phoneme and word error rates 

were better with residual connections, as expected. 
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                                 a)                                                            b) 

 

Figure 2. G2P conversion based on (a) convolutional neural network with residual 

connections (CNN+RES) and (b) encoder convolutional neural network with 

residual connections and decoder Bi-LSTM (CNN+RES_BI-LSTM). f, d, s is the 

number of the filters, length of the filters and stride, respectively. 

 

Encoder CNNs with residual connections and Decoder Bi-LSTM  for G2P 

 

Thesis I.3. [J1] I experimentally showed that training and inference speeds on the 

currently used architecture are faster in the end-to-end CNNs with residual 

connections (CNN+RES) than in encoder-decoder Bi-LSTM (BI-LSTM_BI-LSTM) 

although encoder-decoder Bi-LSTM shows slightly better result in terms of PER 

and WER. Moreover, I have shown that the best WER and PER values are achieved 

by the model of encoder CNNs with residual connections, decoder Bi-LSTM 

(CNN+RES_BI-LSTM) in the various configuration of CNN  models: PER is 

4.81%, and WER is 25.13% on CMUDict. 

I combined  CNN_BI-LSTM and CNN+RES: the encoder has the same 

convolutional neural network architecture with residual connections and batch 

normalization, which was introduced in CNN+RES; the decoder is a Bi-LSTM, as 

in CNN_BI-LSTM. It was called  CNN+RES_BI-LSTM. The structure of this 

model is presented in Figure 2(b). 
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Evaluation of Thesis I.1., Thesis I.2., and Thesis I.3. 

 

The evaluation of the proposed models (LSTM_LSTM, LSTM_LSTM+ATT,  

BI-LSTM_BI-LSTM,  BI-LSTM_BI-LSTM+ATT, CNN_BI-LSTM, 

CNN+RES, CNN+RES_BI-LSTM) on the CMUDict dataset is shown in Table 3. 

The first and second columns show the model number and the applied architecture, 

respectively. The third and fourth columns show the PER and WER values. The 

fifth column of Table 3 contains the average sum of training and validation time of 

one epoch. The last two columns present information about the size of the models 

(number of trainable parameters), and the number of epochs to reach minimum 

validation loss. According to the results, the encoder-decoder Bi-LSTM 

architecture (BI-LSTM_BI-LSTM) outperforms the first model, as expected. But 

attention-based LSTM_LSTM, which is called LSTM_LSTM+ATT  

outperforms  BI-LSTM_BI-LSTM in terms of PER. The best WER and PER 

values are achieved by the CNN+RES_BI-LSTM: PER is 4.81%, and WER is 

25.13%. Attention-based  BI-LSTM_BI-LSTM (called  BI-LSTM_BI-

LSTM+ATT in Table 1) approaches the best result in terms of both PER and WER. 

But the number of parameters of  BI-LSTM_BI-LSTM+ATT is twice as much as 

for  CNN+RES_BI-LSTM. Although the  CNN+RES was faster than all other 

models, both PER and WER of this model are the highest, however, still 

competitive. Moreover, this model has also the least parameters.   

                                     

                                   Table 3. Results on the CMUDict dataset. 

Model Method 
PER 

(%) 

WER 

(%) 

Time 

(s) 

Numb. of 

epochs 

Model 

size 

LSTM_LSTM  Encoder-Decoder LSTM 5.68 28.44 467.73 185 12.7M 

LSTM_LSTM 

+ATT 

Encoder-Decoder LSTM 

with attention layer 
5.23 28.36 688.9 136 13.9M 

BI-LSTM_BI-

LSTM 

Encoder-Decoder Bi-

LSTM 
5.26 27.07 858.93 177 33.8M 

BI-LSTM_BI-

LSTM+ATT  

Encoder-Decoder Bi-

LSTM with attention layer 
4.86 25.67 1045.5 114 35.3M 

CNN_BI-LSTM 
Encoder CNN, decoder Bi-

LSTM 
5.17 26.82 518.3 115 13.1M 

CNN+RES 
End-to-end CNN (with res. 

connections) 
5.84 29.74 176.1 142 7.62M 

CNN+RES_BI-

LSTM  

Encoder CNN with res. 

connections, decoder Bi-

LSTM 

4.81 25.13 573.5 147 14.5M 
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Transformer-based G2P Conversion 

 

Transformer networks are based on an encoder-decoder architecture and learn input 

- output mappings without using recurrent or convolutional neural networks (CNN) 

[19]. First, transformer networks were used for neural machine translation, and they 

achieved state-of-the-art performance on various datasets. In [19], it was shown 

that transformers could be trained significantly faster than recurrent or 

convolutional architectures for machine translation tasks. These results suggest 

investigating the possibility of utilizing a transformer network to G2P.  

Thesis I.4. [C1] I designed and implemented three novel transformer-based models 

for G2P where the first one consists of 3-3 encoder and decoder layers 

(Transformer 3x3), the second contains 4-4 encoder and decoder layers 

(Transformer 4x4), and the third one consists of 5-5 encoder and decoder layers 

(Transformer 5x5). 

Thesis I.5. [C1] I empirically confirmed, that for transformer-based G2P the 

Transformer 4x4 model outperforms the convolutional-based approach in terms of 

WER and my results significantly exceeded previous recurrent approaches 

(without attention) regarding WER and PER on CMUDict and NetTalk datasets. 

WER decreased by 3.03% compared to the best alternative on CMUDict. 

For that reason, I created a novel transformer-based model for G2P conversion. The 

transformer is organized by stacked self-attention and fully connected layers for 

both the encoder and the decoder [19], as shown in the left and right halves of 

Figure 3, respectively. Self-attention, sometimes called intra-attention, is an 

attention mechanism relating different positions of a single sequence to compute its 

internal representation. 

Without using any recurrent layer, positional encoding is added to the input and 

output embeddings [19]. The positional information provides the transformer 

network with the order of input and output sequences. Both the encoder and the 

decoder are composed of a stack of N identical blocks, and each block has two 

layers. The first is the multi-head attention layer, which is several attention layers 

used in parallel. The second is a fully connected position-wise feedforward layer. 

These layers are followed by dropout and normalization layers [40]. At the top of 

the decoder, there is the final fully-connected layer with linear activation, which is 

followed by softmax output.  
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Figure 3. The framework of the proposed model. 

I investigated three transformer architectures, with 3 encoder and decoder layers (it 

is called Transformer 3x3 in Table 4), 4 encoder and decoder layers (it is called 

Transformer 4x4 in Table 4) and 5 encoder and decoder layers (it is called 

Transformer 5x5 in Table 4). 

 

Evaluation of Thesis I.4 and Thesis 1.5. 

 

According to the results (Table 4), Transformer 4x4 (4 layers encoder and 4 layers 

decoder) outperforms Transformer 3x3 (3 layers encoder and 3 layers decoder).  

Contrary to expectations Transformer 5x5 (5 layers encoder and 5 layers decoder) 

didn't outperform Transformer 4x4 (4 layers encoder and 4 layers decoder). 

Increasing the numbers of encoder-decoder layers leads to much more training 

parameters.  

 

Table 4. Results on the CMUDict and NetTalk dataset. 
Dataset Model PER WER Time [s] Model size 

CMUDict 

Transformer 3x3 6.56 23.9 76 1.49M 

Transformer 4x4 5.23 22.1 98 1.95M 

Transformer 5x5 5.97 24.6 126 2.4M 

NetTalk 

Transformer 3x3 7.01 30.67 33 1.50M 

Transformer 4x4 6.87 29.82 39 1.96M 

Transformer 5x5 7.72 31.16 48 2.4M 

 

In the G2P task, similar complexity to NMT (neural machine translation) can be 

rarely permitted. The high number of parameters sometimes does not even result in 

better performance. In terms of PER, Transformer 5x5 is better than Transformer 

3x3 on CMUDict but didn't exceed Transformer 4x4, Transformer 3x3 in the 
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point of WER on both CMUDict and NetTalk. In Table 5, I compared the 

performance of the Transformer 4x4 model with previously state-of-the-art results 

on both CMUDict and NetTalk databases.  

The first column shows the dataset, the second column presents the method used in 

previous solutions with references, PER and WER columns tell the results of the 

referred models, and the last column presents information about the number of 

parameters (weights). For NetTalk, I can exceed previous results significantly. I 

should point out that the results of the Transformer 4x4 model are close to encoder 

CNN with residual connections, decoder Bi-LSTM model (CNN+RES_BI-

LSTM) regarding PER, but WER is better in the proposed model. 

 

Table 5. Results on the CMUDict and NetTalk datasets. 

Data Method 
PER 

(%) 

WER 

(%) 

Model 

size 

NetTalk  

Joint sequence model [5] 8.26 33.67 N/A 

Encoder-decoder with global atten. [8] 7.14 29.20 N/A 

Encoder CNN with res. conn, decoder Bi-

LSTM (CNN+RES_BI-LSTM) [J1] 

 

5.69 30.10 14.5 M 

Transformer 4x4 6.87 29.82 1.95M 

CMUDict  

Encoder-decoder LSTM [6] 7.63 28.61 N/A 

Joint sequence model [4] 5.88 24.53 N/A 

Combination of sequitur G2P and seq2seq-

atten. and multitask learn. [30] 
5.76 24.88 N/A 

Deep Bi-LSTM with many-to-many alignment 

[31] 
5.37 23.23 N/A 

Joint maximum entropy (ME) n-gram model 

[29] 
5.9 24.7 N/A 

Encoder CNN, decoder Bi-LSTM 

( CNN+RES_BI-LSTM) [J1] 
4.81 25.13 14.5 M 

End-to-end CNN (CNN+RES) [J1] 5.84 29.74 7.62 M 

Encoder-decoder LSTM (LSTM_LSTM) [J1] 5.68 28.44 12.7 M 

 
Transformer 4x4 5.23 22.1 2.4 M 

  

Conclusions 

 

Various sequence-to-sequence (seq2seq) models for the G2P task were described, 

and the results are compared to previously reported state-of-the-art research. In 

CNN+RES and CNN+RES_BI-LSTM, I applied CNNs with residual 

connections. The CNN+RES_BI-LSTM model, which uses convolutional layers 

with residual connections as encoder and Bi-LSTM as decoder outperformed most 

the previous solutions on the CMUDict and NetTalk datasets in terms of PER. 

Furthermore, CNN+RES, which contains convolutional layers only, is 
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significantly faster than other models and still has competitive accuracy. My 

solution achieved these results without explicit alignments. The experiments are 

conducted on a test set, which is 9.8% and 24.9% of the whole CMUDict and 

NetTalk databases, respectively. 

I also investigated a novel transformer architecture for the G2P task. Transformer 

3x3 (3 layers encoder and 3 layers decoder), Transformer 4x4 (4 layers encoder 

and 4 layers decoder), and Transformer 5x5 (5 layers encoder and 5 layers 

decoder) architectures were presented including experiments on CMUDict and 

NetTalk.  I evaluated PER and WER, and the results of the proposed models are 

very competitive with previous state-art results. The number of parameters 

(weights) of all proposed models is less than in case of the CNN and the recurrent 

models. As a result, the time consumption of training process decreased. 

The same test set is used in all cases, so I consider the results comparable. To draw 

conclusions on whether one model is better than another, the goal must be defined. 

If inference time is crucial, then smaller model sizes are favourable (e.g. 

CNN+RES), but if lower WER and PER are the main factors, then CNN+RES_BI-

LSTM and Transformer 4x4 outperform the others. 

 

4.2  Thesis Group II. Text normalization 
 

Alongside ordinary words, natural-language texts also contain non-standard words, 

such as currency names, dates, addresses, e-mail addresses, measurements, etc. 

Before using these text elements in a Text-To-Speech synthesis (TTS) or Automatic 

Speech Recognition (ASR) system, it is necessary to normalize these parts by 

replacing them with an appropriate ordinary word or word sequence. That reason 

text normalization is a critical step in the variety of tasks involving speech and 

language technologies. In this thesis group, I implemented LSTM-based, Bi-

LSTM-based,  and a novel CNNs-based for text normalization. I compared the 

performance of these models with the same dataset. 
 

The proposed models for text normalization have 2 steps: 

      

1. Identify the class for each word (token). 

2. Generate an output depending on its class in their fully expanded form. 

I classified tokens between 16 classes. I created token sequences, which combine 

three consecutive tokens for the input of the presented models. For instance, the 

input and output of ‘<SE> I wake up at 9:00 AM . </SE>‘ is shown in Table 6.  
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Table 6. Creating input and output of  ‘<SE> I wake up at 9:00 AM . </SE>‘. 
Input Output 

‘<SE> I wake PLAIN 

I wake up PLAIN 

wake up at PLAIN 

up at 9:00 AM PLAIN 

at 9:00 AM . TIME 

9:00 AM . </SE> PUNCT 

 

The class of the middle token is the output for each token sequence. All three 

models were used according to the sequence classification architecture presented 

in Figure 4. 

 

 
Figure 4. The sequence classification architecture for the text normalization task. 

The sequence of  ‘at 9:00 AM . ‘  is fed to the model. The output is ‘TIME’, 

which is the class of middle token - ‘9:00 AM’. 

 
LSTM-based Text normalization 

 

Thesis II.1. [J2, O1] I built and implemented deep learning-based text 

normalization systems: RNN-based (LSTM_TN), BI-LSTM (BILSTM_TN) based 

and a novel CNN-based alternative with continuous bag-of-words (CBOW) and 

the skip-gram (SG) embedding method.   

I implemented 2 RNN based models, which one is LSTM and one is Bi-LSTM for 

text normalization, and it was called as LSTM_TN and BILSTM_TN 

respectively. I used the continuous-bag-of-words (CBOW) method for embedding 

dataset in these models. 

In LSTM_TN, LSTM reads the input sequence one token sequence at a time and 

predicts one token at a time as the output sequence. During the training process, the 

output sequence is given to the model. The model is trained to maximize the cross-
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entropy of the correct sequence given its context. During inference, it predicts the 

class of a given word, taking into account its context. LSTM has 1024 units, the 

time step is 3, and softmax activation function is used to obtain model predictions.  

In BILSTM_TN, Bi-LSTM reads input on both directions with two sub-layers. 

These sublayers compute both forward and backward hidden sequences, which are 

combined to compute the output sequence. The parameters of training 

(optimization method, regularization, etc.) are identical to the settings used in case 

of the other models. This way, I try to ensure a fair comparison among the models. 

 

CNN-based Text normalization 

Thesis II.2. [J2, O1] I compared the following models: LSTM_TN, BILSTM_TN, 

CBOW_CNN and SG_CNN and proved on Kaggle dataset that all models have 

similar performance, but the CNN-based models have the least parameters: it has 

1.1M parameters where LSTM_TN has 2.5M. 

I created a novel CNN-based models for text normalization, and they were called 

CBOW_CNN and SG_CNN by based on respectively the continuous-bag-of-

words (CBOW) and the Skip-gram (SG) method for embedding dataset. These 

models contain convolutional layers only with residual connections [38, 39]. I first 

apply one convolutional layer, with 512 filters to the input layer, followed by a 

stack of residual blocks. Through hyperoptimization, the best result was achieved 

by 3 residual blocks, and the number of filters in each residual block is 512, 256, 

128. After these blocks, one more batch normalization layer and ReLU activation 

follow, and the architecture ends with a fully connected layer coupled with a 

softmax activation function.  

 

Evaluation of Thesis II.1 and Thesis II.2. 

 

I evaluated models on an open-source dataset by using accuracy, precision, recall, 

and F1-score metrics. The overall accuracy is presented for each model in Table 7; 

in Table 9 the accuracy is calculated for each class and the precision, recall, F1 

score for SG + end-to-end CNN with residual connections. According to the results, 

all four alternatives show similar performance, but the CNN-based model has the 

least parameters. There are also slight differences in class-based accuracy in Table 

8. The accuracies of ADDRESS, FRACTION, TIME, ORDINAL, DIGIT classes 

in the end-to-end model with SG_CNN are higher than in other models. The 

DECIMAL, FRACTION classes were learned better by BILSTM_TN. Generally, 

the end-to-end CNN model with SG outperformed the CBOW version of the same 

model.  
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Table 7. Results on the open-source data 

Table 8. Results on the open-source dataset for each class. 
Class 

Number 

of tokens 

LSTM_TN 

(%) 

BILSTM

_TN(%) 

CBOW_

CNN (%) 

SG_CNN 

(%) 

SG_CNN (%) 

Prec. Rec. F1-sc. 

PLAIN 776586 99.7 99.7 99.7 99.8 0.99 0.99 0.99 

PUNCT 197716 99.9 99.9 99.9 99.9 0.99 0.99 0.99 

DATE 26646 98.72 98.76 98.90 98.99 0.99 0.98 0.98 

LETTERS 15885 80.35 80.50 79.80 81.22 0.93 0.81 0.86 

CARDINAL 13618 98.63 95.74 98.76 98.89 0.96 0.99 0.97 

VERBATIM 8225 96.53 96.76 96.89 97.22 0.98 0.97 0.97 

MEASURE 1386 93.14 88.60 93.01 91.34 0.97 0.91 0.94 

ORDINAL 1566 92.46 91.76 92.46 93.99 0.98 0.94 0.96 

DECIMAL 954 96.12 98.53 96.3 96.12 0.82 0.96 0.88 

MONEY 574 86.75 79.79 97.9 87.97 0.90 0.87 0.88 

DIGIT 594 66.16 61.11 66.83 68.01 0.90 0.68 0.77 

ELECTRONIC 546 84.21 82.05 80.58 83.51 0.81 0.83 0.81 

TELEPHONE 418 75.59 74.64 75.83 75.35 0.96 0.74 0.83 

TIME 150 55.33 54.66 51.33 60.6 0.75 0.60 0.67 

FRACTION 144 28.47 32.63 27.7 37.5 0.88 0.37 0.52 

ADDRESS 57 40.35 35.08 29.8 43.85 0.89 0.43 0.57 

 

While analyzing these errors, I found some misclassified tokens, where their 

verbalizations are correct. As Table 9 shows ‘128, 23 thousand, 375 million’ are 

from DECIMAL class, but their prediction class was incorrect.  For instance, ‘23 

thousand’ was misclassified as CARDINAL or ‘375 million’ as MONEY. 

However, after verbalization the output was correct.  

 

 

 Method Acc(%) Time(s) Model size 

LSTM_TN LSTM (1024 units) 99.35 887.6 4.6M 

BILSTM_TN Bi-LSTM (512 units) 99.34 1242.3 2.5M 

CBOW_CNN CBOW + end-to-end CNN 

(with res.connections) 

99.38 929.01 1.1M 

SG_CNN SG + end-to-end CNN (with 

res. connections) 

99.44 929.01 1.1M 
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Table 9.  Some misclassified examples with correct verbalizations 

Class Before Predicted After 

DECIMAL 128 CARDINAL one hundred twenty eight 

DECIMAL 23 thousand CARDINAL twenty three thousand 

DECIMAL 375 million MONEY three hundred seventy five million 

 

Conclusion  

 

I proposed three different models for the normalization task. These models are 

LSTM, Bi-LSTM and a novel end-to-end CNN architecture with residual 

connections. For the vector representations of words, I used CBOW and SG 

methods and compared them on the end-to-end model. Generally, the comparison 

shows that SG_CNN with residual connections is better than others. 

 

4.3.  Thesis Group III. Intent Detection 
 

Intent detection classifies speakers’ intent and extracts semantic concepts as 

constraints for natural language. In this thesis group, I combined and evaluated self-

attention network (SAN) and a Bi-LSTM with different embedding methods. The 

proposed approach shows significant improvement by using a transformer model 

and deep averaging network-based universal sentence encoder compared to 

pretrained models, like Word2vec. 

 

Self-attention networks for intent detection 

Self-attention networks (SAN) have shown promising performance in various NLP 

tasks, especially in machine translation. One of the main points of SANs is that the 

strength of capturing long-range dependencies from all data. 

Thesis III.1. [C2] I designed and implemented a novel intent detection system 

which is based on self-attention network (SAN) and Bi-LSTM with using various 

embedding methods. The performance of the proposed model is compared with the 

combination of SAN and LSTM on the Snips, ATIS, Smart Speaker and Smart Light 

datasets. The experiments showed that the accuracy was better for the Bi-LSTM-

based system than for the LSTM alternative. 

Thesis III.2. [C2] I have empirically confirmed that the proposed model in Thesis 

III.1 by using the transformer model (TM) universal embeddings show better 

performance than by using the deep averaging network (DAN) universal 

embeddings in terms of accuracy and F1-score on all datasets.  

In this sub-thesis group, I presented a novel intent detection system which is based 

on the self-attention network (see Figure 6).  



 

20 
 

                                                           
                                      Figure 6. Proposed model architecture. 

 

I used 300-dimension Word2vec6 embeddings and FastText7  word embeddings, 

which are trained on Wikipedia. I also investigated transformer model  (TM) and  

deep averaging network (DAN) based universal encoder models [32], and all 

embeddings are combined LSTM and Bi-LSTM, as below: 

1. SAN and LSTM (SAN + LSTM) 

2. SAN and Bi-LSTM (SAN + Bi-LSTM) 

Both proposed models encode each word to its embedding first. I did experiments 

with different pre-trained embeddings. As the next step, the contextual information 

in the input sentences (utterances) is encoded. In the first model (SAN + LSTM), 

LSTM, in the second one (SAN + Bi-LSTM), a Bi-LSTM was used. In SAN + Bi-

LSTM, the contextual information is fed to Bi-LSTM, which combines two 

unidirectional LSTM layers that process the input from left-to-right and right-to-

left, respectively.  Both models are followed by the SAN, which is based on an 

attention mechanism for selecting specific parts of a sequence by relating its 

elements at different positions [19]. To score attention weight vectors, I used the 

approach from [28]. 

 

Evaluation of Thesis III.1 and Thesis III.2. 

 

I evaluated the performance of the models by accuracy, precision, recall, F1-score 

on Snips, Smart Speaker, Smart Lights, and ATIS, and the results are presented in 

Table 10. The first column describes the proposed models, and other columns show 

the overall accuracy and F1-score for each dataset in Table 10. 

 

 

 

 
6 https://code.google.com/archive/p/word2vec/, Accessed: February 2021. 
7 https://fasttext.cc/,  Accessed: February 2021. 

https://fasttext.cc/
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Table 10. Result of proposed models for intent detection. 

Model 
Snips 

Smart  

Lights 
Smart Speaker ATIS 

Acc F1-s. Acc F1-s. Acc F1-s. Acc F1-s. 

Word2Vec + SAN + LSTM 94.2 0.94 91.8 0.90 94.9 0.94 93.93 0.92 

FastText + SAN + LSTM 94.6 0.94 92.1 0.92 95.1 0.95 94.51 0.94 

DAN + SAN + LSTM 94.1 0.94 90.2 0.90 91.7 0.90 93.56 0.93 

TM + SAN + LSTM  94.2 0.94 93.6 0.93 94.2 0.93 94.81 0.94 

Word2Vec+SAN+Bi-LSTM 95.6 0.96 93.8 0.94 97.7 0.98 94.49 0.93 

FastText + SAN + BiLSTM 96.1 0.96 93.4 0.92 97.7 0.97 95.77 0.94 

DAN + SAN + Bi-LSTM 94.2 0.94 93.2 0.93 94.7 0.95 94.91 0.93 

TM + SAN + Bi-LSTM 96.5 0.97 96.6 0.97 97.7 0.98 96.81 0.95 

 

For all datasets, SAN + Bi-LSTM consequently have shown better results than SAN 

+ LSTM, as expected. For Snips, the accuracy of FastText + SAN +Bi-LSTM and 

TM +SAN +Bi-LSTM is almost the same. The result of Word2Vec + SAN + Bi-

LSTM, FastText + SAN + Bi-LSTM, and TM + SAN + Bi-LSTM is almost the 

same for Smart Speaker. The lowest accuracy score for Smart Lights was produced 

by DAN + SAN + LSTM, which is 90.2%. The highest accuracy score for ATIS 

was produced by TM + SAN + Bi-LSTM, which is 96.81. This result for ATIS is 

comparable with [17, 26]. I observed that TM based universal encoder could help 

to improve accuracy. 

 

Conclusion 

 

In this thesis, I have proposed various models for intent detection. First, an end-to-

end CNN model with residual connections has proposed by combined different pre-

trained models. Then I have created models based on SAN and Bi-LSTM for intent 

detection. Utterance vectors of DAN and TM based Universal sentence encoders 

were also investigated. The results were evaluated with the help of confusion matrix 

and accuracy. I carried out experiments with SAN + LSTM, however, the accuracy 

was worse than with SAN + Bi-LSTM. 

 

 

 

5.     Possible applications of the scientific results  
 

Besides the theoretical novelties of the thesis groups, their practical application is 

also an important factor.  
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In Theses I. I demonstrated a novel seq2seq based, and a Transformer based G2P 

conversion approach. Results of Theses I. can be applied in TTS systems, as G2P 

is essential for TTS. Reaching state-of-the-art performance in these systems partly 

depends on the accuracy of G2P conversion. In other words, inaccurate G2P 

conversion results in unnatural pronunciation or even incomprehensible synthetic 

speech. 

In Theses II. I demonstrated a novel CNN-based text normalization model. The text 

normalization component in TTS systems is a crucial component, especially in the 

increased deployment of TTS systems embedded in other applications. Results of 

Theses II. can be applied in a range of speech and language processing applications. 

Text normalization for speech synthesis is heavily used in mobile and spoken 

assistant applications. Some errors are catastrophic, impacting not only the 

naturalness of the voice but the accuracy of the rendition [33, 34, 35]. 

In Theses III. I proposed a self-attention network-based intent detection approach. 

Conversational agents are exploding in popularity. Intelligent Chatbots help users 

accomplish specific tasks by identifying user intent from text or voice conversations 

using artificial intelligence. In other words, currently, most chatbot frameworks are 

based around the concept of intent and entity detection, which involves identifying 

both the intent of an utterance and the entities relevant to that intent. Besides 

chatbot, intent detection is applied in various fields such as e-commerce, travel 

consumption, medical treatment, network fraud and air target combat fields. In 

many applications, it is also connected with speech-to-text and text-to-speech 

services. Furthermore, this task is also essential for Interactive Voice Response 

(IVR) systems, which allows callers and computers to interact through an 

automated system. Cognitive IVR systems rely on artificial intelligence (AI) to 

understand and communicate with callers. The AI can be trained to detect the 

caller’s intent, speeding up issue resolution. The novel, high accuracy approaches 

for intent detection are important for these systems.  

Furthermore, my publications are cited by researchers of large companies such as 

Google, Facebook, Amazon, Apple [36,37]. In [36], they presented several novels 

sequence-to-sequence architectures for text normalization. Besides the results of 

other works, they also investigated the results of the proposed models for text 

normalization (Section 4.4 ) in Table 9 [36] and made a comparison between my 

results and theirs.  

Deep neural networks may be capable of learning universal representations for 

information, independent of language, and even more, that they might possibly be 

capable of learning some relationships between and among families of different 

languages. In my doctoral dissertation, proposed models for different tasks are 

language independent. Although models were investigated for English only, these 

can be applied to different languages with language-specific modifications, 

primarily regarding the dataset. 



 

23 
 

The results of all thesis groups were implemented in experimental systems. 
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