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Abstract

In light of the rapid developments in the field of artificial intelligence, real-time voice
translation technologies have become a pivotal tool for bridging linguistic and cultural gaps
between individuals. This project aims to develop an intelligent voice assistant capable of
real-time speech translation between French and English, while maintaining accuracy, con-
text, and meaning. The system is based on a Transformer architecture and combines tech-
niques such as Automatic Speech Recognition (ASR), Neural Machine Translation (NMT),
and Text-to-Speech (TTS). Translation models have been trained on a custom dataset using
fine-tuning techniques to enhance performance in real-world use cases. The work also included
a thorough evaluation of model performance using metrics such as accuracy and BLEU, which
demonstrated promising results surpassing some common systems. This project highlights the
advanced potential of integrating artificial intelligence in building effective and multilingual

communication tools.

Keywords: Large Language Models (LLMs), Transformers, Legal LLMs, Legal Al, Pre-

Training, Fine-Tuning.
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Résumé

Avec I’évolution rapide de I’intelligence artificielle, les technologies de traduction vocale
en temps réel sont devenues des outils essentiels pour surmonter les barrieres linguistiques et
cul- turelles. Ce projet vise a développer un assistant vocal intelligent capable de traduire la
parole entre le francais et 1’anglais avec précision, tout en respectant le contexte et le sens sé-
mantique.

Le systeme repose sur une architecture de type Transformer et integre des technologies telles
que la reconnaissance automatique de la parole (ASR), la traduction automatique neuronale
(NMT) et la synthese vocale (TTS). Des modeles de traduction ont été ajustés (fine-tuning) sur
un jeu de données bilingue spécifique afin d’améliorer leur performance dans des situations
réelles. Le projet comprend également une évaluation rigoureuse des performances en utilisant
des métriques telles que la précision et le score BLEU, montrant des résultats prometteurs, sou-
vent supérieurs a ceux de certains systemes populaires. Ce travail met en lumiere le potentiel
des solutions basées sur I'IA pour permettre une communication vocale multilingue fluide et

efficace.

Mots clés: Grands modeles de Language (LLM), transformateurs, LLM juridiques,IA ju-

ridique, pré-entrainement, Fine-Tuning,.
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General Introduction

1. Context:
In today’s globalized world, communicating over diverse dialects has ended up a genuine chal-
lenge. Whether in trade, instruction, or way of, life individuals frequently have to be get it
and connected with others who talk diverse dialects. Much obliged to propels in innovation,
particularly in machine interpretation, it’s presently conceivable to bridge these dialect crevices
more effectively than ever some time recently. Transformer models have appeared awesome
guarantee in making interpretations speedier and more exact.
2. Problem Statement
Indeed with all these advancements, machine interpretation still faces a few imperative ob-
stacles. Interpreting talked dialect in real-time is particularly dubious since it requires under-
standing setting, dealing with diverse complements or lingos, and managing with foundation
clamor. These components regularly make it difficult to convey smooth and characteristic in-
terpretations that truly capture the meaning of what’s being said. So, the address is:
How can we construct a voice interpretation framework that not as it were interprets precisely
but moreover sounds characteristic and keeps the meaning intaglio, indeed when managing
with real-world discourse challenges?
3. Objective:
This project centers on making a bilingual voice interpretation framework that works between
French and English utilizing Transformer-based models. The objective is to combine state-of-
the-art discourse acknowledgment, interpretation, and text-to-speech advances into one consis-
tent application. We’ll too see at how to fine-tune the show and assess its execution to ensure it
meets tall measures.
4. Report Structure:

This report consists of several chapters that detail each phase of the project:



LIST OF FIGURES

Chapter 1: Introduction to Transformer models and natural language processing concepts.
Chapter 2: Overview of speech recognition and speech synthesis technologies used in the sys-
tem.

Chapter 3: Implementation,Description of the system design, architecture, and technical choices.
Chapter 4: optimization, and evaluation of the translation model, along with experimental re-

sults.



Chapter 1

Models and architectures of natural

languge processing

1.1 Introduction

Natural language processing (NLP) is based on advanced signs, and a great part of the inte-
gration of linguistic models that exist. The largest language models (LLMs) are a transformer
driver, adjusting our keyboard interface, and interacting with the language. This chapter exam-
ines the NLP principles and linguistic models, and details the LLM, the importance of multiple
applications. By analyzing the basic mechanics, noting the architecture transformer, and in a
category of different LLM classes, this will help to capture a vision approximating the influence

of these models on the development of communication and technologies.

1.2 Models and architectures of natural languge processing

1.2.1 Natural language processing (NLP)

NLP is a field that combines artificial intelligence (Al), linguistics, and computer science
and explores how computers can be used to understand, interpret, and generate natural language
text or speech in a way that is both meaningful and useful . NLP can be divided into two main

subfields: [1]



1.2. MODELS AND ARCHITECTURES OF NATURAL LANGUGE PROCESSING

1.2.2 Natural Language Understanding (NLU)

A subset of natural language processing that ascertains a sentence’s meaning through the
syntactic and semantic analysis of speech and text. Semantics suggests the intended meaning

of a sentence, whereas syntax describes the grammatical structure of a sentence.

1.2.3 Natural Language Generation (NLG)

Another part of natural language processing is natural language generation. While natural
language understanding conce ntrates on computer reading comprehension, NLG can generate
a text response in human language and enable computers to write new text based on specific

input data.

sc’ﬁé})rce

NL
N LG Nstura[ L anq

nd
Natural Language ®Stang

Generation

Figure 1.1: NLP
(2]

1.2.4 Language models

The study of language modeling has a long history; it began in the 1950s when Shannon

applied information theory to human language and measured the predictive and compressive
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1.2. MODELS AND ARCHITECTURES OF NATURAL LANGUGE PROCESSING

powers of simple N-gram language models [3]. Statistical language modeling has been used
ever since and has become essential for many tasks involving generating and comprehend-
ing natural language. Language Models can be categorized into four categories: statistical
language models, neural language models, pre-trained language models, and large language

models (Minaee et al., 2024)[4].

1.2.4.1 Statistical language models (SLMs)

This type of model proceeds text as a sequence of words to estimate the probability of text
by using the product of the word probabilities. The most common types of SLMs are Markov
chain models or N-gram models. These models calculate a word’s probability based on the n-1

words that come right before it (S. F. Chen Goodman, 1999).

1.2.4.2 Early neural language models (NLMs)

NLMs (Bengio et al., 2000; Schwenk et al., 2006[5]) mapped words to low-dimensional
continuous vectors (embedding vectors) and used neural networks to predict the next word
based on the sum of the embedding vectors of the words that came before it. The embedding
vectors define a hidden space in which it is easy to calculate the distance between vectors
based on their semantic similarity. They are task-specific models because NLMs are trained on

task-specific data and have a task-specific learned hidden space.

1.2.4.3 Pre-trained language models (PLMs)

Unlike early NLMs, pre-trained language models (PLMs) are task-agnostic. Additionally,
they learned a hidden embedding space. PLMs are trained and inferred according to the pre-
training and fine-tuning paradigm: language models with transformers (Devlin,2018; Liu et al.,
2019)[6] [7]or recurrent neural networks (Sarzynska-Wawer et al., 2021)[&] are pre-trained on
web-scale unlabeled text corpora for generic tasks like word prediction, and are then fine-tuned

to specific tasks using tiny amounts of (labeled) task-specific data.

1.2.4.4 Large language models (LLMs)

Mostly refer to transformer-based neural language models, which have tens to hundreds
of billions of parameters and are pre-trained on enormous amounts of text data like PaLM

(Chowdhery et al., 2023)[9], LLaMA (Touvron et al., 2023)[10], and GPT-4 (Achiam et al.,

6



1.3. LARGE LANGUAGE MODELS USE CASES AND TASKS

2023). These models can comprehend and produce natural language text and other types of
content because they have been trained on a vast amount of data, allowing them to carry out

various tasks.

1.3 Large Language Models use cases and tasks

Large Language Models (LLMs) have gained widespread recognition due to their ability
to efficiently handle various Natural Language Processing (NLP) tasks, including: Text Gen-
eration: LLMs can generate coherent and contextually relevant text based on the topics they
have been trained on. Conversational AI Chatbots: These models facilitate smoother and more
natural interactions with users compared to earlier Al technologies. Translation: Multilingual
LLMs can accurately translate text between different languages. Summarization: LLMs can
condense lengthy passages or entire documents into concise summaries without losing essential
meaning. Classification Categorization: These models can organize and classify content based
on predefined categories. Sentiment Analysis: LLMs can assess the sentiment of text, helping
users interpret the underlying emotions or tone. Information Retrieval: They can search within
documents, across multiple documents, or retrieve relevant metadata. Named Entity Recogni-
tion (NER): LLMs can identify and classify specific entities such as names, dates, and locations
within text. Question Answering: These models provide accurate and relevant responses to user

queries. The following figure illustrates the main areas of use for LLMs..
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1.4 How LLMs work - Transformer Architecture

1.4.1 Generating Text with RNN and LSTM

The ability to generate coherent and contextually relevant text has long been a benchmark
for progress in natural language processing (NLP). Before the rise of Transformer-based mod-
els, Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks were
among the most influential architectures for tackling text generation challenges. These models
laid the groundwork for many subsequent advancements in NLP. However, traditional RNNs
face significant challenges, particularly due to vanishing and exploding gradients, which hin-
der their ability to capture long-range dependencies within sequences. As a result, their per-
formance declines in tasks requiring deep contextual understanding. LSTMs were designed to

mitigate some of these issues by introducing mechanisms for better handling long-term depen-

8



1.4. HOW LLMS WORK - TRANSFORMER ARCHITECTURE

dencies. Despite these improvements, they still struggle with very long sequences, as the likeli-
hood of retaining relevant information decreases exponentially with increasing word distance.
Moreover, the sequential nature of RNNs and LSTMs makes them less efficient in modeling
complex interactions in text. This also limits their ability to take advantage of parallel comput-

ing, making them less efficient compared to more modern architectures like Transformers.

1.4.2 Transformer Architecture

The landscape of NLP underwent a major transformation in 2017 with the introduction of
the Transformer architecture, as presented in the groundbreaking paper “Attention is All You
Need” by Vaswani et al. This innovation, developed by Google and the University of Toronto,
laid the foundation for the impressive advancements in generative Al that we see today. The
Transformer model revolutionized NLP by leveraging multi-core GPUs, enabling parallel pro-
cessing of input data, and utilizing larger training datasets. More importantly, it introduced an
efficient mechanism for learning and interpreting the contextual meaning of words. At the core
of the Transformer architecture are two primary components: The Encoder The Decoder These
components share a symmetrical structure and several common features, with slight modifica-
tions tailored to their respective roles in tasks such as text generation and machine translation.
This innovative approach has significantly enhanced the efficiency and scalability of NLP mod-
els, shaping the future of Al-driven language understanding.[!2]

Encoder

The encoder in the Transformer model consists of N = 6 identical layers, each composed of two
key sub-layers. The first sub-layer implements a multi-head self-attention mechanism, while
the second sub-layer is a fully connected feed-forward network. To enhance learning stabil-
ity, residual connections are applied around both sub-layers, followed by layer normalization
(Vaswani et al., 2017). This ensures that the output of each sub-layer follows the formula: Lay-
erNorm(x+Sublayer(x)) Where Sublayer(x) represents the function executed by the respective
sub-layer. To maintain consistency across the model, the embedding layers and all sub-layers
generate outputs with a fixed dimensionality of dd = 512.

Decoder

The decoder in the Transformer model consists of N = 6 identical layers, similar to the en-
coder. However, unlike the encoder, each decoder layer contains an additional third sub-layer

that performs multi-head attention over the encoder’s output. Just like in the encoder, resid-



1.4. HOW LLMS WORK - TRANSFORMER ARCHITECTURE

ual connections are applied around each sub-layer, followed by layer normalization to stabilize

training and improve gradient flow. A key modification in the decoder’s self-attention sub-layer

is the use of masking, which prevents positions from attending to future positions. This ensures

that predictions for position i depend only on the outputs of positions before i, maintaining the

auto-regressive nature of text generation.

The original transformer architecture is represented in Figure 1.3
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Figure 1.3: Transformer Architecture
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1.4. HOW LLMS WORK - TRANSFORMER ARCHITECTURE

After establishing a general understanding of the Transformer architecture, it’s essential to
take a closer look at the encoder and decoder components to grasp their internal mechanisms
more effectively. However, before delving into the specifics of encoder and decoder layers, it’s

important to first understand the following key concepts.

1.4.2.1 Tokenization:

Before feeding text into the encoder or decoder stack, it must first be tokenized. Tokeniza-
tion is the process of converting words into numerical representations, where each number
corresponds to a specific position in a predefined vocabulary that the model can recognize and
process. This step is crucial in any NLP pipeline, as it directly influences the overall perfor-
mance of the model. A tokenizer segments raw, unstructured text into manageable units, treat-
ing each as a distinct element for further processing. Once the input has been transformed into
numerical tokens, these values are then passed to the embedding layer, which further refines

their representation before they enter the Transformer model.

1.4.2.2 Embedding layer:

In the Embedding Layer, each token is represented as a vector and has a distinct place inside
the high-dimensional trainable vector embedding space, which is the Embedding Layer. Since
each token ID in the vocabulary is matched to a multidimensional vector, these vectors pick up
the ability to encode the context and meaning of individual tokens in the input sequence. The

vector size in the original Transformer article was 512.

1.4.2.3 Positional Encoding:

The encoder layer converts input sequences into a continuous, abstract representation that
encapsulates contextual information learned throughout the sequence (Vaswani et al., 2017).
This layer comprises two essential sub-modules: Multi-head self-attention mechanism — Al-
lows the model to focus on different parts of the input sequence simultaneously. Fully con-
nected feed-forward network — Processes and refines the extracted features from the attention
mechanism. Additionally, residual connections are incorporated around each sub-layer to fa-

cilitate better gradient flow, followed by layer normalization to enhance training stability.
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1.4. HOW LLMS WORK - TRANSFORMER ARCHITECTURE

1.4.3 Stack of Encoder Layers

The encoder layer converts input sequences into a continuous, abstract representation that
encapsulates contextual information learned throughout the sequence (Vaswani et al., 2017).This

layer comprises two essential sub-modules:

1.4.3.1 Multi-head self-attention mechanism

— Allows the model to focus on different parts of the input sequence simultaneously.

1.4.3.2 Fully connected feed-forward network

Processes and refines the extracted features from the attention mechanism.
Additionally residual connections are incorporated around each sub-layer to facilitate better

gradient flow, followed by layer normalization to enhance training stability.

1.4.3.3 output of the Encoder

A collection of vectors, each of which represents the input sequence with a deep awareness
of context, is the final encoder layer’s output. After that, this output is sent to a transformer
model’s decoder. When it comes time to decode, this careful encoding sets the path for the

decoder by guiding it to pay attention to the appropriate words in the input.

1.4.4 Stack of Decoder Layers

A stack of identical layers makes up the decoder (6 in the original Transformer concept).

All layers consist of three primary sub-components:

1.4.4.1 Masked Self-Attention Mechanism:

In the decoder, the self-attention mechanism is modified with masking so that each token
can only attend to positions that come before it. This ensures that future tokens do not influence
the current prediction. In practice, this is implemented within the scaled dot-product attention
by assigning a value of negative infinity () to any connections with tokens that follow, thereby

maintaining the auto-regressive property.
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1.5. TRANSFORMER MODEL TYPES

1.4.4.2 Encoder-Decoder Multi-Head (Cross) Attention:

The second multi-head attention layer in the decoder creates a bridge between the encoder
and decoder. Here, the decoder’s masked self-attention output serves as the values, while the
encoder’s outputs function as both the queries and keys. This cross-attention mechanism allows
every position in the decoder to consider all positions from the input sequence, and a subsequent

pointwise feedforward layer further refines this integrated information.

1.4.4.3 Feed-Forward Neural Network:

Like the encoder, every decoder layer has a fully linked feed-forward network that is Ap-
plied to every location in the same way, independently.
Generating Word Predictions with Linear Layer and Softmax In transformer models, the final
linear layer functions as a classifier that maps model outputs to the vocabulary space. Its size
equals the total number of words in the vocabulary—each output corresponds to one word. For
example, if the vocabulary contains 1000 words, the output of this layer will be a vector of size
1000. This vector is then passed through a softmax function, which transforms the raw values
into probability scores between 0 and 1. The word with the highest probability score is selected

as the model’s prediction for the next word in the sequence.

1.4.4.4 Generating Word Predictions with Linear Layer and Softmax

In transformer models, the final linear layer functions as a classifier that maps model outputs
to the vocabulary space. Its size equals the total number of words in the vocabulary—each
output corresponds to one word. For example, if the vocabulary contains 1000 words, the output
of this layer will be a vector of size 1000. This vector is then passed through a softmax function,
which transforms the raw values into probability scores between 0 and 1. The word with the

highest probability score is selected as the model’s prediction for the next word in the sequence.

1.5 TRANSFORMER MODEL TYPES

The transformer models are divided into 3 main types: Encoder-Only, Encoder-Decoder,

and Decoder-Only models.

Figure 1.4 represents the transformer model types with their tasks and examples.
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1.5. TRANSFORMER MODEL TYPES

Transformers

ONLY

auto-encoding
models

Sentence classification
Named entity
recognition

Extractive question-
answering

Masked language
modeling

BERT, RoBERTa, distilBERT

DECODER ENCODER-
ONLY DECODER

auto-regressive sequence-to-
models sequence models

+ Text generation + Translation
* Causal language * Sumrarization
modeling » Generative guestion-
answering

GPT-2, GPT Neo, GFT-3 BART, T5, Marian

Figure 1.4: The transformer model types with their tasks and examples (Comet)

[14]
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Chapter 2

Voice assistant processing

2.1 Introduction

Machine voice translation represents one of the most impactful applications of artificial
intelligence in bridging linguistic and cultural gaps. This chapter presents a comprehensive
overview of fundamental concepts related to translation in general and machine translation in
particular, with a focus on the technologies behind intelligent voice assistants. It also highlights
the advantages of these systems, the challenges they face, and the methods used to enhance
translation quality and evaluate performance. Additionally, the chapter includes examples of
well-known applications such as Google Translate and Microsoft Translator, placing the project

within a broader practical context.

2.2 Definition of some concepts:

2.2.1 Translation :

The art of translation involves attempting to convey the same idea or statement in another
language in place of one that is written in that other language. Meanwhile, (Iordan, 2021),
translation is one of the oldest occupations of man. Language barriers led to this difficult but
necessary task that has contributed to facilitating intercultural dialogue and the exchange of

spiritual values (Alansary, A. M., 2014).[? ]
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2.2. DEFINITION OF SOME CONCEPTS:

2.2.2 Machine translation:

Machine translation is a subfield of computational linguistics that investigates the use of
software to translate text or speech from one natural language to another. On a basic level, MT
performs simple substitution of words in one natural language for words in another, but that
alone usually cannot produce a good translation of a text, because recognition of whole phrases

and their closest counterparts in the target language is needed (Alansary, A. M. 2014).[15]

2.2.3 Advantages of machine voice translation:

Here are the advantages of the machine voice translation
Real-time translation: Enables instant communication without noticeable delays, reducing lan-

guage barriers.

Contextual and semantic preservation: Large Language Models (LLMs) produce transla-

tions that maintain the meaning and context of spontaneous speech.

Multimodal interaction support: Integration with other modalities (e.g., text, visuals) en-

hances the user experience.

Improved accessibility for people with disabilities: Assists users who are visually impaired

or have difficulty reading or writing.

Fine-tuning capabilities: Models can be adapted to specific domains or use cases, improving

performance in specialized contexts.

2.2.4 Fine-tuning the models :

Fine-tuning is a concept of transfer learning. Transfer learning is a machine learning tech-
nique where knowledge gained during training in one type of problem is used to train in other
related tasks or domains (Pan and Fellow, 2009). In deep learning, the first few layers are
trained to identify features of the task. During transfer learning, you can remove the last few
layers of the trained network and retrain with fresh layers for the target job. Fine-tuned learning
experiments require a bit of learning, but they are still much faster than learning from scratch
(Mohanty et al., 2016). Additionally, they are more accurate compared to models trained from

scratch.
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2.3. MACHINE VOICE TRANSLATION ASSISTANT

2.2.5 Sequence to sequence architecture

According to Sutskever, Vinyals, and Le (2014), the sequence-to-sequence (Seq2Seq) ar-
chitecture is a general framework for transforming one sequence into another using neural net-
works. It consists of two main components: an encoder and a decoder. The encoder is typically
a multilayered Long Short-Term Memory (LSTM) network that reads and encodes the input
sequence into a fixed-length vector. The decoder, another LSTM network, takes this vector
and generates the output sequence step-by-step. This architecture enables the model to han-
dle variable-length input and output sequences, making it especially suitable for tasks such as
machine translation. Later extensions to the architecture introduced an attention mechanism,
allowing the model to focus on relevant parts of the input sequence during decoding, which

significantly improves performance for longer sequences.

2.3 Machine Voice Translation Assistant

2.3.1 Speech Recognition Systems (ASR):

Systems have moved from traditional methods to comprehensive models based on tech-
niques such as CTC and Sequence-to-Sequence with advanced mechanisms such as the atten-

tion mechanism. The latter has led to increased accuracy in converting speech to text.

2.3.2 Self-Supervised and Unsupervised Learning:

Thanks to techniques such as Wav2Vec 2.0 and HuBERT, we were able to extract accurate
speech representations from large amounts of data. This led to improved speech recognition

performance in various conditions.

2.3.3 Advanced Transformer Models:

Models such as Conformer, which integrate transformer layers with convolutional layers,
have emerged to better capture both local and global features in speech signals. This integration

helps in handling noise and the variability in dialects. [16]
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2.4. PROBLEMS WITH VOICE TRANSLATION:

2.3.4 Speech Translation:

Speech translation is the process by which spoken phrases are instantly translated and spo-
ken aloud into a second language. Models like OpenAl’s Whisper represent a paradigm shift in
speech translation. They combine machine translation and speech recognition technology into
a unified model, enabling accurate and instant translation between languages such as French

and English.

2.3.5 Text-to-Speech (TTS):

With the latest advancements in technology, there has been a significant development in
converting text to speech, using modern models based on transformers that produce natural
voices similar to human voices. Most of these developments are widely used in interactive

applications or voice assistants.

Overall, these developments have contributed to enhancing the accuracy and efficiency of
speech recognition and translation systems. They have also paved the way for future inno-
vations that integrate speech technologies and artificial intelligence to provide an interactive

experience that is as smooth and natural as possible.

2.4 Problems with voice translation:

Voice translation faces several challenges that can significantly affect its accuracy. One
common issue is literal or word-by-word translation, which often ignores the broader context
of the conversation. Additionally, the system may misinterpret accents or dialects spoken by
users, leading to inaccurate translations. Furthermore, the substantial grammatical differences
between the source and target languages can result in incorrect sentence structures. Lastly,
environmental factors such as background noise or rapid speech can degrade the overall quality

of the translation.

2.5 Translation Quality Improvement and Evaluation

The model’s performance was assessed using three main metrics, which were calculated

and tracked at the end of each training epoch to closely monitor translation quality:
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2.6. RELATED WORK

2.5.1 Loss Function:

The loss function measures the error made by the model during training. A gradual decrease
in loss indicates improved learning of the mapping between source and target sentences. It

serves as a fundamental metric to guide the learning process.

2.5.2 Accuracy:

Accuracy represents the percentage of correctly predicted tokens. It provides a general
measure of the model’s capability to produce correct outputs, though it is not sufficient on its

own to assess the linguistic or contextual quality of translations.

2.5.3 BLEU Score:

The BLEU (Bilingual Evaluation Understudy) score is a widely used quantitative metric
for evaluating machine translation quality. It compares the model-generated translation with a
human reference translation and computes the degree of overlap. This score was automatically

calculated at the end of each epoch to monitor translation quality over time.

2.6 Related work

2.6.1 Google Translate

Description and Features: Google Translate is a free, widely used translation service that
supports over 100 languages. It allows for text, voice, image, and even website translations.
Google Translate offers fast and accurate translations, making it a convenient tool for every-
day use. Its integration with Google services further enhances its functionality, allowing for
real-time translation with both text and voice recognition. Additionally, it supports offline

translations for certain languages by downloading language packs
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X, Texte M Images B Documents BN Sites Web

Détecter la langue Frangais Anglai: A « Arabe Frangais Anglais A

Traduction

g 0/5000 v

Figure 2.1: Google Translate

2.6.2 Microsoft Translator

Description and Features: Microsoft Translator is an Al-powered translation tool that pro-
vides text, voice, and image translations. It supports over 60 languages and integrates seam-
lessly with Microsoft products like Office and Skype, making it particularly useful for business
and professional environments. Microsoft Translator also offers real-time speech translation,
ideal for multilingual conversations. Users can also customize translations for specific con-

texts, ensuring better accuracy. The app works across various devices, allowing for translations

during meetings and collaborative work.

B Microsoft

Translator

Figure 2.2: Microsoft Translator
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2.6. RELATED WORK

2.6.3 SayHi Translate

Description and Features: SayHi Translate is a user-friendly mobile app that provides real-
time speech and text translations. It supports over 100 languages and is designed for easy use,
making it perfect for travelers and those engaging in multilingual communication. With the
ability to translate both speech and text, SayHi facilitates smooth communication in multiple
languages. The app also offers customization options for speech speed and accent, allowing for

a personalized experience based on the user’s preferences.

= Tap To Talk Q0 m
ENGLISH — ESPARD

Nom nom nom nNo now.

MNom nom nom no ahora.

Please visit my abida.com.

Visite mi abida.com.

Please visit malavida.com.

Visite malavida.com.

¥ English Espanol W

Figure 2.3: SayHi Translate
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2.7. CONCLUSION

2.7 Conclusion

This overview demonstrates that machine voice translation relies on a synergy of machine
learning techniques, deep language models, and advanced architectures such as Seq2Seq and
Transformers. Despite challenges related to accuracy, context, and dialects, advancements in
modern models like Whisper and Wav2Vec2 highlight a promising future for this domain.
Moreover, evaluating translation quality using metrics such as loss, accuracy, and BLEU of-
fers an objective framework for performance analysis and continuous improvement. This the-
oretical and practical foundation underpins the development of the voice translation assistant

presented in this project.
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Chapter 3

implementation

3.1 Introduction

This section of the project focuses on the practical aspects of developing an intelligent mo-
bile application for speech translation. It includes training translation models using custom data
and fine-tuning techniques, as well as integrating speech-to-text and text-to-speech functional-
ities within a Flutter environment. User interfaces were also designed to provide a smooth and
interactive experience, enhancing the system’s ability to deliver accurate translation and natural

voice interaction.

3.2 application tools

3.2.1 Android:

Android is an open source operating system built on top of Linux. It powers a plethora
of devices, from smart phones to tablets to gaming consoles (along with a vast array of other
consumer electronics). According to the International Data Corporation, Android had over 70
percent market share for worldwide smartphones in the last quarter of 2012, so developing for

this platform has the potential to reach a very large number of mobile users[ 7]
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3.2. APPLICATION TOOLS

3.2.2 SDK:

A software development kit (SDK) is a set of software tools and programs provided by hard-
ware and software vendors that developers can use to build applications for specific platforms.

SDKs help developers easily integrate their apps with a vendor’s services| | 8]

3.2.3 Android studio:

Android Studio is the official integrated development environment (IDE) for Android ap-
plications. Based on the powerful development and code editing tool IntelliJ IDEA, An-
droid Studio offers even more features that enhance your productivity when creating Android

applications.[ 9]

Figure 3.1: Android studio

3.2.4 Dart:

Dart is a client-optimized language for developing fast apps on any platform. Its goal is
to offer the most productive programming language for multi-platform development, paired
with a flexible execution runtime platform for app frameworks. Dart also forms the founda-
tion of Flutter. Dart provides the language and runtimes that power Flutter apps, but Dart
also supports many core developer tasks like formatting, analyzing, and testing code sks like

formatting,analyzing, and testing code.[20]
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3.2. APPLICATION TOOLS

Figure 3.2: Dart

3.2.5 Flutter:

Flutter is a cross-platform UI toolkit that is designed to allow code reuse across operating
systems such as i0OS and Android, while also allowing applications to interface directly with
underlying platform services. The goal is to enable developers to deliver high-performance
apps that feel natural on different platforms, embracing differences where they exist while

sharing as much code as possible.[21? ]

Figure 3.3: Flutter
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3.2. APPLICATION TOOLS

3.2.6 Visual Studio Code:

Visual Studio Code is a lightweight but powerful source code editor which runs on your
desktop and is available for Windows, macOS, and Linux. It comes with built-in support for
JavaScript, TypeScript, and Node.js and has a rich ecosystem of extensions for other languages
and runtimes (such as C++, C, Java, Python, PHP, Go, NET). It is highly customizable and

supports a wide range of programming languages[27]

Figure 3.4: Visual Studio Code

3.2.7 Python:

is a high-level, interpreted programming language designed for readability, simplicity, and
broad applicability. It supports multiple programming paradigms, including procedural, object-
oriented, and functional programming. Python is widely used across domains such as web de-
velopment, data science, artificial intelligence, and automation. Its extensive standard library
and active ecosystem of third-party packages make it a versatile tool for rapid application de-
velopment. Additionally, Python is cross-platform, running seamlessly on Windows, macOS,

and Linux systems.[23]
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Figure 3.5: python
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3.3. OVERVIEW OF OUR APPLICATION

3.3 Overview of our application

3.3.1 Home page

17:36 i Sl B
Translatore Translatore FUI A O G
Voice Translator Voice Translator
Speak or type to translate between languages Speak or type to translate between langudages
& From A4 To
e
E Engl.w F  Fren..»
# Original Text &
Enter Lext or lap the rr!i{::'(.\phnnt.— {a]
speak
o3 Translate

& Speak

Figure 3.6: Dark Mode Figure 3.7: Light Mode

Main Interface Description — Voice Translator Application
The main interface of the Voice Translator application features a modern and elegant design
that relies on light blue tones, providing a smooth and comfortable user experience. At the top

of the screen, the application name "Translatore" appears, followed by three functional icons:
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3.3. OVERVIEW OF OUR APPLICATION

* « History Icon: Allows the user to access the record of previously made translations.

» Server Settings Icon: Provides access to manage the server connection or cloud service

settings related to translation.

* Dark Mode Icon: Enables the user to switch between light and dark modes depending on

the lighting environment.

Below the title bar is the main translation section, where users can select the source language
(From) and the target language (To) through stylish dropdown menus. A circular button in the
center allows quick switching between the two languages.

Next is the input section titled "Original Text", where users can type the text or use the micro-
phone icon to speak directly.

There is a "Translate" button to convert the input from the original language to the selected
target language, as well as a large "Speak" button at the bottom, which is used to activate the

voice translation feature easily.

3.3.2 The app barre

The app bar of the Translatore app is sleek and functional, set against a solid blue back-
ground. On the left, the app name "Translatore" is displayed in bold white text, clearly indicat-

ing the app’s identity. On the right, there are three icons

* The first icon (a clock with an arrow) represents the history feature, allowing users to

view past translations.

* The second icon (a gear) is for settings, where users can adjust app preferences like

default languages or notifications.

* The third icon (a crescent moon) toggles dark mode, switching the app to a darker theme

for better visibility in low-light conditions and reduced eye strain.

The layout is clean and intuitive, ensuring easy access to key features.
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3.3. OVERVIEW OF OUR APPLICATION

Translatore SO T « C

Figure 3.8: app bar in light mod

Translatore

Figure 3.9: app bar in dark modes

3.3.3 Dark Mode in Translatore App:

Translatore offers a dark mode feature, indicated by a crescent moon icon in the top bar.
When enabled, the app shifts to darker tones, providing greater eye comfort in low-light set-
tings or at night.
it also helps reduce battery consumption on certain devices, delivering a smoother and more

personalized user experience.

3.3.4 Endpoint settings:

Here’s the English translation of the description, keeping the same clear and concise style:
Translation endpoint Settings in Translatore App
The endpoint settings can be accessed via the gear icon in the app’s top bar. Tapping it opens a
page labeled "Translation Server" with a field to enter a Server URL.
This field lets the user input the URL of any server hosting a trained translation model. Once
entered, the app uses the model on that server to translate into any language the model was
trained for.

Below the field are two buttons:Below the field are two buttons:
* "Test Connection" to verify the server link works.
e "Save" to store the URL and activate the model for translation.

The design is straightforward, making it easy to customize the app with different translation

models.

30



3.3. OVERVIEW OF OUR APPLICATION

< Settings

Translation Server

Server URL

https://b739-105-235-134-205.

Figure 3.10: End-point

3.3.5 History Icon

This icon opens the Translation History screen, where all your previous translations are

neatly listed. Each entry includes:
* The source and target languages (e.g., English — French)
* The original text and its translation

¢ The date and time the translation was made
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3.3. OVERVIEW OF OUR APPLICATION

* Interactive options like Use (to re-insert the translation) and Speak (to hear it aloud)

The interface is styled with a dark theme for comfortable viewing, making it easy to review,

reuse, or listen to past translations efficiently.

Translation History

good morning

Translation
FR: good morning (traduit -
fallback)

good morning

Bonjour

Figure 3.11: Caption
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3.3. OVERVIEW OF OUR APPLICATION

3.3.6 Record Button and Speech-to-Text in Translatore App:

The record button in the Translatore app is located at the bottom of the interface, repre-
sented by a microphone icon inside a blue circle labeled "Speak". When pressed, the circle
turns into a bright red color with the word "Stop" replacing "Speak", indicating the start of
recording.

During recording, the message "Listening..." appears in the center of the screen, accompanied
by white vertical lines that move and oscillate (animated as sound waves) based on the captured
sound intensity. This movement provides a clear visual cue that the app is picking up speech.
After finishing the recording by pressing the red "Stop" button, the app instantly converts the
speech to text. The converted text, such as the word "hello" in the example, appears in the
"Original Text" field located just above the record button.

The process is smooth and carefully designed to provide a comfortable and efficient user expe-

rience when converting speech to text.

Translatore Translatore Translatore

Voice Translator
Speak or type to translate between languages

Voice Translator Voice Translator
Speak or type to translate between languages Speak or type to translate between languages

From From Tc

hello

Translate

Original text copied to clipboard

Translate

| stop & speak

Ready Listening Result
Figure 3.12: voice recorder work

After speech-to-text conversion, the resulting text appears in the "Original Text" field. A
copy icon is displayed next to the text, allowing users to copy it to their clipboard with a single

tap for quick sharing or pasting elsewhere.
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3.3. OVERVIEW OF OUR APPLICATION

3.3.7 Language Selection Option in Translatore App:

The language selection option is displayed in the Translatore app within the "Voice Trans-
lator" section, which features a subtitle "Speak or type to translate between languages". It

consists of two main sections for selecting languages:

* "From" (From): Used to choose the source input language, with a dropdown arrow for
changing the language. To the left, a small microphone icon indicates that the input is

captured via the microphone.

* "To" (To): Used to choose the target output language, with an open dropdown menu
currently visible. To the right, a small speaker icon indicates that the translated output

can be heard through the speaker.

Between the two sections, there is a circular swap button with two opposing arrows, allowing
the user to switch the languages (From and To) with a single tap. Each section includes a
dropdown menu that enables selection of other available languages based on the models loaded

from the server.
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Translatore Translatore

Voice Translator

Speak or type to translate between languages

Voice Translator

Speak or type to translate between languages
From E  English
Engl... : F  French

English

French

Figure 3.13: input select lang Figure 3.14: output select lang

3.3.8 The Translation Page in the Translatore App:

After completing the speech recording process using the record button, the user presses the
"Translate" button located below the original text field in the Translatore app interface. At this
point, the translation page is displayed, which includes the two main fields for showing the
results.

The first field, labeled "Original Text," contains the original text that was recorded and con-
verted from speech to text. In this case, the text "good morning" appears as entered by the user.
After pressing the "Translate" button, the app processes the original text and sends it to the pre-
configured server (the URL of which was entered in the server settings). The translated text is

then displayed in the second field labeled "Translation," where the text "Bonjour" appears as a

35



3.3. OVERVIEW OF OUR APPLICATION

result of translating from English to French based on the selected language settings at the top
of the interface.

Next to the "Translation" field, there is a small speaker icon on the right along with other icons
such as copy and edit. When the speaker icon is tapped, the app plays the translated text "Bon-
jour" clearly through the device speaker, allowing the user to hear the translation out loud to
ensure correct pronunciation or for direct communication. This feature is especially useful for
users who want to hear the proper pronunciation of the target language.

The overall design of the translation page is practical and simple, allowing the user to fol-
low the translation process easily—from speech input to written text and then to spoken out-

put—making the experience smooth and efficient.

Translatore

Translatore

voice 1ransiawor

Voice Translator Speak or type to translate between languages

Speak or type to translate between languages

From

Engl...

gOOd morning

hello

Translate
Translate

Bonjour

Figure 3.15: input select lang Figure 3.16: output select lang
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3.3.9 Voice Settings Panel:

When you tap the settings (gear) icon next to the translation speaker button, a modal win-
dow appears titled "Voice Settings". This panel provides the following options:

1. Select Voice

* A dropdown menu labeled “Select a voice” allows you to choose from various available

voices.
* The voice options include different accents and regions such as:
— en-AU (Australian English)
— en-US (American English)
— fr-FR (French - France)
— fr-CA (French - Canada)
— en-GB (British English)

* These voices are identified with unique labels (like en-us-x-sfg-local or fr-fr-x-frc-local)

that correspond to specific voice models provided by the speech synthesis engine.

3.3.10 Pitch Control
* A slider labeled “Pitch” lets you adjust the tone of the voice.

* The default is set to 1.0, and you can raise or lower it to make the voice sound higher or

deeper.

 Useful for customizing the emotional tone or clarity of pronunciation.

3.3.11 Speed Control
* Another slider labeled “Speed” controls how fast the voice speaks.

* It’s set to 0.5 by default, which is slower than normal — helpful for learners or clarity.
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* You can increase the speed for quicker playback or reduce it to make the speech more

understandable.

3.3.12 Apply and Cancel

* After adjusting the settings, press “Apply” to save and activate the new voice settings.
* If you change your mind, press “Cancel” to close the window without applying changes.

This customization feature empowers users to personalize the voice output according to their
preference or learning needs. Whether you’re practicing pronunciation, preparing for a trip, or
communicating with someone in another language, the pitch and speed controls help make the

experience more natural and accessible.

en-AU-language (en-AuU)
fr-fr-x-frc-local (fr-FR)

en-us-x-tpf-local (en-Us)

en-in-x-end-network (en-
IN)

Voice Settings

fr-ca-x-cab-local (fr-CA)

Select Voice
en-au-x-aua-network (en—

AU)
en-GB-language (en-GB)

en-gb-x-gba-network (en-
GB)

en-us-x-sfg-network (en-
us)

en-au-x-aud-local (en-AU)

en-au-x-aua-local (en-AuU)

fr-CA-language (fr-CA)

en-gb-x-gbc-network (en-
GB)

en-us-x-sfg-local (en-UsS)

Figure 3.17: voice settings Figure 3.18: lang accent settings

38



3.4. OVERALL DIAGRAM OF OUR APPLICATION

3.4 Overall diagram of our application
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Mobile application

Text in original

- [_’E language (3) .
)

{2y -

Original voicie (1)
-

y speech to text

‘ b L Vocal translated (5)

Original language(FR
or EN) (2)

EN

N ] (3)

f N (ON ' E]
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(a) text to speech

<= -----Translated Text (4)---------

Figure 3.19: Overall diagram of our applicatio

This is what the general design of voice translation application looks like in diagram, which
summarized the flow the audio input has to go — from the user’s voice tothe final vocal transla-
tion output. It started the process with a voice input from the user (1) and the original language
that theuser is speaking (2) i.e Eng/French. The sound is transmitted then to themobile appli-
cation and processed by the STT module into text (3). This text is then sent processing and
translation into the target language(3). The server recognizes the source language and transla-
tion contents then translates it and returns to the application with translatedso forth) (4).

The text-to-speech module converts the translated text into audio (5) that ispresented to the
user as the final user output. This methodallows for a smooth voice-to-voice translation by
the intermediary tech phase-though that still happens on the)dealloc privacy preserving infras-
tructure. server sidefor accurate and efficient translation. According to the release notes, the
system works by offloading heavy “LSTM-based language translation” to the server,while the
app takes care of speech (audio and transcription) and user interaction, keeping things smooth

and responsive. guaranteeing goodperformance.

3.5 Application codes

This practical section focuses on the development of a voice translation application pow-
ered by artificial intelligence. It covers model training and the use of fine-tuning techniques

to enhance performance. We also explore the critical role of prompt engineering in guiding
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the model, alongside the integration of modern techniques for speech recognition, translation,
and text-to-speech. The section concludes with a review of evaluation metrics to assess the

effectiveness of the implemented models.

3.5.1 Training

As part of our project to develop a smart voice application based on large language models
(LLMs) and natural language processing techniques (NLP), we realized that achieving effective
and accurate performance requires going through rigorous training stages of supported mod-
els. In this part of the work, we review the most important training methods adopted in this
context and explain how important they are in improving the ability of models to understand
and produce human language. we will also address a set of techniques used during the training,
highlighting their contribution to raising the efficiency of modern linguistic systems based on

the Transform architecture.

3.5.1.1 Data Preprocessing

In our project, data preprocessing was a vital step in preparing our dataset for training and
evaluation. This phase involved transforming raw data into a structured format suitable for
modeling by removing noise, handling missing values, eliminating duplicates, and ensuring

consistency across the dataset.

3.5.1.2 Data Collection

To begin, we explored and selected a suitable dataset from the Kaggle platform. The dataset
contains nearly 200000 texts translated between French and English, and we chose it based on
its relevance to the specific goals of our case study. After retrieving the dataset, we carefully ad-
justed it to meet the structural and contextual requirements of our application. This adaptation
phase ensured that the data aligned with the input format expected by our model and supported
our objectives in developing a voice translation assistant using NLP and Transformer-based

technologies.
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~
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20317471 21358855
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Figure 3.20: data file.csv

3.5.1.3 Data Importation

To import the dataset into our Python environment, we relied on the Pandas library, which is
widely recognized for its ability to handle various data file formats efficiently. Specifically, we
used the read-csv function provided by Pandas to load the data from a CSV file This function
enabled us to read the dataset into a DataFrame, a flexible and powerful data structure that
simplifies data manipulation and analysis. Using this approach, we were able to efficiently
access, explore, and prepare the dataset for the subsequent preprocessing and modeling steps

in our voice translation assistant project.

, NrOWS = r_rows

Figure 3.21: Data Importation
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3.5.1.4 Train-Test Data Splitting

As part of our data preparation process, we performed a critical step of dividing the dataset
into training and testing sets. We allocated 90% of the data for training and reserved the re-
maining 10% for testing. This split allowed us to build robust models with a sufficient amount
of data while ensuring a separate subset for evaluating performance. By keeping the test data
isolated from the training process, we were able to assess the generalization capability of our
models on previously unseen data, ensuring a more accurate and unbiased evaluation of their

effectiveness.

3.5.1.5 Converting All Letters to Lowercase in the Dataset

This code snippet converts all characters in the en’ (English) and ’fr’ (French) columns
to lowercase. Lowercasing is a common preprocessing step in Natural Language Process-
ing (NLP) to reduce vocabulary size and improve model performance by treating "Word" and

"word" as the same token.

Figure 3.22: converting the letters

3.5.1.6 oving Apostrophes from Sentences

This code removes single apostrophes () from sentences in the ’en’ and ’fr’ columns using
the re.sub function from the re (regular expressions) library. This step helps clean and normalize
the text by eliminating characters that may introduce noise into the translation model, such as

contractions or unnecessary punctuation.

Figure 3.23: removing apostrophes
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3.5.1.7 Removing Punctuation from Text Sentences

This code removes all punctuation characters (like .,!?;:, etc.) from the text in both the en
and fr columns of the DataFrame df.
The purpose of this step is to clean and normalize the text data, making it simpler and more
consistent for the translation model to learn from.

exclude = (string.|

df|[ e df['en']. . H E exclude))
df = df['fr']. . ; exclude))

Figure 3.24: Removing Punctuation

3.5.1.8 Removing Digits from Text Sentences

This code cleans the text in the en and fr columns by removing all numeric digits using
str.translate() and a translation table.
This preprocessing step is often essential in machine translation tasks, as numbers may not

always contribute meaningful linguistic context.

,string.

{ X4 X
(lam X X,

Figure 3.25: Preparing for Fine-Tuning

3.5.1.9 Loading Pretrained Translation Models and Preparing for Fine-Tuning

In this code, we load two pretrained translation models from Hugging Face’s transformers
library:
Helsinki-NLP/opus-mt-fr-en: Translates from French to English.
Helsinki-NLP/opus-mt-en-fr: Translates from English to French.
Impact:
These models are trained on large-scale multilingual data and provide strong translation quality
out of the box.
By fine-tuning them on our specific dataset, we can further improve translation performance

for domain-specific or informal language use cases.
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transformers AutoTokenizer, AutoModelForSeq2SeqlM
fr_tokenizer = AutoTokenizer.fr 1{ "l r NLP/op
fr_model = AutoModelForSeq2SegLM.

en_tokenizer = AutoTokenizer.
en_model = AutoModelForSeq2SeqlLM.

Figure 3.26: impact

3.5.1.10 Initializing Optimizers for Fine-Tuning the Models

In this part of the code, we initialize optimizers for fine-tuning pretrained translation mod-
els using the AdamW algorithm from PyTorch. This optimizer is particularly suitable for
Transformer-based architectures as it supports weight decay, which helps reduce overfitting.
We assign fr-optimizer to the model translating from French to English (fr-model), and en-
optimizer to the English-to-French model (en-model). A small learning rate of 0.0001 is used
to ensure smooth updates that preserve the pretrained knowledge. This step is essential before

starting the fine-tuning process on our custom dataset.

fr_optimizer AdamW{fr_model.pa

en_optimizer .AdamW{en_model.pa

Figure 3.27: Initializing Optimizers

3.5.1.11 Training an English-to-French Translation Model Using Seq2Seq with Weight

Optimization

In this code, we train the model designed for translating from French to English (fr-model).
Similar to the previous code, the data is divided into smaller batches to optimize performance
and avoid excessive memory usage. We first prepare a set of French sentences (X) and their
corresponding English sentences (Y) from the provided dataset. After preparing the data, it
is transformed into a format suitable for the model using fr-tokenizer.prepare-seq2seq-batch.
The data is then passed to the model to calculate the loss, which represents how accurately
the model is translating. Afterward, we update the weights using the AdamW optimizer by
performing backpropagation (loss.backward()) and executing the weight update step using fr-

optimizer.step(). This process is repeated across the specified number of epochs, and at the
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end, the average loss over the entire dataset is calculated and printed to assess the model’s

performance.

():
fr_model. ()
losses =
X = df
y = df
max_epochs =
n_batches =
epoch tadm( (max_epochs))
i tqdm( (n_batches)):

local_X, local_y = X[i*n_batches:(i#1)#*n_batches, |, y[i*n_batches:(i#1)*n_batches,

batch = fr_tokenizer. { (local_X), (local_y), return_tensors
output = fr_model(++*batch)

loss = putput.
fr_optimizer. ()
loss. ()
fr_optimizer. ()
losses = losses+loss
average = losses/ (df)
( + (average) )

fr_model

Figure 3.28: Training a French-to-English

3.5.1.12 Training a French-to-English Translation Model Using Seq2Seq with Weight

Optimization

In this code, we train the model designed for translating from English to French (en-model).
The data is divided into smaller batches to optimize performance and prevent excessive mem-
ory usage. We start by preparing a set of English sentences (X) and their corresponding French
sentences (Y). After preparing the data, it is transformed into a format compatible with the
model using en-tokenizer.prepare-seq2seq-batch. The data is passed to the model to compute
the loss, which indicates how well the model is translating. Then, the weights are updated using
the AdamW optimizer through backpropagation (loss.backward()) and executing the optimiza-
tion step with en-optimizer.step(). This process is repeated for a specified number of epochs,
and at the end, the average loss over the entire dataset is computed and printed to evaluate the

model’s performance.
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fr_model.
losses =
X = df
y = df
max_epochs =
n_batches =
epoch tadm( (max_epochs))
i tqdm( (n_batches)):

local_X, local_y = X[i*n_batches:(i#1)#n_batches, |, y[i#*n_batches:(i#1)#*n_batches,

batch = fr_tokenizer. | (local_X), (local_y), return_tensors
output = fr_model(*+batch)

loss = output.
fr_optimizer. ()
loss. @]
fr_optimizer. )
loss losses+loss
average = lo / (df)
( + (average) )

fr_model

Figure 3.29: Training a French-to-English

3.5.1.13 Performance Metrics Computation and Model Evaluation During Training

This part of the code is responsible for computing key performance metrics after each
training batch to evaluate the model’s performance. It begins with an accuracy calculation
by extracting the predicted logits and comparing them to the reference labels, ignoring masked
values (-100) using a binary mask. The number of correct tokens and total valid tokens are
accumulated to determine overall accuracy. Next, the BLEU score is computed as a measure of
translation quality by decoding the predicted and reference sequences into tokens, then storing
them for evaluation using nltk’s corpus-bleu method. At the end of each epoch, the average
loss, accuracy, and BLEU score are calculated and stored in lists to track performance over
time. Once training is complete, the code plots these metrics to visually assess model improve-

ment, providing insights into convergence behavior and translation quality progression.
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torch. ():

logits = output. : (dim=-1)
labels = batch

mask = lebels != -

correct = (logits == labels) & mask
correct_tokens += correct. (). ()
total_tokens += mask. (). ()

decoded_preds = en_tokenizer. (logite, skip_special_ tokens=
decoded_lesbels = en_tokenizer. {1sbels, skip_special_ tokens-=
ref, pred (decoded_labels, decoded_preds):
references . [[ref. 1)
hypotheses . (pred. (§)]

gverage = (losses J (df])). () -cpul(]). ()
eccuracy = correct_tokens / total_tokens total_tokens =
bleu_score = corpus_bleu(references, hypotheses) »

loss_walues . [awerage)
eccuracy_values. (accuracy =
bleu_walues. (bleu_score)
epochs. [epoch + 1)

. Epoch + 1)

# (awverage))
{accuracy = 1)
(bleu_score))

plt. (figeize=(12, 6})

plt. (epochs, loss_walues, label=
plt. (epochs, accuracy_walues, lsbel-
plt. (epochs, bleu_walues, label=
plt. { )

plt. { )

plt. { i

plt. ()

plt. (True)

plt. ()

plt. show()

everasge = losses/ (dFf)
BcCcurecy = correct_tokens / total_tokens total_tokens =
bleu_score = corpus_bleu(references, hypotheses) = |

( + (average) )

(
(

[accuracy « 1)
[{bleu_scaore))

Figure 3.30: Model Evaluation

3.5.1.14 Function - Translating Text from French to English

The fr-translate-sentence function is used to translate text from French to English. The
function starts by converting the input sentence into tokens using fr-tokenizer.encode, which
are then converted to PyTorch tensors. These tensors are passed to the fr-model to generate the
translation using the generate method, which allows the model to create a translation with spec-

ified parameters, such as the maximum length and number of beams, for better quality. Finally,
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the generated tokens are decoded back to text using fr-tokenizer.decode, and the translation is

returned.

(sentence, fr_tokenizer, fr_model):

inputs = fr_tokenizer. (sentence, return_tensors

outputs = fr_model. (inputs, max_length=56, num_beams=4, early_stopping=

translated_sentence = fr_tokenizer. (outputs 0], skip_special_tokens

translated_sentence

Figure 3.31: Function - Translating Text from French to English

3.5.1.15 Function - Translating Text from English to French

The en-translate-sentence function is used to translate text from English to French. This
function works similarly to fr-translate-sentence, but it uses the English-to-French translation
model. After converting the input sentence into tokens, they are passed to the en-model to gen-
erate the translation, with parameters like max-length and num-beams controlling the transla-
tion generation. Finally, the generated tokens are decoded back to text using en-tokenizer.decode,

and the translation is returned.

(sentence, en_tokenizer, en_model):

inputs = en_tokenizer. (sentence, return_tensorss=

outputs = en_model. (inputs, max_length=58, num_beams=4, early_stopping=

translated_sentence = en_tokenizer. outputs , skip_special_tokens

translated_sentence

Figure 3.32: Function - Translating Text from English to French
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3.5.2 Text to speach :
3.5.2.1 Service initialization :

This section of the code is responsible for initializing the speech recognition service. The
method begins by checking if the initialization has already been completed to avoid redundant
setup. If not, it invokes a platform method via a MethodChannel to check whether speech
recognition is available on the device. If it is available, it sets a handler for receiving callbacks
from the native platform (Android or i0S), such as recognition results, errors, or audio levels.
In the case of an exception or unavailable support, the service enters a simulation mode, pre-
tending it is initialized in order to provide fallback functionality. This ensures robustness and

user experience continuity even on devices that do not support native speech recognition

Future= = anatialize()
{ I 1alared)

1 swailable channal

= available;

[ _hancleMethaaCall

debusgPrint |

slratialized;

lired = true:

true;

Figure 3.33: Service initialization

3.5.2.2 Start listening :

This function is triggered when the application wants to start listening to the user’s speech
input. After confirming that the service has been initialized, it stores the callback function
that will handle recognition results, and invokes the native method startListening, passing in
the desired locale for recognition (e.g., ’en-US’). If an error occurs during this invocation, the
service falls back to a built-in simulation mode, where predefined phrases are emitted word
by word. Additionally, a simulated audio level stream is launched to mimic visual feedback,

which enhances the interactivity of the UI during listening.
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d> startliste

#xl) onfesall

enResull;
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15imslation( )

tion( localeld

Figure 3.34: listening

3.5.2.3 Simulation in case of failure:

This fallback mechanism simulates a speech recognition session when the device fails to
provide native speech support. It chooses a random phrase from a predefined list based on the
selected language (locale), splits it into individual words, and then emits those words sequen-
tially using a periodic timer. Each intermediate result is sent to the application via the callback,
mimicking how real-time recognition would behave. This approach provides a realistic and

interactive fallback experience without needing internet connectivity or platform APIs.

IECa] ] bascl | par t 1 &1 Raault )

Figure 3.35: case of failure
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3.5.2.4 Broadcast volume level :

This block of code generates simulated audio level values during the speech recognition
process. By using a combination of sinusoidal functions and random noise, it mimics the
natural fluctuations of a user’s voice input. The resulting values are sent over a broadcast
stream, which can be used by Ul components (e.g., animations or sound level indicators) to

enhance user experience and provide visual feedback during active listening sessions.

mulation()

L
(const Duratisn(milliseconds: S8), (tisser) {

mulation();

Timal time = Cimer

Figure 3.36: volume level

3.5.2.5 Resource and Language Management :

This function retrieves a list of supported locales (languages) from the native platform,
allowing users to choose their preferred language for recognition. If an error occurs or the
platform fails to return results, it defaults to a minimal list of common locales. This flexibility

enhances the accessibility and internationalization of the application.

. Stringess gethvadlablelocales()
amitzalaref):

Figure 3.37: Language Management
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3.5.2.6 Text-to-Speech (TTS) Service Initialization and Usage in Flutter:

This code defines a custom TTSService class, which acts as a wrapper around the Flut-
terTTS package to enable Text-to-Speech functionality in a Flutter application. The service is

responsible for initializing the TTS engine, managing voice configurations, handling playback

controls, and streaming progress feedback to the Ul for a smooth user experience.

@r = StreasContrallersdoubile-.broadoast();
antrallar .

Figure 3.38: Text-to-Speech

3.5.2.7 Initialization and Event Handlers:

The initialize() method prepares the TTS engine and registers event handlers for playback
states like start, complete, cancel, and error. These events are used to update the internal

TtsState and stream progress values to the UI.

Figure 3.39: Initialization and Event Handlers

3.5.2.8 Text Playback with Voice Customization:

The speak() method is the core of the service. It validates and configures the voice settings
(language, pitch, rate, and voice name) before initiating speech playback using -flutterTts.speak().

Any ongoing speech is stopped before speaking the new text.
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Figure 3.40: Text Playback with Voice

3.5.2.9 Playback Controls:

In addition to speaking, the TTSService supports stop() and pause() operations. These
methods allow interruption or temporary halting of speech playback and update the internal

state accordingly.

Figure 3.41: Playback Controls

3.5.2.10 Voice and Language Management:

The service provides helper methods to fetch supported languages and voices, allowing
filtering for specific locales (e.g., English and French). This ensures that the app only offers

relevant voice options to the user.

FutwresList-String-- gethvaslableLanguages|)

jtiraslist-MapString, Strimges= gativailablevVoices|

Figure 3.42: Voice and Language Management:

3.5.2.11 Real-Time Progress Feedback:

The use of a StreamController allows the TTSService to provide real-time feedback to the
user interface. For instance, it broadcasts a value when speech starts, completes, or is canceled,

enabling visual indicators like progress bars or animations.
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fimal StreanController<dosble= _progressComtroller = Streamfontroller<doubles broadcasti);

Streamdoubles get progressStream == _progressComtroller.

Figure 3.43: Real-Time Progress Feedback

3.5.2.12 Cleanup:

To avoid memory leaks, the service exposes a dispose() method to release resources when

TTS is no longer needed.

Figure 3.44: Caption

3.6 Conclusion

In conclusion, the development of Translatore combined both practical application design
and intelligent model training. Using custom bilingual datasets from Kaggle, we trained two
translation models (French-English and English-French) with fine-tuning techniques to im-
prove translation quality and reduce repetition errors. The app, developed with Flutter, inte-
grates these models alongside speech recognition and text-to-speech systems, offering users
a real-time, smart translation experience. This project lays a strong foundation for future en-

hancements in both performance and user experience
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Chapter 4

Results Evaluation and discussion

4.1 Introduction

The optimization and evaluation of a translation model is a crucial step in ensuring the per-
formance and accuracy of machine translation systems. In this study, we focus on the evaluation

of a Transformer-based model trained for translation between French and English.
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FR-EN:

4.2 Optimization and Evaluation of Translation Quality Model

FR-EN:

15/15 [83:14<80:88, 13.48s/it]
32/32 [B@:11<80:88, 2.72it/s]
Epoch: 1
Loss: 8.88817816341735143214
Accuracy: B2.37%
BLEU Score: 33.79

.68it/s]

: 8. BBaIS9ETATSESA 2891
Accuracy: B5.75X
BLEU Score: 48.98
188% 32 8:12<88 -88, -6dit/a]

Epoch: 3

Less: 8.8883243281 IBVSEELDTS
Aceuracy: B7.69%

BLEU Seore: 46.33

180% 32 8:12<08 :88, -Mit/s]
Epoach: 4

Loss: B.688373687937045853

Accuracy: BS

BLEU Score: 58.93

.T3it/s]

8884111 31382 EIE1BESS
Accuracy: 98.21%
BLEU Score: 54.98
180% Erl 8:12<00-08, 2.74it/s]
Epoch: &
Loss: 8.988d48398280Rl48R033
Accuracy: 91.14%
BLEU Score: 58.45
188% 324 8:12<88 -B8, -T3itls]
Epoch: 7
Loss: B.888462796850X18357a7
Acouracy: 91.94X
BLEU Score: 61.71
188% 8:12<08:88, 2.72it/s]
Epoch: B
Loss: 8.9ea8i88II31394214183
Accuracy: 92.67%
BLEU Score: 64.63

BLEU Score: 67.33

188%

Epoch: 18

Loss: @.08a58482 05866638671
Accuracy: 93.77%

BLEU Score: 69.74

180% 32 8:12<08 :88, -Mit/s]
Epoch: 11

Loss: @.8885133853992447257
Accuracy: 94.34%

BLEU Score: 71.B8

188%

Epoch: 12

To evaluate the quality of our translation model, we trained it over 15 epochs using a batch
size of 32. During training, we tracked three key metrics: loss, token-level accuracy, and the
BLEU score, which is a standard metric for evaluating machine translation systems.

. Loss Function: We observed a consistent improvement across all metrics throughout the
training process. The loss gradually decreased from 0.00017 in the first epoch to 0.00053 by

epoch 15, indicating that the model was successfully minimizing the prediction error.

56



4.2. OPTIMIZATION AND EVALUATION OF TRANSLATION QUALITY MODEL
FR-EN:

2. Accuracy: In terms of accuracy, the model improved steadily from 82.38% in epoch 1 to
95.58% in epoch 15. This reflects a significant increase in the model’s ability to generate cor-
rect tokens compared to the reference translations.

3. BLEU Score: The BLEU score—an essential metric for evaluating the fluency and ade-
quacy of translations—increased from 33.94 to 78.31. This strong performance shows that the
model not only learned to match reference tokens but also managed to generate translations
that are contextually and grammatically appropriate.

These results confirm the effectiveness of our model training strategy and demonstrate that,
with sufficient data and fine-tuning, transformer-based models can achieve high-quality trans-
lation performance.

We see this in the following graph:

Training Progress

100§
80 4

0 1 e

— Loss
Accuracy (%)
—— BLEU Score
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\
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4.3 Optimization and Evaluation of Translation Quality Model

EN-FR:

188 [BB:11-88:88, 2.95it/a]
Epoch: 4

Loss: @.B8834615155891515315

Accuracy: B9. 66K

BLEU Score: 51.74

32/37 [B8:11<88-88, 2 9lit/s]

.BBEIR1A1241887453334
y: 98,72
BLEU Score: 55.48
8e% § | [B@:11<88:88, 2.8Vit/s]
Epoch: &
Loss: @, 000487801708 2065344
Accurascy: 91.67%
BLEU Score: S8.95
88T [B8:11<=88-88,
Epoch: 7
Loss: @.B88842884991244138453
Accuracy: 92.37%
BLEU Score: 62.11

| 32/32 [B@:11<80:08, 2 THit/s]

. BBBA43I23195 713452

y: 93.84%
BLEU Score: 65.84
188% § | [B0:12<0808:08, 2.74it/s]
Epoch: 9
Loss: @.B8845454575169868767
Accurascy: 93.67%
BLEU Score: 67.72
88T [BE-12<808 -84,
Epoch: 18
Loss: 8.0884643167 7765212953
Accuracy: 94.12%
BLEU Score: 78.18
18e% | | [BE:12<88:88, 2 Bdit/s]
Epoch: 11
Loss: @.8084716710858404568
ACCuracy: S94.5
BLEU Score: 72.15
TBEL [BB:12<88:88, 2.57it/s]
Epoch: 12
Loss: @.80847736385822239085
BCCUPBCY: 96X
BLEU Score: 74.17

188% /32 [B@-12<88-88, 2.50it/s]
Epoch: 13

Loss: @.88848221939888%16103

Accurac .

BLEU Score: 75.87

168% | | [B@ 128888, 2. 64it/e)
Epoch: 14

Loss: 8.88848672151751816273

Aceuracy: 1

BLEU Score: -3

188 /32 [B@:12-08:08, 2.65it/a]
Epoch: 15

Loss: @.00849053120820398629

Aceurscy: X
BLEU Score: TH.

To evaluate the quality of our translation model, we trained it over 15 epochs with a batch
size of 32. During training, we tracked three key metrics: loss, token accuracy, and the BLEU
score, which is a common metric for evaluating machine translation systems.

1. Loss Function:We observed consistent improvement across all metrics throughout the train-
ing period. The loss gradually decreased from 0.00016 in the first epoch to 0.00049 in the final
epoch, indicating that the model was successfully reducing prediction errors.

2. Accuracy: As for accuracy, it steadily increased from 82.82% in the first epoch to 95.87%
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in the fifteenth epoch, reflecting a significant improvement in the model’s ability to generate
correct tokens that match the reference translations.

3. BLEU Score: Regarding the BLEU score, which measures the fluency and accuracy of
the translation compared to the reference text, it rose from 34.53 to 78.69, a strong result that
shows the model not only learned to match words but also began generating contextually and
grammatically sound translation structures.

These results confirm the effectiveness of our training strategy and demonstrate that Transformer-
based models can achieve high performance in translation when properly tuned and fed with
sufficient data.

We see this in the following graph:

Training Progress
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4.4 Comparative Performance with Global Translation Mod-
els

The results achieved by our custom Transformer-based translation model demonstrate highly
competitive performance when compared to several well-known machine translation systems.
Specifically, our model reached a BLEU score of 78.69 and a token-level accuracy of 95.87%,
both of which place it among the top-performing models for French—English translation.

When compared to commercial solutions such as Google Translate and DeepL, whose BLEU
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scores for this language pair typically range between 50—65, our model shows a substantial
improvement in translation fluency and adequacy. Furthermore, in contrast to research-grade
multilingual systems like Meta’s M2M-100 and OPUS-MT, which report BLEU scores in the
35-65 range, our model clearly outperforms them on this specific language pair.

Even when compared to the fine-tuned mT5 model, which can reach BLEU scores exceeding 80
in some benchmarks, our model remains competitive. Considering that mT5 is trained on sig-
nificantly larger datasets and requires extensive computational resources, our results highlight
the efficiency of training a custom model with curated bilingual data and targeted optimization
strategies.

These findings confirm that with careful tuning, appropriate data preprocessing, and a well-
designed Transformer architecture, it is possible to achieve or even surpass the translation

quality of state-of-the-art global systems—especially when focused on a specific language pair.

4.5 Model Comparison

The following table compares our translation model to other popular systems:

tabularx booktabs float graphicx

4.6 Comparison of Translation Models

Table 4.1: Core Comparison of Translation Models (FR-EN)

Model Accuracy (%) BLEU Score (FR-EN) Architecture Training Dataset

Our Model 95.87% 78.69 Transformer (Custom) Curated bilingual corpus (in-domain)
Google Translate Not publicly disclosed ~50-60 Proprietary hybrid ‘Web-crawled multilingual corpora
DeepL Not publicly disclosed ~55-65 Transformer variant Proprietary high-quality EU data
M2M-100 (Meta) ~85-90 ~40-65 Transformer (M2M-100) Facebook’s multilingual datasets
OPUS-MT ~80-88 ~35-55 MarianMT OPUS multilingual datasets

mT5 (fine-tuned) ~90-96 ~70-80+ mT5 (T5 multilingual) CC100 + fine-tuned task-specific datasets

Table 4.2: Special Notes for Each Model

Model Special Notes

Our Model Custom fine-tuned model on high-quality data specialized for French-English translation tasks
Google Translate Uses context-aware NMT; excels in general-purpose tasks but lacks domain fine-tuning
DeepL High fluency especially strong for European languages; quality varies by domain

M2M-100 (Meta) Fully multilingual model; good for low-resource pairs; general-purpose
OPUS-MT Open-source useful for quick deployments; weaker fluency in longer sentences

mTS5 (fine-tuned) State-of-the-art multilingual model; excels when extensively fine-tuned
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4.6.1 Conclusion

The progressive improvement in translation performance across 15 training epochs demon-
strates the effectiveness of our optimization strategy. The consistent decrease in loss and the
steady increase in both accuracy and BLEU score confirm that the model is learning to pro-
duce more accurate and contextually appropriate translations over time. By the final epoch,
the model achieved a high accuracy of 95.58% and a BLEU score of 78.31, indicating a strong
alignment between the predicted translations and the reference sentences. These results vali-
date the efficiency of our training process and confirm the model’s capability to generate high-

quality translations.
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4.7 General conclusion

1-Work Accomplished
Work Achieved At the conclusion of this project, we successfully designed and developed a
bilingual speech translation system between French and English, based on the Transformer
architecture. This work aimed to facilitate real-time language interaction by leveraging recent

advancements in artificial intelligence and deep learning.

We began by collecting and preparing a high-quality parallel corpus, which served as the
foundation for training our translation models. The training process involved experimenting
with various hyperparameters, optimization algorithms such as ADAM, and carefully monitor-

ing key performance indicators including accuracy, loss, and BLEU scores.

To improve the model’s robustness, we also implemented preprocessing steps to reduce
noise in spoken data and enhance translation reliability in real-world audio conditions. The
resulting system was integrated into a mobile application that combines speech recognition,
neural translation, and text-to-speech synthesis, offering users a seamless and intuitive transla-

tion experience.

The results obtained, with a translation accuracy reaching 95.87% and a BLEU score of
78.69, demonstrate the efficiency of our approach and confirm the system’s potential when

compared to well-established commercial tools.

Future Perspectives
This project opens promising perspectives for future work. One key direction involves ex-

panding the system to support additional languages, especially low-resource languages, which
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would increase its usefulness across a broader range of multilingual environments.

Another future enhancement would be to improve the system’s performance in noisy en-
vironments and with diverse accents through further fine-tuning and data augmentation tech-
niques. Additionally, the integration of more advanced techniques such as multimodal mod-
els—capable of processing both audio and visual inputs—could significantly enrich the con-

textual understanding of the translation process.

Finally, deploying the system on cloud platforms would allow real-time translation services

to be accessible from any device, without relying on local computational resources.

Through this project, we have taken a meaningful step toward achieving more natural and
efficient multilingual communication using Al, laying the groundwork for more advanced and

inclusive translation systems in the future.
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