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Abstract

The main purpose of this thesis is to study machine translation. Specifically, neural ma

chine translation using neural networks to achieve our goal. The model we used is based on

the EncoderDecoder architecture, commonly called Sequence to Sequence. This model can

produce a sequence given as input another sequence using a variety of recurrent neural net

works. To create a neural machine translation model a parallel text corpus is required and

the given sentences must undergo some preprocessing, which includes tokenization and en

coding the tokens. We tested two different methods of tokenization, character level and word

level, and twomethods of encoding the tokens, using onehot vectors and embedding vectors.

A variety of tests have been performed, using different parameters, in order to achieve the

best translation results according to bilingual evaluation understudy score, a score designed

for translation tasks. Finally, after evaluating the performance of many models, we conclude

to the advantages and disadvantages of each model.
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Περίληψη

Ο κύριος σκοπός αυτής της διπλωματικής είναι η μελέτη συστημάτων μηχανικής μετά

φρασης. Συγκεκριμένα, χρησιμοποιήσαμε συστήματα νευρωνικής μηχανικής μετάφρασης

για να επιτεύξουμε τον στόχο μας. Το μοντέλο που χρησιμοποιήσαμε βασίζεται στην αρχιτε

κτονική EncoderDecoder, γνωστό και σαν Sequence to Sequence. Αυτό το μοντέλο μπορεί

να δεχθεί σαν είσοδο μια ακολουθία και να δημιουργήσει μια άλλη ακολουθία χρησιμοποιών

τας διάφορα αναδρομικά δίκτυα. Για την δημιουργία ενός μοντέλου μηχανικής μάθησης είναι

απαραίτητη η χρήση μια συλλογής παράλληλων προτάσεων και η προεπεξεργασία τους. Δο

κιμάσαμε διάφορες μεθόδους προεπεξεργασίας όπως τον χωρισμό κάθε πρότασης σε λέξεις

ή σε χαρακτήρες. Στην συνεχεία κωδικοποιήσαμε αυτές τις λέξεις ή τους χαρακτήρες χρησι

μοποιώντας διανύσματα onehot ή διανύσματα embedding. Πραγματοποιηθήκαν διάφορες

δοκιμές, αλλάζοντας κάθε φορά παραμέτρους, ώστε να επιτύχουμε το καλύτερο αποτέλεσμα

στις μεταφράσεις σύμφωνα με ένα κριτήριο δίγλωσσης αξιολόγησης που ονομάζεται BLEU.

Στο τέλος, αξιολογήσαμε τα μοντέλα μας και αναφέραμε τα πλεονεκτήματα και μειονεκτή

ματα κάθε μοντέλου.
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Chapter 1

Introduction

Nowadays, more and more people want to communicate each other but a big barrier ex

ists. This barrier is the variety of languages that makes communication difficult and requires

translations to be created by hand. This mundane task of translating documents to other lan

guages must be automated in order to create the required translations quickly and efficiently.

1.1 Motivation

In this thesis we will investigate how we can solve the task of automated translation

using machine learning and all the required steps to do this. There have been many attempts

to create models for this purpose, following many different approaches like Examplebased

machine translation (EBMT), Rulebased machine translation (RBMT), Statistical machine

translation (SMT) and finally Neural machine translation (NMT).

The first models developed was statistical models [14], [15] that are based on information

theory. These models attempt to translate documents according to a probability distribution

function where a string from the target language is the translation of a string from the source

language. Another approach, commonly called the classical approach, is creating transla

tions using a rulebased system [16]. A rulebased system creates translations according to

linguistic information extracted from the grammars and dictionaries of the two languages and

converts the source sentences to the targets based on morphological, syntactic, and semantic

analysis of both languages. The complete opposite of a rulebased system is an example

based system [17]. Such systems are not based on deep linguist analysis but instead splits

the source sentence in parts, translates each part and then combines these translated parts to

1



2 Chapter 1. Introduction

create the target sentence. Finally, neural machine translation is performed by systems that

are based in artificial neural networks [18].

Wewill attempt to explain and analyse all the steps involved in creating a complete model,

from preprocessing the data to evaluating the performance of a model.

1.1.1 Contribution

The model we will develop is based on the Sequence to Sequence architecture. This ar

chitecture is using two separate models, one that processes the input sequence and another

one that produces the output sequence. In neural machine translation a bilingual, or parallel,

text corpus is required and some preprocessing is applied to it. The preprocessing involves

many steps, like cleaning the text and remove any unnecessary character, and splitting each

sentence in tokens. Two different tokenization methods will be used. First of all, we will split

each sentence into characters, which means our tokens will consist of all unique characters,

and the model will produce the predicted sentence character by character. Secondly, each

sentence will be split into words and each unique word will be a token. Moreover, each to

ken, in a sequence, must be encoded in a format suitable for the model. We decided to use

two different encoding formats, creating onehot vectors or embedding vectors for each to

ken. In the end, we will compare the different tokenization methods and encoding formats.

Finally, a metric is necessary in order to help us evaluate each model. The classic metrics,

like accuracy, are not suitable for the task of neural machine translation. This lead us to use

BLEU as a metric, which is a metric specifically designed for scoring translation tasks, to

evaluate our models.

1.2 Organization of the thesis

This thesis consist of five chapters. In the second chapter (2) we give a general overview

of machine learning and we present the basic concepts required to understand how a machine

learning model works. Next (3), we present the dataset used and the preprocessing steps re

quired along with the two different encoding method we use. After this section, we introduce

a method of evaluating machine translation results called bilingual evaluation understudy

(BLEU). Afterwards (4), we analyse how the Sequence to Sequence architecture works and

it’s components and we develop a model based on this architecture. Moreover, we present the
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results of our models, after extensive testing, using different parameters and network types.

Finally (5), we summarize our results and suggest some future actions to potentially improve

the results.





Chapter 2

Introduction to machine learning

2.1 Introduction

Machine learning (ML) is a branch of artificial intelligence (AI) (Fig. 2.1) that studies

algorithms that act without being explicitly programmed.Machine learning can be considered

a subset of artificial intelligence. Machine learning algorithms learn from experience and

buildmodels based on a sample of data called ”training data”. Thosemodels have the capacity

to constantly improve by exposing the model to new data, whereas rulebased algorithms will

perform always the same. Nowadays machine learning usage is constantly increasing and we

can find more and more fields where it is used like selfdriving cars, speech recognition,

neural machine translation, effective web search, etc.

Figure 2.1: Relation between AI, ML and deep learning. [1]

5



6 Chapter 2. Introduction to machine learning

Machine learning problems are often divided in many categories, but the biggest are su

pervised and unsupervised. In supervised problems,that include classification and regression,

we have both the training data and the expected answer. In contrast in unsupervised problems

we only have the training data and we expect algorithm to give us an answer. Unsupervised

problems include clustering, dimensionality reduction, finding relations between word vec

tors (word embeddings), etc.

2.1.1 Machine learning models

Performing machine learning involves creating a model which is trained on some data

and then can process more data to make predictions.

There are many different models and algorithms depending on the task at hand, but the

most commonly used are the following.

Regression analysis

Regression analysis contains many statistical methods and algorithms with the purpose of

finding a relation between the input variables and their features. The most common form of

regression analysis is linear regression (Fig. 2.2), which only applies if the relation is linear,

but more advanced forms can be used like ridge regression, logistic regression, polynomial

regression.

Figure 2.2: Linear regression. [2]
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Decision trees

Decision tree learning uses ”trees” as a model to make predictions (Fig. 2.3). Each ex

ample of the training data has its features analysed and based on this analysis the internal

nodes of the tree are created. These nodes act as a filter which guide new data presented to

the model a specific leaf, which is the prediction of the model.

Figure 2.3: Decision trees showing the survival of the passengers on the Titanic. [3]

Clustering algorithms

Clustering analysis is a set of algorithms with their main propose to create groups (clus

ters) from the input data (Fig. 2.4). Cluster analysis itself is not one specific algorithm but the

problem to be solved and this can be achieved with many different algorithms like knearest

neighbors algorithm (kNN), Nearestneighbor chain algorithm, Quantum clustering, etc.

Figure 2.4: The result of clustering. [4]
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Support vector machines (SVMs)

Support vector machines (SVMs) are a group of related supervised learning algorithms

that are used for classification or regression (Fig. 2.5). These algorithms are very powerful

binary linear classifier due to their nonprobabilistic nature. Modifications to the algorithm

exists for nonlinear problems. Support vector machines are also called maximummargin

classifier due to the fact that they maximize the distance of the hyperplane nearest data point

on each side.

Figure 2.5: SVM maximummargin classifier. [5]

Genetic algorithms

A Genetic algorithm is a algorithm that mimics the biological evolution. It is a search al

gorithm and heuristic technique that uses methods such as mutation and crossover to generate

models that improve predictions.

Artificial neural networks

Artificial neural networks are systems inspired by the biological neurons that constitutes

animal brains. A artificial neural network is s system composed by many connected units

called neurons. Each connection has some inputs and one output so it can transmit informa

tion to each other. The output is a function of it’s neuron inputs with some weights. During

training these weights are adjusted using algorithms like gradient decent. Many neurons are

grouped into layers that may perform specific tasks and many layers are grouped into a model
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(Fig.2.6). The signal propagates through the first layer to the last, possibly after traversing

the layers multiple times.

There aremany different categories of neural network layer like a dense layer, convolution

layers and recurrent layers. Some of those layers will be analysed in the following section.

Figure 2.6: Artificial neural network with one hidden layer. [6]

2.1.2 Loss function and gradient decent

Almost all machine learning models use some sort of a function, called loss function, to

estimate the parameters used by the model. This function maps an action to a real number

or calculates the difference between the real value and the prediction. The purpose of the

model is to minimize the loss function. However this function dose not have an explicit form

or may depend on a huge number of variables and calculating the minimum using analytical

mathematics may be impossible.

To solve this problem we use an algorithm called gradient descent. This algorithms uses

an iterative method to find the minimum of a function. The algorithm uses the first order

derivative of the function we try to minimize and a initial point. At each iteration we attempt

to move in the opposite direction of the derivative (eq. 2.1). To avoid overtaking the minimum

we introduce a term, λ, called learning rate to reduce the size of the step.
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xn+1 = xn − λ∇f(xn) (2.1)

By calculating constantly consecutive points wewill eventually reach aminimum, local or

global. Most machine learningmodel use a variation of gradient descent, with either changing

how the learning rate works or how each variable of the loss function affects the new point.

2.1.3 Activation functions

The output of each neuron passes though an activation function. The purpose of the ac

tivation function is to introduce nonlinearity into the output of a neuron. Some of the most

used activation functions are presented bellow.

Identity

f(x) = x

Binary step

f(x) =

0 if x < 0

1 if x ≥ 0
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Sigmoid

σ(x) = 1
1+e−x

Tanh

tanh(x) = ex−e−x

ex+e−x

Rectified linear unit

f(x) =

0 if x < 0

x if x ≥ 0
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Leaky rectified linear unit

f(x) =

0.01x if x < 0

x if x ≥ 0

Gaussian

f(x) = e−x2

Softplus

f(x) = ln (1 + ex)

Softmax

The Softmax function is an activation function applied to a whole layer instead of a single

neuron. This function takes as argument the outputs of all the neurons, usually of the last layer,

for which calculates a probability in order to determine the final result. For this purpose a

vector of probabilities is created, one for each potential outcome, which has a sum one.

The output of each neuron is calculated using the following equation (eq. 2.2).
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s(y)i =
eyi∑N
j=1 e

yj
(2.2)

2.2 Perceptron

The Perceptron [19], [20] is a simple algorithm to classify data in two classes. It can be

considered the simplest neural network that consist of only one neuron and is used to train a

binary classifier using supervised learning. Perceptron is a linear classifier and will always

reach a final state if our data are linear separable. However, if the training data are not linearly

separable, which means a hyperplane cannot separate them, the algorithm will not converge

and will fail completely. A layer that consists of many perceptron units is called a dense layer.

It has a number of inputs and one output, either 1 or 0, which is a mathematical relation

between the inputs and some weights (eq. 2.3).

f(x) =

1 if w · x+ b > 0,

0 otherwise
(2.3)

Figure 2.7: Perceptron. [7]

2.3 Multilayer perceptron

Amultilayer perceptron neural networks is a feedforwardmultilayer network based on the

perceptron. It contains at least three layers one input, one output and one ormore hidden layers

(fig. 2.8). Feedforward networks are the most common type of networks. In these networks
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information flows from the input layer to the output without loop. The goal of feedforward

network is to find appropriate weights to approximate a function. It is proven, in the universal

approximation theorem [], that a arbitrary large multilayer perceptron with one hidden layer

can approximate every function. However it is not viable for a layer to have infinite neurons

so in practice we add additional layers to achieve this.

Figure 2.8: A four layer perceptron network. [8]

The multilayer perceptron networks train in a similar manner to the simple perceptron,

but with an important difference. Due to the multilayer nature of the network, the output is a

function of all the wights in every layer, so the gradient updates have to move from the output

to the previous layers. This algorithm is called backpropagation.

2.3.1 Backpropagation

In multilayer neural networks the output of the network depends on the weights of all the

layers (eq. 2.4). Due to this relation we cannot use normal gradient descent to calculate the

gradient and adjust the weights.

g(x) = fL(WLfL−1(WL−1 · · · f 1(W 1x))) (2.4)

With x being the input vector, y the target vector, f l the activation function at layer l,W l

the weights at layer l and L the number of layers.

By defining the cost function as C(yi, g(xi)) we attempt to find the partial derivative of

C with respect to each weight wl
jk. By computing ∂C/∂wl

jk we can calculate the change we

must do to each weight in order to approach the target value yi
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Backpropagation [21], [22] is an algorithm that calculates all those gradients efficiently

and without duplicate calculations. These gradients can be used with an optimization algo

rithm to update the weights of the network.

2.4 Recurrent neural networks

The idea behind recurrent neural networks (RNN) is to create a network that can use

sequences as inputs. These sequences may have different lengths and their values may be

related. The main difference of recurrent neural networks to feedforward networks is that

they contain loops (fig. 2.9) [23]. This difference facilitates the training of neurons to handle

long term dependencies in the input sequences by allowing them to use further information.

In this way, the neurons have an internal memory created from their input, which depends on

the previous values.

Figure 2.9: Unfolded recurrent neural network. [9]

However, the problem of vanishing gradients appears in ordinary recurrent neural net

works during training. In a very long sequence, it’s values may have long term dependencies.

When an ordinary recurrent neural network have to memorize this sequences it is possible

that these dependencies cannot be learned due to the nature of the training algorithm. A so

lution to this problem is to create variations of the ordinary recurrent neural networks that

control how these gradients are calculated.
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2.4.1 Long shortterm memory

Long shortterm memory [24] is a variation of ordinary recurrent neural networks that

tries to solve the vanishing gradients problem. The long shortterm memory cell is composed

of many gates that control the gradients (fig. 2.10). These gates are the input gate (eq. 2.5),

the output gate (eq. 2.7) and the forget gate (eq. 2.6). Specifically the input gate controls the

information that enters the cell, the forget gate control the information that creates the cell

memory and the output gate that controls the output of the cell. The equations bellow describe

how these gates work.

Figure 2.10: Long shortterm memory architecture. [10]

In the following equations [10] the xt is the input vector,W andU are weight matrices and

b is the bias. The equations use the sigmoid function σ and the hyperbolic tangent function

tanh and the operator ◦ denotes elementwise multiplication.

it = σ(Wixt + Uiht−1 + bi) (2.5)

Where it is the activation of the input gate.

ft = σ(Wfxt + Ufht−1 + bf ) (2.6)

Where ft is the activation of the forget gate.

ot = σ(Woxt + Uoht−1 + bo) (2.7)

Where ot is the activation of the output gate.
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ct = ft ◦ ct−1 + it ◦ c̃t

ht = ot ◦ tanh(ct)

c̃t = tanh(Wcxt + Ucht−1 + bc)

(2.8)

Where ct and ht is the cell state vector and output vector (also called hidden state) vector

respectively and the c̃t the cell input activation vector.

2.4.2 Gated recurrent unit

The gated recurrent unit (GRU) [25] is a variation of LSTM designed to be simpler to

compute and implement (fig. 2.11). The main difference of gated recurrent units is that they

have only two gates instead of three. The two gates of the gated recurrent unit is the update

gate (eq. 2.9) and the reset gate (eq. 2.10). However, although recurrent neural networks with

infinite precision in the states and unbounded computation time are turing complete, it is

stated that LSTMs are strictly stronger than GRUs ([26], [27]) and in many problems, like

neural machine translation, they underperform.

In the following equations [11] the xt is the input vector,W andU are weight matrices and

b is the bias. The equations use the sigmoid function σ and the hyperbolic tangent function

tanh and the operator ◦ denotes elementwise multiplication.

Figure 2.11: Gated recurrent unit architecture. [11]

zt = σ(Wzxt + Uzht−1 + bz) (2.9)
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Where zt is the activation of the update gate.

rt = σ(Wrxt + Urht−1 + br) (2.10)

Where tt is the activation of the reset gate.

ĥt = tanh(Whxt + Uh(rt ⊙ ht−1) + bh)

ht = (1− zt)⊙ ht−1 + zt ⊙ ĥt

(2.11)

Where ht is the output vector and ĥt is the candidate activation vector.



Chapter 3

Text prepossessing and machine

translation metrics

3.1 Prepossessing raw text

The dataset used in this thesis is a parallel corpus that consists of two languages and that

contains sentences in the original language alongside their translation. Specifically exper

iments were done using the English  Italian ANKI dataset [28] that contains 343813 pair

sentences.

The pair of sentences first must be converted to a format that is ”understood” by the

machine learning algorithm. There are multiple steps in processing raw text. The first step

is to keep only the characters and the punctuation that belongs to our alphabet. We may also

remove ascents that we don’t want and convert everything to lowercase.

After this process we have to tokenize our sentences and then we can proceed in two

different ways. The first way is known as onehot encoding, while the second one is to create

embeddings.

3.2 Tokenization

In natural language processing (NLP) tokenization is the process of splitting text in small

chunks (tokens). These tokens can either be words or characters. After creating these tokens

we assign a unique number to each unique tokens, as shown below.

text_data = [’good morning’, ’the weather today is good’]

19
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tok_text = [[’good’, ’morning’],

[’the’, ’weather’, ’today’, ’is’, ’good’]]

tok_result = [[0, 1],[2, 3, 4, 5, 0]]

This conversion from chunks to numbers allows us to represent text in a format which

enables us to train machine learning models using text as input. From this process we produce

categorical data, however machine learning model cannot use directly these data and these

sequences of numbers must be processed further.

3.3 Categorical data encoding

3.3.1 Onehot encoding

One way to process categorical data is to encode them to vectors using onehot encoding.

In onehot encoding we produce binary sparse vector, specifically vectors that only one of

their values is one and all others are zero. This conversion allows machine learning model to

extract more meaningful information from categorical variables, because their initial values

does not represent any relations and does not have any specific meaning.

The process to encode categorical data to onehot vectors is very simple. First for every

token, we have to create a vector with its size being equal to the number of tokens we have.

Thenwe set all of its values being zero, except one, where the position of of this value depends

on the number assigned to this token. This is demonstrated bellow.

[0, 1] = [[1, 0, 0, 0, 0, 0],[0, 1, 0, 0, 0, 0]]

[2, 3, 4, 5, 0] = [[0, 0, 1, 0, 0, 0],

[0, 0, 0, 1, 0, 0],

[0, 0, 0, 0, 1, 0],

[0, 0, 0, 0, 0, 1],

[1, 0, 0, 0, 0, 0]]

However this encoding although very expressive can generate huge vectors with all but

one of their values zeros and this can cause problems with the training of the model or the

storage required for the dataset.
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3.3.2 Token embeddings encoding

Another way to prepossess categorical data and specifically text data is to create an em

bedding for each token. An embedding is a vector with a relative low dimensionality that is

either created beforehand or during training [29]. With embeddings instead of representing a

token with one big binary sparse vector we attempt to map it with a smaller but denser vec

tor. Moreover, embeddings try to capture more information (fig. 3.1) from the token like the

meaning, the interpretation of the word and even grammatical and lexicological information.

Figure 3.1: Embeddings capturing word semantics. [12]

The embeddings generation process can either be a layer in our machine learning model

or we can create a new model specifically to generate those embeddings. An example of the

embedding vectors, with the output dimension being three, is presented bellow.

[0, 1] = [[0.01075683, 0.01871429, 0.01149996],

[ 0.03609798, 0.04325888, 0.04786615]]

[2, 3, 4, 5, 0] = [[ 0.01533573, 0.01497992, 0.04166322],

[0.00210105, 0.01850808, 0.04897275],

[ 0.0454616 , 0.0019915 , 0.03638037],

[0.00881171, 0.01351931, 0.04072988],

[ 0.01075683, 0.01871429, 0.01149996]]

3.4 Machine translation metrics

In most machine learning problems, like regression or classification, it is quite easy to

evaluate the performance of a model, due to the fact that it can be calculated using a cost
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function. For instance, in a regression problem, although the fact that the output can take any

value, we can calculate the difference of this value to the expected output.

However, in machine translation, due to the complexity of the task we cannot simply

calculate such a metric without limiting our model. For example, when translating a sentence,

there are several ways to express the meaning of the sentence in the target language.

For this reason, new metric that evaluate the performance of a machine translation model

was developed and themost used of them is called Bilingual EvaluationUnderstudy or BLEU.

3.4.1 Bilingual evaluation understudy

Bilingual Evaluation Understudy (BLEU) is an algorithm developed to evaluate the trans

lations of one language to another [30]. The popularity of the algorithm is high due to the fact

the the scores it produces are similar with how humans would evaluate the translation.

The final score, which is always between 0 and 1, is calculated by averaging each trans

lated sentence’s score. Each translated sentence’s score is calculated by comparing it with a

list of reference translations, using a form of modified precision calculating what percent

age of ngrams can be found in the reference translations. The most common version of the

algorithm BLEU uses ngrams from 1 to 4 and it is called BLEU4.

Bellow is presented an example that demonstrates how does BLEU2 works.

Reference 1: the cat jumps high

Reference 2: this cat can jump high

Translated: the cat high

First we calculate all the 1grams of the translated sentence that exist in the reference

sentences.

1grams counts

the 1

cat 1

high 1

Table 3.1: Number of 1grams counts

As we can see the total number of 1grams is 3 and the total number of 1grams counts

is 3, so the 1gram precision is P1 =
3
3
= 1
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Then we calculate all the 2grams of the translated sentence that exist in the reference

sentences.

2grams counts

the cat 1

cat high 0

Table 3.2: Number of 2grams counts

As we can see the total number of 2grams is 2 and the total number of 2grams counts

is 1, so the 2gram precision is P2 =
1
2
= 0.5

Finally the BLUE2 score of this sentence is P1+P2

2
= 1+0.5

2
= 0.75

The BLEU algorithm is often applied to a collection of translated sentences and achiev

ing a score 1 is almost impossible and many time undesirable. Human translations usually

achieve a score of 0.6−0.7 ([]) due to the fact that each human can translate a sentence using

different words but with the same meaning. Usually a BLEU score of 0.3− 0.4 indicates that

the translations are understandable but the quality is not very high and a score of 0.4 − 0.5

indicates high quality translations [31].
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Sequence to Sequence architecture

4.1 Sequence to Sequence

Sequence to Sequence (Seq2Seq) is a architecture designed to handle variablelength se

quences as input and output. This architecture has two major components, the encoder and

the decoder, hence it is also called EncoderDecoder Network.

This architecturewas initially developed byGoogle [32] to be used inmachine translation,

however it proved useful in many other tasks like summarization, conversational modeling

and image captioning, due to the fact that it is not necessary for the output and the input to

be the same format. Moreover, Facebook [33] managed to use a Seq2seq model for sym

bolic integration and solving differential equations. We used this model for neural machine

translation and bellow we will explain how the encoder and the decoder works in this task.

Figure 4.1: The Seq2Seq architecture

The encoder takes as input a variablelength sequence and then transforms it into a fixed

length vector (hidden state), which contains all the information of the input encoded. The

decoder takes this fixed length vector and produces a variablelength sequence based on this

encoded vector [34].

25
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4.1.1 Encoder

The encoder is one of the two basic components of Seq2Seq. Specifically the encoder

transforms the input sequence to a fixed length vector containing all the necessary informa

tion. In neural machine translation the input of the encoder will be the tokenized sentence

either in onehot encoding or it will be the output of the embedding layer. Suppose we have

an input sequence x1, x2, ..., xN , where xn is the nth token of the sequence. A time step n the

encoders transforms the input xn and the hidden state hn−1 from the previous time step into

a new hidden state hn. We can describe this with the following function (eq. 4.1).

hn = f(xn, hn−1) (4.1)

In essence the encoder transforms the hidden states for all time steps into a context vari

able c (eq. 4.2).

c = q(h1, h2, ..., hN) (4.2)

In most Seq2Seq models the context variable is the last hidden state (c = hN ). This

hidden state is then passed to the decoder (fig. 4.2).

Figure 4.2: The encoder in a Seq2Seq model. [13]

4.1.2 Decoder

As mentioned before, the decoder uses the context variable c to produce the output se

quence (fig. 4.3). Given the output sequence y1, y2, ..., yM , where ym is themth token of the

sequence, the probability of the decoded output ym results from the sequence y1, y2, ..., ym−1

and the context variable c (eq. 4.3).
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P (ym | y1, . . . , ym−1, c) (4.3)

This conditional probability can be modeled using a recurrent neural network. At each

time step m of the output sequence the recurrent neural network takes ym−1 as input and its

hidden state is initialized using the context variable c. At each subsequent time step we use

the previous output to make the next prediction until we reach the end of the sequence.

Figure 4.3: The decoder in a Seq2Seq model. [13]

Moreover, the decoder contains one more layer, a single Dense layer, with the softmax

activation function to produce this conditional probability.

4.2 Attention mechanisms

Humans do not process all the information that is available in their environment but in

stead only focus in a fraction of this information. Using attention mechanisms we try to in

troduce this concept in machine learning algorithms and specifically in deep learning. In

machine learning attention can be seen as a mechanism to give more weight to some inputs

or in other words to introduce bias over some inputs.

In a EncoderDecoder network used for neural machine translation from English to Italian

the sentence ”Good life” is translated to ”Bella vita”. The network maps the word ”Good”

to ”Bella” and ”life” to ”vita” implicitly, but when we use attention this mapping becomes

more explicit.

The attention mechanism can be introduced in a network as an attention layer. The input

in an attention layer is called a query and for every query the attention returns an output.
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This output is based on the memory of the attention layer. This memory is encoded in the

attention layer and contains some keys k and values v in pairs. The equation bellow, called

score function, (eq. 4.4) is used to calculate the similarity between the query and the key, for

each key k1, k2, ..., kn.

ai = α(q,ki). (4.4)

The final attention output is calculated using the following equations (eq. 4.5,4.6)

b = softmax(a) (4.5)

o =
n∑

i=1

bivi (4.6)

The important part of the attention layer is the scoring function and there are many ways

to implement. The two most common attentions are the dotproduct attention [35], which

uses the equation (eq. 4.7) as a scoring function and the additive attention [36], which uses

the equation (eq. 4.8).

α(Q,K) = QK⊤/
√
d (4.7)

WhereQ ∈ Rm×d containsm queries andK ∈ Rn×d has all the n keys.

α(k,q) = v⊤tanh(Wkk+Wqq). (4.8)

WhereWk ∈ Rh×dk ,Wq ∈ Rh×dq , v ∈ Rh are learnable weights.

4.3 Our models and experiments

In this thesis we developed a Seq2Seq model (fig. 4.4) from scratch with the ability to

define the type of recurrent layer used for the encoder and the decoder. The implementation of

themodel can be found in the following repositoryhttps://github.com/chionkyr/

seq2seq_nmt. The type of recurrent layers supported are GRU layers, LSTM layers and

bidirectional layers either GRU or LSTM. A bidirectional layer is a layer that consists of two

recurrent layers working together, with the first layer processing the input tokens in order,

 https://github.com/chionkyr/seq2seq_nmt
 https://github.com/chionkyr/seq2seq_nmt
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while the second layer processing the input tokens in reverse order. This enables the layer to

use information from both future and past to generate the current state.

In the experiments done, we create character level models and word level models, where

each token is a character or a word respectively. Furthermore, we tried to encode the tokens

using two different ways, onehot vectors or embedding vectors.

All model have been tested with the same batch size of 512 and initial learning rate of

0.01, but we varied the size of the encoder and decoder between three values 128, 512, 1024.

Furthermore, the training of the model stopped if for the duration of 15 consecutive epochs

there was no improvements and the learning rate was automatically reduced, to a minimum

of 0.0001, if there was no improvements during the last 5 consecutive epochs.

An optimizer is an algorithm we use to minimize or maximize a cost function. In multi

layer neural networks an optimization algorithm is used in conjunction with backpropagation

to update the weights properly. We used RMSprop [37] as an optimizer for our model, which

is an adaptive learning rate optimizer, and usually used when training recurrent neural net

works.

The models demonstrated in this thesis was made with the help of TensorFlow [38], an

opensource Python library for machine learning.

Figure 4.4: The Seq2Seq model. [13]

4.4 Character level tokenization

The first models we tested are character level models, where each token is a character.

During the tokenization the source sentences underwent minimal prepossessing, keeping any

numbers or punctuation that existed, but the characters were converted to ASCII.
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4.4.1 Οnehot encoding

GRU

As we can see (table 4.1) increasing the size of the network the BLEU score increased,

which means the quality of the translations improved linearly. However the network with size

128 have BLEU scores below 0.3 and the translation quality will be low.

Seq2Seq using GRU and onehot encoding

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.4760 0.8562 0.8116 0.7555 0.6135 0.8143 0.2507

512 0.2696 0.9182 0.7333 0.7968 0.4809 0.8589 0.3430

1024 0.1272 0.9644 0.8646 0.7935 0.4832 0.8700 0.3952

Table 4.1: Metrics of a Seq2Seq model using GRU and onehot encoding.

LSTM

All LSTM networks showed poor performance in this dataset (table 4.2). Regardless of

the size used all three of our networks achieved the same BLUE score of 0.27 and could not

produce good translations.

Seq2Seq using LSTM and onehot encoding

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.4718 0.8578 0.8392 0.7471 0.6255 0.8099 0.2729

512 0.3244 0.9015 0.7929 0.7718 0.5098 0.8470 0.2755

1024 0.2415 0.9274 0.7274 0.8033 0.5315 0.8499 0.2796

Table 4.2: Metrics of a Seq2Seq model using LSTM and onehot encoding.

Bidirectional GRU

Using a bidirectional GRU network for our encoder greatly improved the BLEU scores

(table 4.3) for all network sizes however this improvements came with a increase in training

time. The biggest network with size of 1024 achieved a BLUE score of 0.4859 which means

the translations produced have acceptable quality.
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Seq2Seq using bidirectional GRU and onehot encoding

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.3193 0.9034 0.7134 0.7945 0.5024 0.8499 0.3370

512 0.1263 0.9644 0.8529 0.7921 0.4563 0.8753 0.4175

1024 0.0039 0.9997 1.1517 0.7914 0.5592 0.8841 0.4859

Table 4.3: Metrics of a Seq2Seq model using bidirectional GRU and onehot encoding.

Bidirectional LSTM

A bidirectional LSTM network showed the same improvement (table 4.4) over the simple

LSTM. However the bi bidirectional achieve better BLEU scores with less training time and

faster inference time.

Seq2Seq using bidirectional LSTM and onehot encoding

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.2457 0.9273 0.6358 0.8159 0.4598 0.8645 0.3947

512 0.0755 0.9820 0.8278 0.8062 0.5097 0.8704 0.4171

1024 0.0247 0.9955 0.8478 0.8209 0.5233 0.8805 0.4639

Table 4.4: Metrics of a Seq2Seq model using bidirectional LSTM and onehot encoding.

4.4.2 Embeddings

For all tests executed in this section the size of the embedding vectors was set to 30. This

number was chosen due to the fact that our unique input and output tokens was approximately

80.

GRU

We can see (table 4.5) that increasing the size of the network the BLEU score increased,

however, the evolution of this growthwas approximately 10%. All networks achieved average

BLUE scores with the highest value being less that 0.35.
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Seq2Seq using GRU and embeddings

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.4066 0.8775 0.7541 0.7771 0.5676 0.8296 0.2885

512 0.2791 0.9150 0.7381 0.7953 0.4879 0.8559 0.3083

1024 0.1841 0.9450 0.7841 0.8003 0.4807 0.8661 0.3404

Table 4.5: Metrics of a Seq2Seq model using GRU and embeddings.

LSTM

Similar to LSTM models used with the onehot encoding, in this case we also observed

bad performance with LSTM networks and all produced bad translations and achieved bad

BLUE scores (table 4.6).

Seq2Seq using LSTM and embeddings

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.4009 0.8789 0.7506 0.7751 0.5637 0.8291 0.2867

512 0.3167 0.9029 0.8032 0.7678 0.5094 0.8459 0.2318

1024 0.2329 0.9289 0.7669 0.7894 0.4957 0.8578 0.2539

Table 4.6: Metrics of a Seq2Seq model using LSTM and embeddings.

Bidirectional GRU

A bidirectional GRU network improved dramatically BLEU scores here as well (table

4.7). The biggest network achieved a BLUE score of 0.3936 that indicates average translation

quality.

Seq2Seq using LSTM and embeddings

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.3182 0.9032 0.7066 0.7942 0.4783 0.8552 0.3273

512 0.1701 0.9502 0.7670 0.7993 0.4582 0.8697 0.3902

1024 0.0855 0.9781 0.9174 0.7927 0.4921 0.8725 0.3936

Table 4.7: Metrics of a Seq2Seq model using bidirectional GRU and embeddings.
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Bidirectional LSTM

A bidirectional LSTM showed dramatic improvement, especially the bigger one (table

4.8). It managed to reach a BLUE score of 0.4711 which is the biggest so far.

Seq2Seq using LSTM and embeddings

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.3444 0.8955 0.6990 0.7929 0.5124 0.8450 0.2862

512 0.1683 0.9504 0.7942 0.7953 0.4794 0.8667 0.3159

1024 0.0089 0.9993 0.8839 0.8233 0.5068 0.8889 0.4711

Table 4.8: Metrics of a Seq2Seq model using bidirectional LSTM and embeddings.

4.5 Word level tokenization

Next we experimented with word level models, where each token is a word. During the

tokenization the source sentences underwent minimal prepossessing, keeping any numbers

or punctuation that existed, but all the characters were converted to ASCII.

4.5.1 Οnehot encoding

GRU

We can see (table 4.9) increasing the size of the network causes the BLEU score to in

crease almost linearly. All networks achieved high blue scores, even the smallest one.

Seq2Seq using GRU and onehot encoding

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.6541 0.8994 2.2979 0.7019 1.5255 0.7669 0.4251

512 0.3574 0.9445 2.2148 0.7179 1.3636 0.7916 0.4935

1024 0.2025 0.9705 2.2636 0.7240 1.3220 0.8027 0.5342

Table 4.9: Metrics of a Seq2Seq model using GRU and onehot encoding.
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LSTM

In contrast to character level LSTM models, the networks here reached very high BLUE

scores (table 4.10), all of them achieving more than 0.56 BLUE score, producing very good

translations.

Seq2Seq using LSTM and onehot encoding

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.4098 0.9398 2.0789 0.7242 1.2400 0.8074 0.5655

512 0.2460 0.9628 2.1114 0.7234 1.2516 0.8069 0.5664

1024 0.1009 0.9866 2.2290 0.7250 1.2732 0.8124 0.5674

Table 4.10: Metrics of a Seq2Seq model using LSTM and onehot encoding.

Bidirectional GRU

The usage of bidirectional networks in the encoder did not produce better results (table

4.11) than simple using of a GRU network. Moreover the training time increased greatly and

the test using 1024 neurons could not complete due to a limitation of the available resources.

Seq2Seq using bidirectional GRU and onehot encoding

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.4530 0.9308 2.0371 0.7102 1.3117 0.7910 0.4880

512 0.1935 0.9719 2.0379 0.7208 1.2388 0.8082 0.5380

Table 4.11: Metrics of a Seq2Seq model using bidirectional GRU and onehot encoding.

Bidirectional LSTM

A bidirectional LSTM encoder, with 128 neurons, produced the best BLEU score in these

experiments (table 4.12). However, an increase in the size of the encoder produced sub par

results. Μoreover, the training time was disproportional bigger and we could not finish the

training of the model with the 1024 neurons.
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Seq2Seq using bidirectional LSTM and onehot encoding

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.3428 0.9480 1.9449 0.1250 1.1654 0.8112 0.5866

512 0.1826 0.9733 2.1549 0.7015 1.1589 0.8157 0.4251

Table 4.12: Metrics of a Seq2Seq model using bidirectional LSTM and onehot encoding.

4.5.2 Embeddings

For the tests done with word level tokenization the size of embedding vectors was set to

300 because the max size of our vocabulary was approximately 23000 [].

GRU

The word level GRU models produced slightly better results (table 4.13) from the corre

sponding character level GRU model, with the best model reaching a BLEU score of 0.54.

Seq2Seq using GRU and embeddings

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.3924 0.9359 2.0540 0.7207 1.3092 0.7917 0.4722

512 0.1969 0.9678 1.9853 0.7372 1.1901 0.8127 0.5193

1024 0.0683 0.9917 2.0578 0.7416 1.1764 0.8208 0.5459

Table 4.13: Metrics of a Seq2Seq model using GRU and embeddings.

LSTM

Similar to the GRU models the LSTM models produced comparable BLEU scores (table

4.14), although slightly lower. The bestmodel was themiddle one, with 512 neuron, achieving

a BLEU score of 0.55.

Bidirectional GRU

The bidirectional GRU models produced similar results (table 4.15) with the unidirec

tional GRUmodels. In contrast to the bidirectional GRUmodels using onehot encoding, the

models using embeddings did not present a problem during training and all models was able

to be trained.
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Seq2Seq using LSTM and embeddings

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.2697 0.9556 1.8182 0.7376 1.0951 0.8202 0.5699

512 0.1142 0.9818 1.9015 0.7368 1.1262 0.8205 0.5523

1024 0.1333 0.9777 1.9661 0.7302 1.2105 0.8080 0.5205

Table 4.14: Metrics of a Seq2Seq model using LSTM and embeddings.

Seq2Seq using bidirectional GRU and embeddings

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.3827 0.9334 1.9373 0.7258 1.2474 0.7970 0.4697

512 0.0867 0.9885 2.0074 0.7322 1.1795 0.8143 0.5287

1024 0.0435 0.9947 2.1140 0.7344 1.2173 0.8171 0.5281

Table 4.15: Metrics of a Seq2Seq model using bidirectional GRU and embeddings.

Bidirectional LSTM

Similar to the character level tokenization, the bidirectional LSTM models produced the

best BLEU scores (table 4.16). The highest BLEU score reached is 0.5934, which is the

highest score considering all models.

Seq2Seq using bidirectional LSTM and embeddings

RNN Size Train loss Train acc. Val loss Val acc. Test loss Test acc. BLUE4

128 0.1771 0.9696 1.6653 0.7487 1.0129 0.8315 0.5893

512 0.0428 0.9948 1.9046 0.7377 1.0938 0.8266 0.5685

1024 0.0157 0.9987 1.9369 0.7469 1.0930 0.8347 0.5934

Table 4.16: Metrics of a Seq2Seq model using bidirectional LSTM and embeddings.

4.6 Reviewing the results

Based on the results from the previous section, we used the models that achieved the

best BLEU scores in order to observe how these models act given some inputs. We tried to

categorize the produced sentences so as to understand the particularities of each model.
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4.6.1 Onehot character level model

The best model, according to BLEU score, is the bidirectional GRU with 1024 neurons.

Below we demonstrate some typical sentences, with BLEU score more than 0.3, and their

translations.

Low BLEU score but understandable translation

Source: I know that you used to live in Boston.

Target: So che lei una volta viveva a Boston.

Predicted: So che hai venuto Boston.

BLEU score: 0.36

This is a sentence that although it has low BLEU score, the source sentence’s meaning is

captured and the goal, which is to transfer the meaning to the target language, is achieved.

Missing words

Source: Tom looked genuinely interested.

Target: Tom sembrava sinceramente interessato.

Predicted: Tom sembrava interessato.

BLEU score: 0.57

Source: Tom isn’t afraid of death.

Target: Tom non ha paura della morte.

Predicted: Tom non ha paura.

BLEU score: 0.47

In the above examples we can see that in the predicted sentences some words are miss

ing. For this reason the meaning of the sentences may be affected negatively, but in some

exceptional cases the words removed may not have a vital role in the sentence.

Spelling mistakes

Source: I think we need to find a new babysitter.

Target: Penso che dobbiamo trovare una nuova babysitter.

Predicted: Penso che bbbbiamo energiare di piaggua.

BLEU score: 0.40
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Source: Tom is already there, isn’t he?

Target: Tom e gia li, vero?

Predicted: Tom e gia le, vero?

BLEU score: 0.85

Due to the nature of the a character level model, spelling mistakes are quite often. This

happens because the network cannot learn the meaning of the words, but instead learns a

sequence of characters. However, as we can see above this may not cause serious problem in

some cases.

Perfect translation

Source: I’m not worried about Tom.

Target: Non sono preoccupato per Tom.

Predicted: Non sono preoccupato per Tom.

BLEU score: 1.00

Finally, this model can produce perfect translations even if sentences are unknown and

do not belong, as is, in the training dataset. However, this is quite rare.

4.6.2 Onehot word level model

According to the previous section the best model, that uses onehot encoding and word

level tokenization, is a bidirectional LSTMmodel with 128 neurons. Below we present some

example with the most common errors.

High BLEU score but wrong translation

Source: Tom wanted something cold to drink .

Target: Tom voleva qualcosa di freddo da bere .

Predicted: Tom voleva qualcosa da bere bere .

BLEU score: 0.75

Source: We ’ ve made a very interesting discovery .

Target: Abbiamo fatto una scoperta molto interessante .

Predicted: Abbiamo fatto una cosa molto interessante .

BLEU score: 0.83
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Something we noticed in this model is high BLEU scores on some sentences, but the

meaning of theses sentences is completely off. This happens due to the fact that a crucial,

to the meaning, word is missing from the predicted translation or it is replaced with another

irrelevant word. This may indicate a disadvantage to the BLEU algorithm.

Missing words

Source: I ’ ve already started reading that book .

Target: Ho gia iniziato a leggere quel libro .

Predicted: Ho gia iniziato a libro .

BLEU score: 0.59

Source: I wish I hadn ’ t looked out the window .

Target: Vorrei non aver guardato fuori dalla finestra .

Predicted: Vorrei non avere la finestra .

BLEU score: 0.50

Aswe can saw, in the onehot word level model, we observed again the issue with missing

words. This may have a negative effect to the meaning of the sentence but in some other cases

the meaning of the translation is preserved.

Rare words

Source: That doesn ’ t seem very hygienic .

Target: Non sembra molto igienico .

Predicted: Non sembra molto molto .

BLEU score: 0.66

Source: He was born in the 19th century .

Target: E nato nel diciannovesimo secolo .

Predicted: E nato nel nel .

BLEU score: 0.24

Another problem we observed in the translations, is that rare words are difficult to be

predicted by the model. These rare words are usually replaced by the preceding word of the

sentence. For this reason, these sentences are not understandable.
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Perfect translation

Source: I need a pair of new shoes .

Target: Ho bisogno di un nuovo paio di scarpe .

Predicted: Ho bisogno di un nuovo paio di scarpe .

BLEU score: 1.00

One positive aspect of this model is that it can also produce perfect translations like the

onehot character level model.

4.6.3 Embedding character level model

The model that reached the best BLEU score (0.47) using embeddings and character level

tokenization is a bidirectional LSTM model with 1024 neuron. The following sentences rep

resent some translations produced by the model.

Substitution with a derivative word

Source: Tom was able to pass the exam.

Target: Tom era in grado di superare l’esame.

Predicted: Tom e stato in grado di superare l’esame.

BLEU score: 0.81

Source: Tom hopes that Mary won’t do that.

Target: Tom spera che Mary non lo fara.

Predicted: Tom spera che Mary non lo fa.

BLEU score: 0.91

In the sentences above the translation meaning may differ from the target translation, but

the word used in the predicted translation is a derivative of the target word. The meaning of

sentences is captured, to some extent, although not completely.

Substitution with a irrelevant word

Source: I wonder if Tom is still depressed.

Target: Mi chiedo se Tom sia ancora depresso.

Predicted: Mi chiedo se Tom sia ancora sposato.
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BLEU score: 0.78

Source: Tom couldn’t have done this without me.

Target: Tom non avrebbe potuto fare questo senza di me.

Predicted: Tom non avrebbe potuto fare questo per me.

BLEU score: 0.79

A common occurrence in this model is to produce a correct translation except one single

word. This incorrect word changes completely the meaning of the sentence. However, most

of these sentence produce high BLEU score and this may skew the overall score higher.

Incorrect translations

Source: She has a son everybody loves.

Target: Ha un figlio che amano tutti.

Predicted: Ha un giornatore con veloce.

BLEU score: 0.23

Source: Could you talk a little slower?

Target: Potresti parlare un po’ piu lentamente?

Predicted: Potresti andare a piedi fino al biuo?

BLEU score: 0.27

Another interesting remark about thismodel is that despite the highBLEU score it achieved,

a big portion of the predicted translations have a very low BLUE score. Moreover, we can

observe that these translations are completely wrong, which is reflected on each sentence’s

scores.

Perfect translation

Source: The two kissed.

Target: I due si sono baciati.

Predicted: I due si sono baciati.

BLEU score: 1.00

This model is also capable of producing perfect translations like the previous onehot

models.
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4.6.4 Embedding word level model

The best BLEU score (0.59) using embeddings and word level tokenization was achieved

by a bidirectional LSTM model with 1024 neuron. Some example sentences are presented

bellow in order to demonstrate some common errors.

Substitution with a derivative word

Source: I ’ ll do your homework for you .

Target: Faro i tuoi compiti per te .

Predicted: Faro i miei compiti per te .

BLEU score: 0.83

In this model we also observed that some words got replaced by derivatives. In this in

stance ‘tuoi‘ got replaced by ‘miei‘, where both are possessive pronouns with the only dif

ference being the grammatical person.

Substitution with a irrelevant word

Source: I knew Tom wouldn ’ t enjoy the party .

Target: Sapevo che a Tom non sarebbe piaciuta la festa .

Predicted: Sapevo che Tom non sarebbe stato festa .

BLEU score: 0.67

Source: You like to hunt , don ’ t you ?

Target: Ti piace cacciare , vero ?

Predicted: Ti piace disegnare , vero ?

BLEU score: 0.71

In this case words are replaced by other words with a completely different meaning. These

sentences achieve high BLEU score but the overall meaning is quite different. However, there

are some examples where these words are essential for the meaning of the sentence but in

rare cases these words may not effect the meaning negatively.

Missing words

Source: I don ’ t want to be involved in this affair .
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Target: Non voglio essere coinvolto in questo affare .

Predicted: Non voglio essere coinvolto .

BLEU score: 0.55

Source: We hope it doesn ’ t happen again .

Target: Speriamo che non capiti ancora .

Predicted: Speriamo che non capiti .

BLEU score: 0.74

We observe, in this model, that many sentences got translated only in part. Most of them

only have a few of the first words translated correctly the rest of the sentence is missing.

This may have a negative effect to the meaning of the sentence but in some other cases the

meaning of the translation is preserved.

Rare words

Source: Tom is a very good dancer , isn ’ t he ?

Target: Tom e un ballerino molto bravo , vero ?

Predicted: Tom e un molto molto , vero ?

BLEU score: 0.57

In addition to these cases there are some sentences that contains rare words. The model

produces predictions that do not approach the target translation. Rare words are difficult to

be predicted due to their low presence in the training data.

Perfect translation

Source: I really like to read .

Target: Mi piace davvero leggere .

Predicted: Mi piace davvero leggere .

BLEU score: 1.00

Source: Tom often helps me in the garden .

Target: Tom mi aiuta spesso in giardino .

Predicted: Tom mi aiuta spesso in giardino .

BLEU score: 1.00
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Finally, the model managed to produce perfect translations, more than any other model,

and approximately 10% of the sentences achieved a BLEU score of 1.



Chapter 5

Conclusions

In this chapter we will summarize our research on the neural machine translation domain

and the results from our experiments using Seq2Seq models with different hyperparameters

and architectures.

5.1 Summary and conclusions

The Seq2Seq architecture is a very interesting architecture that enables us to predict a se

quence given another sequence. In this thesis we used this architecture for the task of neural

machine translation. This task requires many choices that effect how the model works and

involves some preprocessing steps. Character level or word level tokenization are two cate

gories that we tested in order to observe the advantages and disadvantages of each method.

Furthermore, we explored two different encoding techniques for the created tokens, either

using embedding vectors or onehot vectors.

After some extensive testing we came to some interesting conclusions. The best Seq2Seq

model, according to BLEU score, was using word level tokenization, embedding vectors

and bidirectional LSTM networks for the encoder and the decoder with 1024 neuron. This

model achieved 0.5934 BLEU score and that means very high quality, adequate, and fluent

translations.

Generally speaking the average BLEU score of the character level models was approxi

mately 0.2 lower than word level models, but this may not reflect the real performance of the

model. Due to the fact that character level models predict characters, spelling mistakes are

not a rare occurrence. BLEU score calculates ngrams of words and for this reason spelling

45
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mistakes that change even a single letter in a word would produce a lower score. On the other

hand word level models face problems with rare words, because there are limited usages

of these words our the dataset. This probably can be solved by using a bigger dataset with

more diverse vocabulary. Moreover, due to the preprocessing required by word level mod

els spaces are introduced in the translated sentence between words and stopwords. However,

our final observation is using word level tokenization produces better translations in compar

ison to character level tokenization , but word level tokenization may not be not be always

feasible especially with huge vocabularies.

Comparing the two different encoding techniques we did not observe many differences

in the translations produced. However the models that used embedding vectors was able to

learn some relations between words. This can result in the model replacing the original words

with derivative words without making big difference to the meaning.

Analyzing further the models we can draw conclusions about the performance of each

recurrent network type and the encoding used. Simple GRU and LSTM networks had low

BLEU score and only achieved average scores using the highest number of neuron, irrele

vant of the encoding used. The best performance was achieved using bidirectional models as

expected. Moreover, the size of the model influenced the scores directly but not in all cases.

Usually, the best model was the one with the highest number of neuron except when using

word level tokenization and onehot encoding where the model with 128 neurons performed

the best. The complexity of the model and thus the training time and the inference time is

highly related to the size of the networks and the type of the encoding used. As we can see,

in the following tables (5.1, 5.2), doubling the size of the model exponentially increases the

number of it’s parameters. More specifically, in the model that uses onehot encoding the

vocabulary size has a huge impact on the number of parameters, while using embedding the

created model is not effected that much.

5.2 Future prospects

In this thesis we described the ordinary Seq2Seq model and it’s applications in neural

machine translation. However, we can at temped to improve it in variousway. One simpleway

is to usemultiple layer in the encoder and decoder, however thismay not impact BLEU scores.

Furthermore, we can implement attention in a Seq2Seqmodel. Using attention, themodel will
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Parameters versus size

Size LSTM  CL BILSTM  CL LSTM  WL BILSTM  WL

128 226,130 583,250 22,703,010 45,513,890

512 2,477,138 7,051,346 92,315,298 186,704,546

1024 9,148,498 26,685,522 188,801,698 385,968,802

Table 5.1: Complexity of a Seq2Seq model using LSTM or BILSTM and onehot encoding.

CL: Character Level, WL: Word Level

Parameters versus size

Size LSTM  CL30 BILSTM  CL30 LSTM  WL300 BILSTM  WL300

128 178,284 482,668 14,903,754 18,443,978

512 2,271,084 6,634,348 26,704,074 44,010,698

1024 8,731,500 25,846,636 46,107,850 89,109,706

Table 5.2: Complexity of a Seq2Seq model using LSTM or BILSTM and embedding encod

ing. CL: Character Level, WL: Word Level

be able produce better and more accurate translations without increasing the complexity. In

addition, we can also change the way the predicted translated sentence is created. To create

a translation we have to find the best combination of tokens. However, these tokens will not

always be the ones with the highest probability and to solve this problem we can introduce

the beam search algorithm. Finally, to deal with the neural machine translation task, we can

introduce another another family of models called transformer models [39]. These models

are based on attention and do not require to process the data in order. This can lead to faster

training time and better results.
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