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1. INTRODUCTION

The state of art in several artificial intelligent duties has considered in deep learning improvements such as
speech recognition, object detection, and machine translation [1]. The opportunity of solve more difficult task is to
develop deep architecture nature grant deep learning technologies resulting in extend variety of different modern
domain [2]. The artificial intelligence has dramatically changed the basic concept of computation algorithm and
evolved from niche to mainstream with many shifting aspects of societies [3]. Machine and deep learning are now
move toward understanding the world around the human due to many applications that provide better muscle and
physics simulation, and effective cancer detections [4]. This huge development could be achieved under deep
learning which required to be fast effective in term of correctness and portable over heterogeneousness device [5].
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Therefore, developer and researchers used the DL software to confirm this property and shorten the
implementations of different model to offer a variety of standards model [6]. The deep learning facilitates machine
learning and provide high impact on the idea of researcher. In this field, many researchers introduce different
approaches. The recurrent neural network has been used by [7] to denoise speech signal under stacked auto encoder
and discover cluster pattern of gene expression. By using neural model to generate image with different style, the
new model has been proposed by [8]. Deep learning has been used by [9] to allow sentimentality analysis from
multiple modality concurrently. These periods are witness the blooming of deep learning researches. Dramatically,
the machine learning has reshaped different field of computer science like computational biology, computer visions,
robotic, and natural language processing [10 -20]. It is ongoing to gain purchase in new area containing program
synthesis [21]. In particular, the deep learning has ambitious development in these areas and is currently powering
varied in the industries like translation, search, security, and recommendation [22]. Machine Learning is an arena in
Al which is use to clarify the machine how to switch information further professionally. The machine learning is
applying to understand the outlines and excerpt pertinent information from data. This idea mentions to the
variations in system that performs task related to artificial intelligence involving prediction, robot control,
diagnosis, recognition, and planning [23].

Through the years, machine learning algorithm has progress from chastely statistics model to bio-inspired
mode such as neural networks. To discriminate them is classical or traditional ML model and DL [25]. Figure 1
shows the practice ML technique as partial to process of normal rows data. It is required a important domain expert
to design the appropriate features extractors that will transforms rows data to the right arrangement from classifier
that detected the patterns to classify the inputs. This problem could be solved by Deep Learning which ones are
valued to the classifications [26].

Machine Learning Deep Learning
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Classifier and
Manual
feature
feature i
. extraction
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Artificial Intelligent
Figure 1: Machine Learning (ML) vs Deep learning (DL)

Automatically, DL is a ML method that clarify computer to do what come logically by used a bio-inspired
construction called deep neural network [27]. This construction permits the machine to feed with rows data and
robotically abstract the symbol need for the wanted duty. It is the knowledge overdue a lot of stun application such
as language Translation, driverless car, and even some hospital that use prognostic application to accomplish
patients on the emergency waiting room [28-36]. This paper introduces clear deep learning tools and state of art
with a comparative study framework rendering to different criterial. An overall obtainable structures supports many
DL operator, popularities, hardware design, and size of community. Forward pass time is considered to measure the
performance as prediction from model to know which deep learning tools will provide the user demand with
superlative environments to test the model. This paper consists of the following sections: section one includes the
materials and methods used in the experiment part, section two contain the results discussion, and finally the
conclusion of this work.
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2. MATERIALS AND METHODS

There are many stages that used to implement our work. The hand-craft feature were mainly use to models
usual languages task until deep learning method derived everywhere and solve some of the problem face by outdate
ML model like the curse of dimensional. We will explain the most significant word representation techniques,
which include converting words from the vocabulary into vectors or numbers.

Distribution vector, also named word implanting is bases on the so-named _distribution hypothesis — words
displaying with same contexts have same meanings. Word embedding are pre-train on tasks where the aim is to
predicts words base on its contexts, naturally using shallows neural networks. In the past, Distributed
representations were significantly employed to study numerous natural language processing tasks, but they only
managed to become more well-known when the skip-gram models and continuous bag-of-words (CBOW) were
introduced to the domain. They were trendy because they could be applied for semantic compositionality (e.g.,
‘man’ + ‘royal’ = ‘king’) and might professionally create higher-qualities words embedding as show in Figure 2.
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Figure 2: word embedding

The issue with word embedding approaches is at the time we intend to get vector representations for the
words “hot potato” or “Boston Globe”. Since these words don't represent the mixture of the definitions of the
specific words, we can't basically join the vector representations of the specific words. When taking longer
sentences and phrases into account, it gets even harder. Another disadvantage of words embedding is that it depends
on the applications in which it is use. Although this is often computationally expensive, it has been investigated to
retrain tasks-specific embedding for every newer task.

The goal of CBOW, a neural approach to building word embedding, is to determine the conditional
probability of a target word provided the context words in a specific window size. On the other side, the goal of
Skip-gram, a neural method for constructing word embedding, is to predict the surrounding context words (i.e.,
conditional probability) given a central target word. The word embedding dimension for both models is calculated
(using an unsupervised method) by the accuracy of the prediction.

One disadvantage of the word2vec models is that using shorter window sizes results in similar embedding
for opposing words like "bad" and "good" which is undesirable, particularly for tasks like sentiment analysis in
which this distinction is crucial. Other issues with Word2vec models include their failure to take into account
polysemy and other biases that might be found in the train data.

In contrast to Word2Vec, which generates word representations that are static and unaffected by the
context in which they appear, BERT generates word representations that are dynamically changed by the
surrounding words. As an illustration, consider the following two sentences: "The suspect was charged with robbing
a bank.". " By the river bank, a man started hunting."

Word2Vec would create the same word embedding for the word "bank" in both sentences, whereas BERT
would create a different word embedding for "bank™ in each phrase. Better model performance is attained as a result
of the context-informed word embeddings' capacity to collect additional sorts of information that result in more
accurate feature representations, in addition to catching obvious differences like polysemy.

2.1 Sequence Models
Sequence models are neural networks that input or output sequences of data. Sequential data contains audio
clips, video clips, text streams, time-series data and etc. The most common neural networks in deep learning are
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Long short-term memory (LSTM) and recurrent neural networks (RNNs). Transformers and Long Short-Term
Memory (LSTM) networks are two popular and highly effective models in domains of normal languages process
and machines translation applications. Despite the fact that both approaches have been successful in a number of
applications, their architectural structures and approaches to handling and processing data are different.

2.2 Recurrent Neural Network (RNN)

RNN is a generalization of feed forward neural network that has an interior memorial as illustrated in
Figure 3. RNN is recurrent in natural since they perform similar functions for each data inputs, and the outcomes of
the present inputs depend on the outcomes of the prior computations. The outputs are produce, copy, and then return
to the recurrent networks. In case of make a decision, it considers both the current inputs and the outputs that it has
learnt from the prior inputs. Unlike feed forward neural networks, RNNs can process input sequences utilizing their
internal state (memory). As a result, they can be applied to tasks like speech recognition or unsegment, connected
handwriting recognition. Other neural networks' inputs all function independently of one another. However, every
input in an RNN is linked to every other input.
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Figure 3: RNN Architecture

The first thing is to extract the X(0) from the structure of input, after which it output h(0), which, along
with X(1), serve as the inputs for the subsequent steps. Hence, the inputs for the subsequent steps are h(0) and X(1).
Similarly, h(1) from the succeeding steps are the inputs with X(2) for the subsequent steps, and so on. In this mean,
it continue to remember the contexts through training.

The equation to determine the present state is:

he = f(he—q, %)

1
Applying Activation Function:
he = tanh(Wyphi—y + WynX) (2
Where
W: weights

H: single hidden vectors

W, weights at previous hidden states

W, Weights at present inputs states

tann: Activation functions that implements a non-linearity that squashes the activations to the range [-1,1].
Then the output is:

Ve = Whyht

where 3
Y;: outputs state

Wiy @ is weights at outputs state
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2.3 Types Of RNN

There are four types of RNNs depending on the network's number of inputs and outputs as show in Figure
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Figure 4: Types Of RNN

Many-to-Many RNN (Tx>1,Ty>1) Architecture, as is obvious, accepts numerous inputs and produces
multiple outputs, but many-to-many models can be two types, as seen above:
1. Tx=Ty
In this case, the Input and output layers have the same size. This can also be thought of as every input
having an output, and named entity recognition is a popular application.

2. Tx!I=Ty
Machine translation is where this kind of RNN architecture is most frequently used. Models with varying
input and output layer sizes can also represent many-to-many architecture.
For example, the three lovely English word "I Love You" is reduced to the two words "te amo™ in Spanish.
Machine translation models use non-equal Many-to-Many RNN architecture in the background, which enables them
to return words that are either more or less than the input string.

2.4 Vanishing and Exploding Gradients

Let’s first explore the gradient
Gradient: A gradient is a partial derivative in relation to its inputs. A gradient calculates how much functions
outputs will diverges if its input is somewhat changed. The gradients can alternatively be thought of as a function's
slope. The greater the gradient, the steeper the slope, and the more quickly a model can learn. The models stop
learning if the slope is nearly zero. The gradient basically calculates the difference in wholly weight relatives to the
errors change.
Gradient problems in RNN

The gradient can occasionally get too tiny or too big while an RNN algorithm is being trained. As a result,
in this situation, training an RNN algorithm becomes quite challenging. Due to this, the problems include long
training period, low accuracy, and poor performance will occur.
Exploding Gradient

Exploding gradient problem happens when we assign the weights a high priority. In this situation, gradient
values become too huge, and the slope essentially grows exponentially. To resolve this, the techniques include
identity initialization, truncated back-propagation, and gradient clipping could be used.
Vanishing Gradient

When a gradient's values are too small, the problem arises and the model either stops learning or learns
very slowly. To resolve this, the techniques include weight initialization, choosing the right activation function, and
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the best approach to deal with the vanishing gradient problem is the use of LSTM (Long Short-Term Memory)
could be used.

The benefits of RNN is:

1. RNN could modeled the structure of data so that every samples could be assume to be dependents on
preceding one.

2. RNN is even use with convolution layer to extends the active pixel neighborhood.
The drawback of RNN is:

1. Gradients vanishing and exploding problem.

2. It'sreally challenging to train an RNN.

3. It can not processing long sequence when use t,, or relu as an activation functions.

LSTM

Long Short-Term Memory (LSTM) network is an altered versions of RNN, this make it humbler to evoke

previous information from memories. The RNN's vanishing gradients problems is solved here. LSTMs is well-suite
to classifying, processing, and predicting time sequence given time lag of unidentified durations. The model is
trained via back-propagation. In an LSTM network, three gates are introduced as show in Figure 5.
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Figure 5: LSTM Architecture
Inputs gates: define which inputs values should be applied to the memories modification. The sigmoid

functions specifies which numbers to pass 0,1. The t,,, functions assign weights to the value that are
provided, determine their importance on a scale of -1 to 1

ip =o(W;-[hey, %]+ by) (4)
C: =tanhtanh (W, - [h;_1, x:] + bc) (5
Forget gates: define which data must be remove from the blocks. A sigmoid functions make that decision.

Every numbers in the cells states Ct-1, it output a numbers among 0 (omit this) and 1 (keep this) by using the
previous state (ht-1) and the contents inputs (Xt).

fr = U(Wf [heog, x ] + bf) (6)
Outputs gates: The block memory and input is use to determined the outputs. The sigmoid functions
determines which numbers to pass 0,1. The t,,, functions weighs the value that are supplied, determining
their levels of importance from -1 to 1, and multiply by the outputs of Sigmoid.

0 = o(W,[he_y, x¢] + b,) @)

h, = o, *tanh tanh (C,) (8)
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Compared to typical RNNs, LSTMs offer a more reliable and efficient method of managing sequence data
because of their distinctive architecture and gating mechanisms. They are appropriate for a variety of applications,
including nature languages process, machine translation, time series predicting, and texts generations, since they can
captured long-terms dependency and solve the threatened gradient problems. Even though LSTM is useful, they are
not the only option for dealing with series data. More recent model, such as transformer, have appeared to offer
alternatives for capture long-range dependency. They have become more popular due to the way they handle long-
range context and their enhanced performance in machine translation task.

2.5 Transformer

Transformers shown in Figure 6 have gained approval in current time because of the introduction of the
attention mechanism and their parallelization capabilities. This enables them to analyze huge, complicated
sequences efficiently without becoming slowed down by sequential data processing. They manage to achieve this
without the use of recurrent neural networks (RNNs) and LSTMs. This enables parallel processing, which leads to
shorter training durations than with RNNs' sequential methods. In applications including text classification, speech
recognition, and machine translation, transformers have shown excellent performance. Stacks of encoders and
decoders layer with layers of feed-forward neural networks (FFN) and self-attention make up the architecture of
transformers.
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Figure 6: Transformer Architecture
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3. CONSIDERATION MECHANSIM

The Consideration Mechanism show in Figure 7 is a key development in neural network that enables
models to concentrate on specific input data subsets rather than processing the entire set at once. This has shown to
be particularly useful for language translation and sequence-to-sequence tasks. The Attention Mechanism has
enhanced LSTM models and opened the path for advanced network designs like Transformers.
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Figure 7: Attention Mechanism
a. Self-Attentions

Self-Attentions are particular kind of attentions mechanisms in which the models learn to concentrate just
on specific components of the inputs series in order to provide more appropriate output. The input values are
computed as a weighted sum, with the weights determined by comparing each input to the other input in the series.
As a result, The model can automatically learn about the dependencies and relationships among the sequence's
elements.

Self-Attention's primary building blocks are queries, values, and keys. The input elements are compared
using the queries, and the relationships between the elements are represented by the keys and values. The computed
attention weights are then applied to the softmax function to generate a probability distribution that highlights the
sequence's most important elements.

b. Multi-Head Attentions

Multi-head attention is used in the Transformer model to concurrently concentrate on several parts of the
input data, allowing the model to simultaneously learn a variety of richly contextualized data representations. The
Multi-Heads attentions mechanisms has numerous attentions head, each with individual key, values, and queries, as
opposed to utilizing a single attention mechanism.

The Transformer is more effective and powerful at handling complicated tasks due to this design, which
allows it to store different aspects of the input sequence. Each head independently processes the input, combining
representations that produced via a linear transformation and concatenation.

c. Encoder-Decoder Attention

Another essential component of the attention process is encoder-decoder attention as show in Figure 8.
Mostly used in sequence-to-sequence tasks like machine translation. The input sequence is processed by the encoder
to create a context vector, which the decoder then utilizes to create the output sequence.
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The Encoder-Decoder Attention mechanism allows the decoder to concentrate on various aspects of the
encoded input sequence, promoting a better knowledge of the connections between the inputs and producing output
sequences with higher accuracy. The keys and values come from the encoder's output, while the queries come from
the hidden states of the decoder. When generating the output, this design efficiently enable the decoders to align
itself to various sections of the inputs sequences, improving translation and sequence generation.

d. Decoding and Encoding

The transformers models are made up of encoders and decoders. The two fundamental building elements of
each layer in both the encoder and decoder are the position-wise feed-forward network and multi-head self-
attentions.

Encoder: To create a continuous representation, the encoder processes the input sequence after taking it in. This
continuous representation efficiently enables the decoder to produce the desired sequence while maintaining the
contextual information of the input.

Decoder: The decoder creates the target sequence using the continuous representation provided by the encoder. In
addition to having an encoder-decoder attention mechanism that enables it to concentrate on various segments of
the inputs sequences, it also contains a multi-head self-attentions mechanism.

e. Positional Encoding

Transformers need a way to preserve the sequence's order because they lack recurrent structures. Positional
encoding is useful in this situation. The input embedding are enhanced with positional encoding to give the model
positional data. Usually, the input embedding are modified by combining cosine and sine functions of various
frequencies. These functions support the model's efficient collection and application of the positions of the input
tokens. This function enhance the model efficient learning and the usage of the positions of the input tokens.

3.1 Residual Connections

The crucial component of the transformer construction is residual connections. They help to solve the
vanishing gradient issue and allow the model to maintain data from previous layers. In transformers, for each sub-
layer (position-wise feed-forward networks and multi-head self-attention), there is a residual connection followed
by a layer normalization process. As a result, the input and output of each sub-layer are summed, and the resulting
sum is then normalize before being sent on to the following sub-layer.
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3.2 Parallelization

The main advantage of the transformer models compared to RNN and LSTM is the capability of processed
the inputs series in parallel rather than successively. Transformer used self-attentions mechanism, which might
processing numerous word concurrently, as opposed to recurrent connections, which process input sequentially.
Transformers are excellent at handling large-scale natural language processing tasks because of their ability to
perform parallel computing.

3.3 Handling Long-Ranges Dependency

Because of the self-attentions mechanism, Transformers handle long-range dependencies more effectively
than LSTMs, which is another significant advantage. Due to their ability to maintain information from distant
regions in longer sequences, they can weighs the reputation of many position in the inputs series in contrast to
LSTM.

3.4 Training Time

Transformers and LSTMs are two commonly used techniques for training neural network in DL task. Their
training varies in duration. For better parallelization, transformers are known to train faster than LSTMs.
Transformers use the self-attention mechanism, which, in contrast to LSTMs, does not rely on sequential
calculations, explaining how this is applicable. In addition, better utilization of current GPU architectures due to this
parallelization might accelerate the training process.

4. DATASET
We used a machine translation dataset for English and German languages that contains sentence pairs from

the Tatoeba Project [1]. The dataset contains 221532 sentence pairs of English and German languages. We
displayed the distribution of German and English sentence length as show in Figure 9.
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Figure 9: the distribution of German and English sentence length
Figure 10 and Figure 11 display the most frequent words in English and German sentences as word cloud.

Word clouds are graphic representations of words that give words with more frequent occurrences greater attention.
The most frequently written words will dynamically grow in size.
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Figure 10: Word Cloud for the most frequent words in English sentences
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Figure 11: Word Cloud for the most frequent words in German sentences

4.1 Data Preprocessing

We converted all English and German sentences to lowercase and split the dataset into training-set and
test-set with a test-set size of 20%. The training set contains 177225 sentence pairs of English and German
languages and the test set contains 44307 sentence pairs of English and German languages. After that, we tokenized
all the sentences using a Bert-base-German-cased tokenizer with max input and target length equal to 105 which
converts words from his own vocabulary into numbers based on the BERT Embedding concept mentioned above.
The BERT tokenizer had a brilliant idea to use the word-piece tokenizer concept, which simply divides some words
into sub-words. For instance, if the word "sleeping" is not found in the tokenizer's vocabulary, then it is tokenized
into the words "sleep™ and "##ing". Using this strategy is often helpful in separating unknown words into familiar
ones.
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4.2 Training Process

We trained a transformer called the Marian transformer which consists of 6 layers in each component of
the encoder and decoder. The Marian transformer is smaller than many other machine translation models which
makes it a light model with a small size and one of the fastest models when it comes to the training phase. It is well-
known for the machine translation tasks. The parameters for the training process shown in Table (1) as Following:

Table (1): Training parameters

Parameters Values

Learning Rate 0.00005

Batch Size 64

Epochs 10

Weight Decay 0.01

Loss Function Sparse Categorical
Cross entropy

Training Time 5 Hours and 6 Minutes

Accelerator GPU P100

These are the best parameters we found after trying many experiments on the dataset and they achieved the
best results among all other results. Now we have a great model that can convert any German sentence to its
English counterpart like this German sentence show in Figure 12.

Qutput
Sequence

Ist es heiR? =) MODEL - Is it hot?

Input
Sequence

Figure 12: Machine Translation using the Model
5 DISCUSSION

Finally, Our powerful model stands as a testament to the ever-evolving landscape of artificial intelligence,
promising seamless language translation without errors or inaccuracies. In educational realms, envision students
accessing a world of knowledge regardless of language barriers, promoting cross-cultural understanding and
collaborative learning. Similarly, within the business sphere, this innovation fosters international partnerships,
breaking down linguistic obstacles that often hinder global transactions. Delving into the technical intricacies, such
as dataset enhancement and result optimization, can illuminate the depth of our contribution, showcasing how
advancements in machine translation are reshaping the way we perceive and engage with language. Such
discussions not only highlight the significance of our work but also underscore the vital role technology plays in
creating a more interconnected and inclusive global society.
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6 CONCLUSION

This introduces the deep learning outline and compliers with optimized techniques to overcome the
challenging application which is successfully proved the efficiency. There is a rising demand to test different field
application and deploy smart and wide spectrums of devices. In deep learning, the challenge that faced the software
improvement is multiple include workload and device variety. This processing is complex by diversity of hardware
specifications include embedded ASICs, FPGA, GPU, and CPU. In addition, the model and operator's optimization
time to train could be ranged from hours to week which cannot permit to developer and researcher to test different
models. Whilst, the time to infer resulting from model range or from few milliseconds in simple neural network to
complex one that seen slow for end user. Consequently, the researcher among the community tackle the challenges
of optimized model by innovating in term of new operator or by execute the bunching of optimized code. The
presents a prune methods to reduced the numbers of connection of deeps neural network without affected
accuracies. Our prune methods, motivation in part by how learn work in the humans brains, operate by learn which
connection are important, prune the un-important connection, and then retrain the remaining sparse networks. This
thesis highlight the powers of suggested prune methods through experiment which reveal that full connection layer
and convolutional layer could be prune the numbers of connection of convolutional layer is reduced by 3x and full
connect layer by 10x with out losses of accuracies. With the Neural Talk experiments on Flickr-8K, we found
LSTM could also be prune by 10x. Prune reduce the amounts of computations require by deeps neural network.
The numbers of potentials direction for future work include hardware compiler with users’ interface and
optimizations for specifics application, like remote sensing or medicals images analyzing, is one. Additional is the
investigations of IR appropriate for hardware generations to accelerating both inferences and train. In addition, it is
to devised active techniques for the explorations of designs space of many data flows graphs-base DNNs model,
include for existing network.
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