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Resümee/Abstract

Keelepõhine Inglise-Eesti nervivõrgul rajanev masint— olge

Võrreldes teisi Euroopa keelte masinõppel rajanevaid tõlkeid Inglise-Eesti tõlgetega, naeme su-
urt lahknevust. Minu huvi tehisintellekti ja narvivõrkude vastu viis mind narvivõrgul põhineva
Inglise-Eesti masintõlke rajamiseni. Toos kontrollitakse taiendavalt kõnetuvastus, gTTS, Torch,
OpenNMT-py and SentencePiecei toovõimet, et narvivõrku oleks võimalik koostada mitte ain-
ult teksti, vaid ka kõne kujul.

Masinõppel põhinev tõlge on tehisintellektiga seotud teemade hulgas uks raskemaid. Selle efek-
tiivseks tootamiseks on loodud mitmeid raamistikke, algoritme ja toovahendeid. Selles projektis
on kasutusel uks konkreetne raamistik, mis on valja toodud WMT17s. Selle peamine suundu-
mus on transformatsiooni mudeli arendamine.

Kaesolev masin— oppel põhinev tõlge tootab tõhusalt konkreetsetes tingimustes ja naitab BLEU
tulemuseks 40˜60. See on muljetavaldav. Siiski, minu eesmark ei olnud toimiva tõlkeprogrammi
loomine ega BLEU skoori tõstmine, vaid ma soovisin valja tootada kõnel põhineva Inglise-Eesti
automaatse tõlkija, mida oleks lihtne kasutada, mis oleks modulaarne ja mis kasutaks Attention
Transformer raamistikku.

CERCS: P176 Articial intelligence [36]

Märksõnad: Neural machine translation(NMT), attention mechanism, speech recognition,
speech synthesis, OPUS, SentencePiece, Torch, OpenNMT-py.

Speech based English-Estonian Neural Machine Translation

When comparing other European languages with ‘English-Estonian’ in the field of machine
translation, we see a huge gap. My motivation to study Artificial Intelligence and Neural Net-
work drove me to build a neural network for English to Estonian machine translation. Addition-
ally checking the efficiency of SpeechRecognition, gTTS, Torch, OpenNMT-py and Sentence-
Piece to build this not only for text but also for speech.

Machine translation is among hard problem in the field of AI. There are lot of architecture,
algorithm and tools been developed to make it efficient. However, in this project I would follow
a specific architecture proposed in WMT17 [1]. Where, developing a transformer model is the
main idea to implement a speech based translation unit.

This machine translation performs efficiently in limited conditions and show BLEU 40˜60.
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Which is impressive. However, developing a well performed translation system or increas-
ing the BLEU score were not the targets for this project rather I wanted to develop a speech
based English-Estonian translator which is easy to implement, modular and support Attention
Transformer architecture.

CERCS: P176 Articial intelligence [36])

Keywords: Neural machine translation(NMT), attention mechanism, speech recognition, speech
synthesis, OPUS, SentencePiece, Torch, OpenNMT-py.
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1 Introduction

‘Machine translation (MT) is the application of computers to the task of translating texts from
one natural language to another. One of the very earliest pursuits in computer science, MT has
proved to be an elusive goal, but today a number of systems are available which produce output
which, if not perfect, is of sufficient quality to be useful in a number of specific domains.’ [2]

Neural Machine Translation (NMT) is already popular and achieved tremendous performance in
large scale translation task for the common European languages like English-French, English-
Spanish or English-German. NMT is popular because it is easy to implement, maintain and
required very less knowledge on low level complexity. For the corpus instance, I used open
source corpus instance from opus.nlpl.eu. Which is extensively collected from online free to
use. All preprocessing was done automatically. This model is trained in and end to end model,
so that it can translate long sentences efficiently. As I followed here machine translation tech-
nique instead of any statistical method, so did not require any large storage to store gigantic
phrase table and language model. Hence, NMT has a small memory footprint.

Therefore, this speech translation method for English-Estonia language can be divided into
three major parts. Speech recognition, Neural Machine Translation and Speech Synthesis. For
speech recognition, there are already implemented API like google cloud API, wit.api, bing
speech recognition, IBM speech to text. Few of them are open source like CMU sphinx [12]. In
my project, I used CMU sphinx, because it is easy to use, higher accuracy rate and free. Finally,
after successful text translation, a speech synthesizer been used to synthesize text into speech.
For this part, I used ’Google Text to Speech (gTTS)’ library for python.

1.1 Problem overview

Estonina language is a Uralic language of Finnic branch. Finnish, Hungarian and Estonian
are most common Uralic languages. In general, a natural language translation from voice is
challenging in different ways. It includes complexity of grammar and cultures. NMT show
tremendous performances for this type of natural languages.

Since this is speech based machine translation, we can separate all procedures in three modules,
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1. English speech to English text recognition.

2. English text to Estonian text translation.

3. Estonian text to Estonian speech synthesis.

Estonian language has comparatively complex grammar and I don’t have sufficient Estonian
language skill. So it’s quite hard for me to develop a translator model using methods like SMT
or RBMT. So here is my savior, I would use NMT, because it’s easy to use, efficient and requires
less or no language knowledge for developers. So far a machine translation system is a tool that
helps purposefully. Still it is not a replacement for the older system of translation rather it’s an
enhancer.

Since, I would develop a speech based translation system it’s relevant to study problems for
speech recognition system and speech synthesis separately.

Speech recognition technology has advanced rapidly, particularly in the past 10 to 15 years
and is becoming commonplace in the bedroom, kitchen, and the rest of your house. It is light-
years beyond its first iterations in the 1990s. Google alone has reduced its speech-recognition
error rate by 30 percent since 2012. Among all speech recognition system there are few big
players like Apple, Amazon and Microsoft developed AI based system on their platform. Most
of those systems has problems in recognizing unfamiliar words or sentences with different unfa-
miliar accent. That means speech recognition system works better for example US/UK English
and common words. In this project I would use SpeechRecognition package for python which
is modern and state of the art solution currently. Similarly for speech synthesis I used ’Google
Text to Speech(gTTS)’ library for python.

Compared to other European languages, there are just few works been done for English to
Estonian language translation. Additionally I could not compare the result for existing machine
translation system for the same language pair with my project.

1.2 Objective

In our daily life we already know about some devices and application which can translate speech
from one language to another. Some very good examples are Google translate and few others
mobile based app. There are lot of research been done to translate speech efficiently for common
European languages, while researches are very limited for English-Estonian language.

We can observe that knowledge are spreading all over the world. Every nationality are
trying to gather knowledge in different form particularly over Internet. The knowledge and
information are also increasing not only in English. The motivation behind my thesis topic was
to have hands on experience to built a modern Neural Machine Translation system. Which can

8



be interacted not only by text but also by speech. After implementing this I would have enough
knowledge of core technologies of any machine translator system like google translator, neural
network, speech recognition and speech synthesis.

Machine Translation (MT) is a highly interdisciplinary and multidisciplinary field as it is
approached by human translators, engineers, computer scientists, mathematicians and linguists.
Overall speech translation has great impact over knowledge transferring which drives to better
life for everyone.

After completing this project we can unleash the technique of modern machine translation
system for everyone. Moreover, can discuss the advantages of using attention based Neural
Machine Translation(NMT) over other NMT and SMT procedures. Besides, how to use latest
libraries and technique for speech recognition, speech synthesis and neural network to develop
a speech based English-Estonian translation system.
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2 Related Works

In this section I will discuss about related works on voice based machine translation. Every
voice based machine translation has 3 main independent units. That’s why it is important to
evaluate related works separately.

In recent years, Neural Machine Translation (NMT) based translation improved the overall
translation technique and number of research in these particular area. One of the main advan-
tages of using NMT over statistical method is it requires minimum domain knowledge. That’s
why we can see lot of researchers emphasis on machine translation to translate a natural lan-
guage.

Neural Machine Translation is an approach to machine translation that uses a large artificial
neural network to predict the likelihood of a sequence of words, typically modeling entire sen-
tences in a single integrated model. One of the earliest goals for computers was the automatic
translation of text from one language to another.

Automatic or machine translation is perhaps one of the most challenging artificial intelli-
gence tasks given the fluidity of human language. Classically, rule-based systems were used for
this task, which were replaced in the 1990s with statistical methods. More recently, deep neural
network models achieve state-of-the-art results in a field that is aptly named neural machine
translation.

For a long time (1950 – 1980), machine translation was done through the study of the lin-
guistic information about the source and target languages, generating translations based on the
dictionaries and grammars, which is called rule-based machine translation (RBMT). With the
development of Statistics, statistical models started to be applied to machine translation, which
generates translations based on the analysis of bilingual text corpus. This method is known
as the statistical machine translation (SMT), which gained better performance than RBMT and
dominated the field from the 1980s to 2000s. In the year of 1997, Ramon Neco and Mikel For-
cada came up with the idea of using encoder-decoder structure to do machine translations [24].
A few years later in 2003, a group of researchers at the University of Montreal led by Yoshua
Bengio developed a language model based on neural networks [25], which improved the data
sparsity problem of traditional SMT models. Their work laid a foundation for the future usage
of neural networks on machine translation.
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Speech recognition technology is used to convert speech to text automatically. For a voice
based translation system speech recognition system is necessary. The story of speech recogni-
tion is as much about the application of different approaches as the development of raw tech-
nology, though the two are inextricably linked. Over a period of decades, researchers would
conceive of myriad ways to dissect language: by sounds, by structure and with statistics.

It wasnt until the mid 20th century that our forebears built something recognizable as ASR.
Among the earliest projects was a digit recognizer called Audrey, created by researchers at
Bell Laboratories in 1952. In the 1960s, IBM developed Shoe-box, a system that could recog-
nize digits and arithmetic commands like plus and total. Meanwhile researchers in Japan built
hardware that could recognize the constituent parts of speech like vowels; other systems could
evaluate the structure of speech to figure out where a word might end.

Thankfully there was more optimism elsewhere. In the early 1970s, the U.S. Department
of Defenses ARPA (the agency now known as DARPA) funded a five-year program called
Speech Understanding Research. This led to the creation of several new ASR systems, the most
successful of which was Carnegie Mellon Universitys Harpy, which could recognize just over
1000 words by 1976. In this table below there is list of speech recognition system in modern
days.

Speech synthesis is the process of generating spoken language by machine on the basis of
written input. Speech synthesis is the artificial production of human speech. A computer system
used for this purpose is called a speech computer or speech synthesizer, and can be implemented
in software or hardware products. A text-to-speech (TTS) system converts normal language text
into speech.

Pytsx is a cross-platform text-to-speech wrapper. It uses different speech engines based on
our operating system:

nsss - NSSpeechSynthesizer on Mac OS X 10.5 and higher
sapi5 - SAPI5 on Windows XP, Windows Vista, and (untested) Windows 7
espeak - eSpeak on any distro / platform that can host the shared library (e.g., Ubuntu /

Fedora Linux)
There are few other commercial text to speech synthesis library which are targetting differ-

ent framework and programming language.
Below is a table to show the available speech recognition system.
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Tables 2.1: Technologies for speech recognition
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3 The Proposed System

To develop a voice-based machine translation system every system would have 3 units arranged
one after another.

1. A speech to text speech recognition system.

2. A neural network to translate source text into target text.

3. A speech synthesizer to convert text into speech.

Here I developed a pipeline consisting all 3 units which can translate an English sentence
into Estonian. The input and output both are voice based. In this part I will discuss both about
working process and algorithm behind it.

The source code is there in GitHub [3].

3.1 Attention Mechanism Architecture

The major unit of a translation system is its translator mechanism. Here I would describe the
necessary steps and algorithm behind this. At first, I would develop a neural network using
attention mechanism and mostly depend upon an interesting paper titles, Attention All You
Need published in 2017 [1]. The model architecture is a lot improvement for soft attention
and make it possible to do seq2seq modeling without recurrent network units. The proposed
transformer model is entirely built on the self-attention mechanisms without using sequence-
aligned recurrent architecture.

We pay attention on any speech or image to find any corelated words or specific region of
image. Human speech attention allows us to focus on some certain part of speech and based on
this it adjusts the words on both sides. Suppose, we can explain the relationship between words
in one sentence or close context. When we see eating, we expect to encounter a food word very
soon. The color term describes the food, but probably not so much with eating directly.

More or less, attention in the profound learning can be comprehensively deciphered as a
vector of significance loads: so as to anticipate or derive one component, for example, a pixel
in a picture or a word in a sentence, we estimate utilizing the attention vector how firmly it is
corresponded with different components and take the total of their qualities weighted by the
attention vector as the approximation of the target.
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‘Attention is All you Need’ (Vaswani, et al., 2017), without a doubt, is one of the most
effective and fascinating paper in 2017. It exhibited a ton of enhancements to the soft attention
and make it possible to do seq2seq modeling without recurrent network units. The proposed
‘transformer’ model is entirely built on the self-attention mechanisms without using sequence-
aligned recurrent architecture.

The secret formula is conveyed in its model architecture.

Key, Value and Query

The significant part in the transformer is the unit of multi-head self-attention mechanism. The
transformer views the encoded representation of the input as a set of key-value pairs, (K, V),
both of dimension n (input sequence length); with regards to NMT, both the keys and values are
the encoder hidden states. In the decoder, the previous output is compressed into a query (Q of
dimension m) and the next output is produced by mapping this query and the set of keys and
values. The transformer adopts the scaled dot-product attention: the output is a weighted sum
of the values, where the weight assigned to each value is determined by the dot-product of the
query with all the keys:

Attention(Q,K, V ) = softmax(
QKT

√
n

)V

Multi-Head Self Attention with Encoder and Decoder

Instead of just processing the attention once, the multi-head mechanism runs through the scaled
dot-product attention multiple times in parallel. The independent attention outputs are simply
concatenated and linearly transformed into the expected dimensions. According to the paper,
“multi-head attention allows the model to jointly attend to information from different represen-
tation subspaces at different positions. With a single attention head, averaging inhibits this.”

MultiHead(Q,K, V ) = [head1; ..headh]W
0

Figures 3.1: One word ‘attends’ to other words in the same sentence differently. Source: [28]
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Figures 3.2: Multi-head scaled dot-product attention mechanism. (Image source: Fig 2 in [1])

Where, headi = Attention(QWQ
i , KWK

i , V W V
i )

Figures 3.3: The transformer’s encoder. Image source: [1]

The encoder generates an attention-based representation with ability to find a particular
snippet of data from a possibly vast context.

1. A stack of N = 6 identical layers.

2. Each layer has a multi-head self-attention layer and a simple position-wise fully con-
nected feed-forward network.

3. Each sub-layer adopts a residual [29] connection and a layer normalization. All the
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sub-layers output data of the same dimension,

dmodel = 512

.

Figures 3.4: The transformer’s decoder. Image source: [1]

The decoder is able to retrieval from the encoded representation.

1. A stack of N = 6 identical layers.

2. Each layer has two sub-layers of multi-head attention mechanisms and one sub-layer of
fully-connected feed-forward network.

3. Similar to the encoder, each sub-layer adopts a residual connection and a layer normal-
ization.

4. The first multi-head attention sub-layer is modified to prevent positions from attending to
subsequent positions, as we dont want to look into the future of the target sequence when
predicting the current position.

Finally here is the complete view of the transformers architecture:

1. Both the source and target sequences first go through embedding layers to produce data
of the same dimension

dmodel = 512

.

2. To preserve the position information, a sinusoid-wave-based positional encoding is ap-
plied and summed with the embedding output.
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Figures 3.5: The full model architecture of the transformer. Image source: Fig 1 & 2 in [1]

3. A softmax and linear layer are added to the final decoder output.

Following this attention mechanism, I would develop a English to Estonian translator model
using different tools like SentencePiece and OpenNMT-py. Finally, this translator model would
help us to translate a English text into Estonian.

3.2 Collecting English-Estonian Parallel Corpus

Parallel corpora are central to translation studies and contrastive linguistics [27]. Many of the
parallel corpora are accessible through easy-to-use concordances which considerably facilitates
the study of interlinguistic phenomena. Such corpora are also a rich source of materials for
language teaching. Furthermore, parallel corpora serve as training data for statistical machine
translation systems.

To develop a similar type of translation system for any language we can collect correspond-
ing parallel corpus from Open Source Parallel Corpus (OPUS) [5]. Definitely, I choose En-
glish to Estonian from the dropdown and downloaded the untokenized raw files [OpenSubtitles
v2016]. OPUS is a growing collection of parallel corpora on internet. Its not targeting any
specific domain. Domain specific parallel corpus might not be useful for general purpose trans-
lation, which I described in result and discussion section in detail.

In the OPUS project contributors try to convert and align free online data, to add linguistic
annotation, and to provide the community with a publicly available parallel corpus. OPUS is
based on open source products and the corpus is also delivered as an open content package. They
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Figures 3.6: English to Estonian corpus from OPUS.

used several tools to compile the current collection. All pre-processing is done automatically.
No manual corrections have been carried out.

In .tgz file all parallel corpus are in different files. We have to concat all together. For source
sentences it can be ‘en.txt’ and for target sentence ‘et.txt’. Now we have final parallel corpus
which contains 10000 English and

3.3 Training a Translation Model Using OpenNMT-py

A translation model is required to translate a source text into target text. In this section we will
develop a translation model using OpenNMT-py and attention mechanism. OpenNMT-py is a
PyTorch port. It is open source neural machine translation system which is research friendly,
easy to use and efficient for machine translation, image-to-text, morphology and many other
domains.

OpenNMT-py or Open-NMT is based on the research by Guillaume Klein [7]

As per the Paper, the following details are discovered about its architecture:
“ OpenNMT is a complete library for training and deploying neural machine translation

models. The system is successor to seq2seq-attn developed at Harvard, and has been completely
rewritten for ease of efficiency, readability, and generalizability. It includes vanilla NMT models
along with support for attention, gating, stacking, input feeding, regularization, beam search and
all other options necessary for state-of-the-art performance.

The main system is implemented in the Lua/Torch mathematical framework, and can be
easily be extended using Torchs internal standard neural network components. It has also been
extended by Adam Lerer of Facebook Research to support Python/PyTorch framework, with
the same API. ”
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Installing Required Packages

In this part I will explain how to teach a neural network to translate English text into Estonian.
I used OpenNMT-py to create a neural network. OpenNMT-py a pyTorch port of OpenNMT.
At first we need to install OpenNMT-py following their installation procedures.

The priliminary step, of course is to clone the OpenNMT-py repository:

Listing 3.1: Clone OpenNMT-py from Github

1 g i t c l o n e h t t p s : / / g i t h u b . com / OpenNMT / OpenNMT−py
2 cd OpenNMT−py

Heres a requirements.txt file to gather all the required packages :
Since PyTorch is continuously evolving, it is recommended to fork the PyTorch 0.4 version

to ensure a stable performance of the code base.
Then let’s run the following command to automatically gather pre-requisite dependencies:

Listing 3.2: Installing all required packages for OpenNMT-py

1 p i p i n s t a l l −r r e q u i r e m e n t s . t x t

Preparing The Dataset from Parallel Corpus

Pre-processing the Data

For prepossessing, now I have the following:

• en.train.enc : Training file containing English (Source Language) sentences

• et.train.enc : Training file containing Estonian (Target Language) sentences

• en.dev.enc : Validation data consisting of English (Source Language) sentences

• et.dev.enc : Validation data consisting of Estonian (Target Language) sentences

All of the above files were placed in ’dataset’ folder.

Listing 3.3: Preprocess data using OpenNMT-py

1 py thon . . / OpenNMT−py / p r e p r o c e s s . py
2 − t r a i n s r c . . / d a t a s e t / en . t r a i n . enc
3 − t r a i n t g t . . / d a t a s e t / e t . t r a i n . enc
4 −v a l i d s r c . . / d a t a s e t / en . dev . enc
5 −v a l i d t g t . . / d a t a s e t / e t . dev . enc
6 −s a v e d a t a . . / d a t a s e t / d a t a
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Training the Data

After preprocessing , the main command to train the network is the following. This script
would save all trained model into ‘models’ directory. The main train command is quite simple.
Minimally, it takes a data file and save file.

Listing 3.4: Train data using OpenNMT-py

1
2 py thon . . / OpenNMT−py / t r a i n . py −d a t a \
3 . . / d a t a s e t / d a t a −save mode l . . / models / \
4 − l a y e r s 6 − r n n s i z e 512 −w o r d v e c s i z e 512 \
5 − t r a n s f o r m e r f f 2048 −heads 8 \
6 −e n c o d e r t y p e t r a n s f o r m e r −d e c o d e r t y p e t r a n s f o r m e r \
7 −p o s i t i o n e n c o d i n g − t r a i n s t e p s 350836 \
8 −m a x g e n e r a t o r b a t c h e s 2 −d r o p o u t 0 . 1 \
9 −b a t c h s i z e 4096 −b a t c h t y p e t o k e n s −n o r m a l i z a t i o n t o k e n s \

10 −accum count 2 −opt im adam −adam be ta2 0 .998 \
11 −decay method noam −warmup s teps 8000 − l e a r n i n g r a t e 2 \
12 −max grad norm 0 −p a r a m i n i t 0 −p a r a m i n i t g l o r o t \
13 − l a b e l s m o o t h i n g 0 . 1 −v a l i d s t e p s 10000 \
14 −s a v e c h e c k p o i n t s t e p s 10000 \
15 −w o r l d s i z e 1 −g p u r a n k s 0

To understand all parameters used here, it is recommended to read OpenNMT-py documen-
tation [30, 31]. I used to stop this training after step 350000.pt.

I used Vedur Cluster [32] for this training. The model was trained for 10000 epochs on a
NVIDIA GEFORCE 2GB GPU. Training on a CPU will require a very high computational cost,
hence it is recommended to use a high end GPU for training the model with a large amount of
data at a faster rate.

This is last part to train a model. But using this model we still can translate an English
sentence into Estonian (not speech based).

Testing the Data with Sample English Text

Now, testing part. Model for translation is ready. This model is capable to translate a English
sentence into Estonian. But source sentence need to be encoded using SentencePiece [33],
target sentence also need to be decoded using same library. Then we would get an Estonian
sentence finally.
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Here is the command to translate English text into Estonian text. Encoding and decoding
separately by another commands.

Listing 3.5: Test English-Estonian using OpenNMT-py

1 py thon . . / OpenNMT−py / t r a n s l a t e . py −model
2 . / models / s t e p 3 5 0 0 0 0 . p t −s r c . / en . t x t −o u t p u t
3 . / p r ed . t x t −r e p l a c e u n k −v e r b o s e

3.4 Using a Speech Recognition System

Speech recognition is the ability of a machine or program to detect any spoken voice or phrases.
There are few efficient library and API for speech recognition. However, I used open source
Speech Recognition library in Python. It is easy to implement and maintain. Can be integrated
with other popular API like CMU Sphinx, Google API, Bing voice recognition or IBM speech
text. But after speech recognition, I developed my own Machine Translation system, that’s why
It was not needed any third party integration at this point.

There are several speech recognition technologies. For this project I used Python SpeechRecog-
nition library with google API. It performs very well and easy to use. This API converts speech
(from Microphone) to text. Besides, this API also can convert audio file into text. However,
which is out of this project’s scope. here we will use only Microphone as input device.

Listing 3.6: Source code speech recognition

1 i m p o r t s p e e c h r e c o g n i t i o n as s r
2
3 t r y :
4 w h i l e True :
5 wi th s r . Microphone ( ) a s s o u r c e :
6 p r i n t ( ’ say some th ing ’ )
7 a u d i o = r . l i s t e n ( s o u r c e )
8 p r i n t ( ’−−−t ime over−−−’ )
9

10 t r y :
11 p r i n t ( ’ Text : ’ + r . r e c o g n i z e g o o g l e ( a u d i o ) ) ;
12 e x c e p t :
13 p a s s
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3.5 Using a Speech Synthesis System

Speech synthesis is artificial production of human voice from text to speech. A speech synthe-
sizer system can be implemented in software or hardware. The quality of a speech synthesizer
is judged by its similarity to the human voice and by its ability to be understood clearly.

In this project I would use gTTS (Google Text-to-Speech) [34] library to synthesize Estonian
text into voice. This is a easy to use python library. After converting text to speech it will write
data into mp3 file format.

Here is a sample code to use gTTS,

Listing 3.7: Source code, text to speech synthesis with gTTS

1
2 from g t t s i m p o r t gTTS
3 t t s = gTTS ( ’Ma o l e n Rezwan . Ma e l a n T a r t u s . ’ , l a n g = ’ e t ’ )
4 t t s . s ave ( ’ e t . mp3 ’ )

Parameter, lang = et states that the language is in Estonian. Default value is ’en’ [English].
Any Estonian sentence in English synthesizer would not perform well. So this case we also
need to consider.

3.6 Integrating All Modules for a Speech Based Translation
System

Now, all the required modules are ready to integrate together. We would drive all 3 modules
through a pipeline one by one. The sequences would be, 1) Speech to text, 2) Text tokenize,
Translate and detokenize, 3) Text to speech.

In my case, I didn’t use any UI rather just run python script one after another using bash.

Finally, I would run this bash script and try to evaluate the result.
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4 Experimental Results and Discussion

In this section, we present our experimental results on publicly available corpora used exten-
sively as benchmarks for Neural Machine Translation systems: WMT14 English-to-Estonian
(WMT EnEt). On these datasets, we benchmark NMT models with word-based, 13 character-
based, and sentence-piece-based vocabularies. We also present the improved accuracy of our
models after ne-tuning with RL and model assembling.

Our main objective with these datasets is to show the contributions of various components
in our implementation, in particular the sentence-piece model, RL model renement, and model
assembling. In addition to testing on publicly available corpora, we also test NMT on Googles
translation production corpora, which are two to three decimal orders of magnitudes bigger than
the WMT corpora for a given language pair. We compare the accuracy of our model against
human accuracy and the best Phrase-Based Machine Translation (PBMT) production system
for Google Translate. In all experiments, our models consist of 8 encoder layers and 8 decoder
layers. (Since the bottom encoder layer is actually bi-directional, in total there are 9 logically
distinct LSTM passes in the encoder.) The attention network is a simple feed forward network
with one hidden layer with 1024 nodes. All of the models use 1024 LSTM nodes per encoder
and decoder layers.

4.1 Experimental Results

Bilingual Evaluation Understudy (BLEU) is an algorithm for evaluating the quality of machine
traslation. Translation quality is considered to be the correspondence between a machine’s out-
put and that of a human: ”the closer a machine translation is to a professional human translation,
the better it is” this is the central idea behind BLEU [35].

In this project, I would evaluate the BLEU score using a Perl script which is integrated OpenNMT-
py. Here is the perl script to evaluate score,

Listing 4.1: Evaluating the BLEU score

1
2 p e r l . . / OpenNMT−py / t o o l s / m u l t i−b l e u . p e r l
3 p red . t x t < human . p r ed . a t o k
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Here ‘human.pred.atok’ file contains tokenized translated sentences by human. In this case
I took help from a native Estonian who translated all my source sentences into Estonian. Next
step is to tokenize all sentences by SentencePiece and save into the file above.

Here is the BLEU score evaluation,

1. Sample source (en): “I am a person who is positive about every aspect of life. There are
many things I like to do, to see, and to experience.”

BLEU = 44.08, 60.0/47.7/39.5/33.3 (BP=1.000, ratio=1.047, hyp len=45, ref len=43)

4.2 Discussion

Currently, in the field of machine translation, NMT system is hard to beat. The future looks
promising and it will rule this domain. Philipp Koehn and Rebecca Knowles discussed [26]
about the six problems in NMT. It includes domain mismatch, amount of training data, rare
words, long sentences, word alignment and beam search. According to their researches, NMT
has following types of difficulties,

NMT has lower out of domain capability, that means it can work well in specific domain
based upon the parallel corpus. If we train on neural network based general day to day commu-
nication or from movie script, then this system might fail to translate a sentence in IT or Law
domain.

Figures 4.1: Quality of systems (BLEU), when trained on one domain (rows) and tested on
another domain (columns). Comparably, NMT systems (left bars) show more degraded perfor-
mance out of domain. Source: [26]
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NMT systems have a steeper learning curve with respect to the amount of training data.
Thats in low resources, shows lesser performance and accuracy.

NMT systems that operate at the sub-word level (e.g. with byte-pair encoding) perform
better than SMT systems on extremely low frequency words.

NMT systems have lower translation quality on very long sentences but do comparably
better up to a sentence length of about 60 words.

The attention model for NMT does not always fulfill the role of a word alignment model
but may in fact dramatically diverge.

Beam search decoding only improves translation quality for narrow beams and deteriorates
when exposed to a larger search space.

However, this list is incomplete, and researchers are trying to analyze accurate the overall
performance NMT over SMT on different natural language all over the world. Certainly, we
can say that attention based encode-decoder system is more accurate for machine translation
over any other techniques like convolution neural network (CNN) or recurrent neural network
(RNN).

On the other hand, in this project I used SpeechRecognition library which is very efficient
and shows very good results. We can configure this library for other languages besides English
as well. There are few scopes to improve like recognize speech accurately in a noisy condition
and if sentence contains any rare words. Similarly, I used gTTS, which is state of the art text
to speech library developed by Google for python. It has better control over different natural
language and we also can use different type of voice pattern like male, female or kid voice.
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5 Conclusion and Future Work

In this report, I wrote all details to develop a English to Estonian speech based translation system
using neural network. It also includes the accuracy, robustness and complexity of this working
process and algorithm. On the translation benchmark, the result was reasonable with training
data and computing hardware.

When comparing this neural machine translation with human translation, it gives 60% ac-
curacy. Definitely, this accuracy would improve if we use larger data set for training with
sentences contain rare words. Also using, efficient computing machine is also important.

Here, we examine a number of challenges to neural machine translation and give empirical
results on how well the technology currently holds up, compared to traditional statistical ma-
chine translation. We show that, despite its recent successes, neural machine translation still
has to overcome various challenges, most notably performance out-of-domain and under low
resource conditions.

What a lot of the problems have in common is that the neural translation models do not
show robust behavior when confronted with conditions that differ signicantly from training
conditions may it be due to limited exposure to training data, unusual input in case of out
of domain test sentences or unlikely initial word choices in beam search. The solution to the
problems may hence lie in a more general approach of training that steps outside optimizing
single word predictions given perfectly matching prior sequences.

Another challenge that we do not examine empirically: neural machine translation sys-
tems are much less interpretable. The answer to the question of why the training data leads
these systems to decide on specic word choices during decoding is buried in large matrices
of real-numbered values. There is a clear need to develop better analytics for neural machine
translation.
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