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ABSTRACT

The development of subjects has become one of the major problems facing deep learning and
natural language processing in recent years. A brief comment on a lengthy email body is condensed
in the subject generation. Our goal is to develop a Bengali subject generator that is effective and
efficient and can produce a clear and insightful subject from a given Bengali email body. To do
this, we have gathered a variety of emails body, including educational, commercial, etc. and will
use our model to generate subject from those texts. In the encoding layer of our model, bi-
directional RNNs are employed, while the decoding layer makes use of LSTMs and an attention
model. Our model generates subject using a sequence-to-sequence model. While developing this
model, we encountered difficulties with text pre-processing, vocabulary and missing words
counting, word embedding, detecting new terms and other tasks. Our primary objectives in this
model were to generate a subject and lessen its train loss. In our study, we successfully reduced

the train loss to 0.001 by producing a smooth concise subject from a provided email body.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

Conversation in natural language is a challenging subject in artificial language and summarization
is a crucial aspect of it. Humans are easily capable of producing any Automatically send SMS or
email. They choose the key words. from a predetermined body and produce the subject. within the
computer system, the task is significantly more challenging. As a result of the subject is crucial for
language comprehension, thinking, and use of common sense information like a person would.
Any email body or content can be produced in two different ways: These methods are conceptual
and extractive. Some methods of subject generation use an extractive strategy, which lengthens
key phrases or lines from the content that is provided. Then they must be combined to create the
subject. In the abstractive technique, the email body is used to create a bottom-up subject, even
when not all of the words may be present. This indicates that an abstract method may create the
topic for a specific email body on its own. Few works have been completed for Bangla subject
generation. The approach we suggest in this study uses the email text to generate the subject line.
We acquired a lot of information and trained the model using that information. After completing
the program, the outcome was as expected. Textual work is always difficult. To construct a suitable
subject with an abstractive approach, we must go through a number of phases, including text pre-
processing, vocabulary and missing word counting, word embedding and counting and using
certain specific tokens for word encoder and decoder. In our approach, we use each of these phases.
We have utilized a bidirectional RNN with two layers to apply the sequence to sequence model.
Bahdanau attention model [1] is used on the targe body text and two layers of RNN each with
LSTM to provide an effective subject. The encoder converts all of the input phrases into a fixed-
length vector and the decoder uses that vector to produce an output sequence. We have modified
this model for Bangla from its initial application in relevant text resolution for machine translation.
To increase productivity and create a subject that is more fluent and effective, we have highlighted
a number of important variables. Major procedures are described in depth, but the explanation of

deep learning techniques and models is more crucial.
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1.2 Motivation

Bangladesh has recently seen an ICT revolution. Bangladesh has made significant progress in the
area of information and communication technologies. The use of NLP in several languages is clear.
But it's really constrained in Bangla. For this reason, we utilize the body of the Bangla email to
produce the topic. After writing the email content in Bangla, users occasionally are unsure about
what the subject line should be. Where It Will Aid in Subject Generation. And it is the primary

reason.

1.3 Problem Definition

The subject of emails is generated using an RNN model. The subject needs to be created.
Additionally, it must consider how that model functions in practice. How the data functions How

to produce the subject line even with a smaller train loss from the email body.

1.4 Research Questions

Following are the key inquiries on which this thesis is focused:
=  What difficulties have faced for collecting data?
= How to the training loss is very low?

= How Bengali user could be benefited?

1.5 Research Methodology

We describe the Experiment Data Set, Data Pre-processing, and Model Training, Training loss in
this portion of our research article. The performance of the proposed models will be discussed at

the conclusion of this chapter.

1.6 Research Objective
Using a sequence-to-sequence model to create a subject from a Bangla email body has certain
advantages. The list below includes a few goals;

= Create a productive model to generate the subject.

= Reduce the users time to write emails subject.

= New model used in Bangla language to generate subject from email body.
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1.7 Research Layout

Chapter 1: Introduction, motivation, problem definition, research question, research methodology,
and discussion of research goals.

Chapter 2: Describes the background and current status of this study and related work from a
Bangladeshi perspective.

Chapter 3: Introduction, experimental Datasets, data preprocessing, vocabulary size and word
embeddings and research methodology model.

Chapter 4: Performance Considerations of Proposed Models.

Chapter 5: Focuses on comparing and discussing results.

Chapter 6: Describes the completion of this study and future work.

Chapter 7: All references used in this study can be found here.
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CHAPTER 2

BACKGROUND

2.1 Introduction

There hasn't been any equivalent study or effort done in Bangladesh that can accurately
generate subject from the email body. The current state of the Bangla language and the use of NLP

in Bangladesh's language sector serve as the background.

2.2 Related Works

By allowing a model to automatically look for elements of a source phrase that are pertinent to
predicting a target word without having to explicitly create these pieces as a hard segment, we
propose to enhance this fundamental encoder-decoder architecture. We propose that the
performance of this fundamental encoder-decoder design is constrained by the usage of a fixed-
length vector. We achieve translation performance using our unique method that is comparable to
the most cutting-edge phrase-based system while translating from English to French. Additionally,
a qualitative examination shows that the alignments that the model discovered are in good

agreement with human intuition [1].

We use Attentional Encoder-Decoder Recurrent Neural Networks to mimic abstractive text
summarization and demonstrate that they deliver cutting-edge results on two independent corpora.
We provide a variety of distinctive models that address crucial summarizing problems that the
fundamental architecture does not adequately address, such modeling keywords, capturing the
hierarchy of sentence to word structure and emitting words that are uncommon or unanticipated
during training. Our research demonstrates that many of the models we've suggested help
performance continue to improve. We also develop performance goals for future studies and

suggest a new dataset made up of multi-sentence summaries [2].
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On the Qualities of Neural Machine Translation, Encoder-Decoder Methods utilizing two models,
a newly developed gated recursive convolutional neural network and an RNN encoder-decoder.
We focus on analyzing the characteristics of neural machine translation. We show that the neural
machine translation system does well enough on simple phrases sans unfamiliar terms but as the
sentence's length and the quantity of unfamiliar words rise, the system's performance rapidly
deteriorates. Additionally, we find that the recommended gated recursive convolutional network
readily picks up on the syntax of a phrase [3].

It provide a generic end-to-end method for learning sequences that places the fewest constraints
on the sequence structure. On the WMT-14 dataset, translations made by the LSTM on English to
French translation get a BLEU score of 34.8. Long phrases presented no difficulties for the LSTM,
as well as a phrase-based SMT system. On the same dataset, a BLEU system earns a score of 33.3
on a word-by-word basis. The 1000 hypotheses generated by the SMT system were reranked using
the LSTM and its blue score rose to 36.5 nearly matching the prior state of the art. It acquired
logical sentence and phrase structures that are responsive to syntax and mostly independent of the
active and passive voice. The performance of the LSTM has been enhanced by word reversal in
all source texts (but not target sentences) this is due to the fact that several transient dependencies
are introduced between the source and destination phrases, this simplifies the optimization

challenge [4].

The global method, the two types of attentional processes that are explored in this study are the
global approach, which always attends to all origin phrases, and the local method, that only focuses
at a selection of origin phrases at a time. We demonstrate the effectiveness of both methods using
the WMT translation tasks between German and English across both languages. With local
attention, we significantly outperform non-attentional systems that already employ well known
strategies like dropout by 5.0 blue points. Our ensemble model, which included different attention
architectures, delivered a new state-of-the-art result in the WMT'15 English to German translation
issue with 25.9 blue points, a gain of 1.0 blue points over the previous record system backed by an
n-gram ranker and NMT. [5].
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We demonstrate that our approach is capable of producing logical, fluid paragraphs with several
sentences, even complete Wikipedia articles. We demonstrate that it can extract pertinent factual
information from reference documents, as evidenced by confusion, ROUGE scores, and human
evaluations. We demonstrate that our approach is capable of producing logical, fluid paragraphs
with several sentences, even complete Wikipedia articles. We demonstrate that it can extract
pertinent factual information from reference documents, as evidenced by confusion, ROUGE

scores, and human evaluations [6].

In this research, we suggest and put into practice an efficient method to deal with this issue. The
output of a word alignment method is used to enrich the data used to train an NMT system,
enabling it to emit the position of the relevant word in the source text for each OOV text in the
destination phrase. A dictionary is used to translate each OOV word in a subsequent post-
processing phase. The evaluations of the WMT'14 French translation contest show that our
approach significantly outperforms a similar NMT system that does not employ this technique by
up to 2.8 BLEU points [7].

A target recurrent language model is used to represent the creation of the translation, and a
convoluted sentence model is used to simulate the conditioning of the source sentence. Second,
we show that despite the lack of alignments, they are extremely sensitive to the original sentence’s
wording, grammar, and meaning. Additionally, we show that, when rescoring n-best lists of

translations, they are comparable to a cutting-edge system [8].

This paper introduces a new approach to the Translation problem by word segmentation
techniques. Typical approaches use backing off to dictionaries strategy to deal with unknown
words. They dealt with names, compounds, or cognates with compositional translation,
phonological or morphological transformation, etc. However, in this study, classification depends
on the byte pair encoding compression technique and employs straightforward character n-gram
models to verify the NMT model improves over the typical method for WMT translation tasks.
They demonstrated growth to be English-German and English-Russian by up to 1.1 and 1.3 blue
respectively [9].
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The NRM is a short-text response generator based on neural networks. It has been trained using a
significant portion of one-round discussion information from a microblogging website. The
response generation method in NRM is formalized as a decoding procedure based on the
subconscious representation of the entered data, according to the general encoder-decoder
architecture with recurrent neural networks used for both encoding and decoding (RNN).
According to empirical research, NRM can create grammatically accurate replies to more than
75% of the input text surpassing state of the art models in the same environment [10].

By using an RNN encoder-decoder model, a set of symbols is converted into a fixed length vector
representation. Encoder and decoder in the suggested model are trained in tandem to enhance the
posterior probability of a target sequence provided a source sequence. An additional feature in the
current log-linear model, provisional probabilities of word pairs, increases the effectiveness of a

numerical system for machine translation [11].

For the first time, a graphical representations sentence rating function is presented by the writer
for summarizing Bangla news documents. It is an Extractive based approach. They evaluated the
final result by using the tool of the ROUGE evaluation package. They use included 3400 Bangla
news documentations dataset from daily prothom alo newspaper. From this data set, they use 200
data randomly and use it in two groups. The suggested technique has average accuracy, recall, and

F-measure scores of 0.60, 0.68, and 0.63, respectively [12].

The Author Proposed a new method of automatic Bangla news text summarization by using the
approach of pronoun replacement and an improved version of sentence ranking. The main parts of
this approach were preprocessing the input document then word tagging after the replacement of
pronoun, and sentence ranking. After finishing this replacement process the sentences are ranked
by considering some words that are term and sentence frequency, numerical figures and title
words. They didn’t use any benchmark data set they collected 3000 news document instances from
Daily Prothom alo newspapers. F-measure scores for ROUGE-1 result was 0.6003 The F-measure

score for ROUGE-2 was found 0.5708 And pronoun replacement accuracy was 71.80% [13].
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The Author Proposed a Bangla abstractive text summarization method to help the machine provide
the summarization text from a body text. They used Recurrent Neural Network (RNN} as an
approach to this project and the most useful RNN’s model is LSTM and also used contextual
tokens for better sequence understanding. By talking about text production using n-gram language
modeling and building a recurrent neural network as the training model. They used their own
dataset by collecting from social media. Drawbacks include the inability to create text without
knowing the text's length and the required n-gram sequence, which makes the procedure time-
consuming. Sometimes cannot give correct order sentences and also cannot generate random

length of the text. Accuracy [14].

2.3 Bangladesh Perspective

Bangladesh views the use of NLP models in Bangla and data collection as a major danger. It is
incredibly challenging to get data. Where we gather it: Through several academic institutions,
corporate offices, as well as from individual emails. As a result, we encountered several challenges.
Following implementation, we experience very little training loss. Additionally, the topic is

generated from the email text. And mostly the Bengalis will benefit from it.
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CHAPTER 3
RESEARCH METHODOLOGY

3.1 Introduction

We have a large data collection that includes email body text and an equal number of email subject
lines. Let's assume that the text's input sequence has D words. As a result, the words x1, x2,..., xd
are coming from a vocabulary with a size of V, which produced an output sequence that is
comparable to y1, y2,..., ys where S<D. That indicates that the subject sequence is shorter than the
email body sequence's text description. Consider that the same language is used throughout the
whole output sequence. In this part, we will illustrate our approach to create a subject generator
from a Bangla email body. We sought to create a subject generator that can generate a suitable

subject from a given email body because there haven't been many previous efforts made for Bangla

subject generating. Tensorflow CPU version 1.15.0 was used to set up and train this model.
i

| Split Data

+

|
|
Add Contractions |

¥

Stop word remowe

Checking
Subject and Body
Purified?

Count Wocabulary Size

+

Word Embedding File Add |

<UMNK, PAD, EOS, GO>
Add special token

With LSTR

Build Seq25eq Model

+

Train Model |

¥

Response Generate Subject

| Encoder And Decoder Layer

Figure 3.1 System diagram
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3.2 Experiment Data Set

Each deep learning method requires a significant quantity of information. When compared to the
size of the dataset, the results are clearly superior. We also need a substantial amount of
information for the model. On the internet not enough datasets available though. We painstakingly
gathered all the information for it. Consequently, we have acquired a range of data for our study,
including commercial, personal, academic, and other types. In our dataset, just the two necessary
columns—the emails' bodies and subjects—are present. It's typical for people to have a personal
address in addition to an educational postal address, which is only for use by educational
institutions. They are distributed by all levels of education, from primary to graduate. And we have
personally gathered those emails from person to person. Commercial emails are advertisements
that are sent to a user in an effort to raise awareness, promote interaction, or close a deal. The
emails you send to subscribers who have chosen to receive your brand's promotional
communications are known as commercial emails. They include emails intended to increase
onboarding and user engagement, sales offer, newsletters, and announcements about new products.
And we personally obtained the email from the corporate organization. Emails marked "personal”
are sent from individuals rather than organizations. This indicates that we should send email from
a personal address rather than a generic business or company email account. And we obtained this

information through friends and family.

Subject Body
TIELFITG ST A 2033 O GIIR ST, METFPTE, NIRRT SRR THFRA 2032, 216 T Afemm Remmprat ol (GmE 47
A4 47 SIRTSIIRA G JOA- A2 I TR -0 IS I §8eT ST S Ty (5 GIIe &, R SeFaeT
BIFL S (TN TS (P19 W30 [N BIEA0e ~ig 2rg(@ ST SIe a4 4% 27 R pod “FaRies W (1
SR SR SR B A FFN FA AR (el T 0 N7 NEEHE WIS (o [Fermm e o Gre
(0T AT 32 JONETS GBI ST ST Gl BT PR Y2 SPTE SIS Gl {0 FogeIa (191 fieey A1 8 5oty @
WU WUe (191 1) ermrarme FIRITHE ([iem STt (g (NRRIRel $Ats A1 4 o frre F1ome Giaig | sferaiorelG 4 Iga A
TG ¢ (R0 T)
e R e e R | 1 b e R 1 o e B b R G A B B e G S b R AR o P
WW?ﬂwaﬁﬂﬁrm STAIIGE 98 IRE-5 AL ST 14, S0 ({T6% (o1 (R0 SIS 0wl

TG foifs oo i ol b Tommm oo W@&Wﬂﬁ%@%ﬁemmmﬂ%ﬂmﬂﬁ%amw&mWﬁaﬁaﬂrmﬁmm%

o coy 4 fefte el f;ﬁlﬂﬂﬁxww mﬁw‘%emﬂa{@%wmww&ﬁWwwﬁwewm BRI e et
SR RTGIETe TR G FEEN STHITE (2076 (of S99 GIe TS ZWIGT7 2Ehed iﬁﬁlt—ﬁmt—%w?ﬁseaf%ﬁ
8.1 e, O ey 49s (BB 192 03 WRUGE (T e W [$ihe o Fars 12 Wemw
W\n%@ﬂ“ﬁmwﬁﬁ@wwmﬁwt@ﬁmﬂ%ﬂﬁ%ﬁﬁrmﬁ‘!ﬁ'ﬁ!ﬂﬂwhﬂﬁ_ﬁ
498 S T T ST (F1-98 T S5-I (OFTIE (oG T6f F111.92 (I (A o a1 e, & e (o onfg
MG fEfSe T oy oyt TR a2 ffSw sty w3 932 [fem RrafasHa g Srew s 90 tefi

1110 4TS TN 5T GLG TLOG, 24, TS JRWGS JFT A S 18.on ol afbfbs ra (=6, (aafassm g3z
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fofe oo <1l
T AT 20854 Reafes A T TR, (8 ST 2 BRI 2ol oR ST ST R 3¢ AT~ FIEFT b (T 2033 TETY TF AT G0 5 AF|
TG PTG, Gt GriRe ST fory g IR (Srearo TS CTom (i) (e Srswa W SomIe Gy (g SIeH s 00 (R ez Sl S O 498 5o
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Figure 3.2 Collected Dataset
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3.3 Data Pre-Processing

3.3.1 Split Data:

A string is divided into a list using the split technique. We'll provide the separator by default any
whitespace serves as a separator. After segmenting the text depending on the supplied separator
the split function produces a list of strings. The benefits of utilizing a split function in Python are
as follows. We might need to divide a long string into several shorter ones at some time. It is the
complete opposite of unification, which joins two strings. In our dataset, we splits it for further
processing. Then we remove the whitespace by using re (regular expression) liberty. Our dataset
is Bangla for this reason we will UNICODE for with whitespace.

3.3.2 Add Contractions:

Contractions are a unique type of word that combines two or more other words in an abbreviated
shape, ordinarily with punctuation. Contractions can make the peruser feel like we're talking
specifically to them and having a discussion. It makes a difference make our composing show up
uncomplicated for everybody to get it and make sense of. Because contractions are shorter, it also
means that they take up less space. Since of that, we'll frequently see them in notices where space
is profitable. We are using "R " "R BT, "G.": "G/, "OL": "OISR", "G
ARG, "G RGBT, Y, R, O (R et

As a result it will help more accurate model build.

3.3.3 Stop word remove:

"Stop words" usually refers to the most often used terms in a dialect. There isn't a comprehensive
list of "Stop words" that all NLP tools use uniformly. “Stopwords™ are any words, regardless of
dialect, that add little to a sentence's meaning. They can be safely ignored without changing the

sentence's meaning. These are some of the most prevalent short function terms for certain search

engines. Such as "d2", " (", " (FN", "O[2", " 4fG " and on. we also remove special character.
Also, we remove "https://", Bangla digit, Bangla special character, and on. we also remove English

words and unaccepted words.
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3.3.4 Checking Subject and Body Purified:

In this portion we keep a function that will check and also purify the subject & body text. Like it
will lowercase the data, remove punctuation, numbers, unnecessary space, replace punctuation
repeats, remove emoticons, contractions and emojis. But if it not works well then it will repeat the

same procedure from the split body and then will continue.

3.3.5 Data Preprocessing:

We have carried out a few steps for data pre-processing. First, we introduced contractions to the
email body's content as well as its subject. There are several contractions available, including 3,
&. .\, 7, “(Nl. ” etc. As aresult, we have eliminated them and replaced them with their complete
forms. After that, we cleansed the texts. That indicates all the unnecessary characters have been

eliminated. Regular expression has been utilized to exclude those extraneous components from the

passages. After that, we got rid of stop words.

Split Body

k.

Add contractions

k.

Regular expression

Stopword remove

Purified Body &
Subject

Figure 3.3.5 data preprocessing
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3.4 Vocabulary Count & Word Embedding:

The similarity of words affects their meaning as much as frequency. Therefore, we must count the
total amount of words in the subject and body of the cleaned-up emails. Word keeps track of the
words when we type a document. Pages, paragraphs, lines, and characters are all counted by Word.
To find out how many words, pages, characters, paragraphs or lines are in a document look at the
status bar. The vocabulary in this work is being counted. Following the vocabulary count (20011),

we evaluated word frequency. For example, we tested the term “Grﬁﬂ'l?f, and the frequency of this
word was 8. In a word embedding, which is a learned representation for text, words with the same
meaning are represented identically. This approach of encoding words and documents may be
responsible for one of the significant developments in deep learning for challenging natural
language processing problems. The phrase "word embedding™ refers to the act of expressing
individual words as real valued vectors in a specified vector space. Since each word is allocated to
a distinct vector and the vector values are learned similarly to a neural network the technique is
frequently referred to as deep learning. We used a pre-trained word to vector file to improve the
model. Word to vector file "bn w2v model” was utilized. Where we get the word embedding length
(497405).

3.5 Model:

In deep learning, there are several models and various model types that are employed for various
purposes. For text modeling, the Longest Short Term Memory (LSTM) will be quite helpful. while
we are dealing with text. For a machine to learn about text sequence, machine translation is crucial.
Encoders and decoders like Google Translate are used by all translators. A text string is translated

from one language to another by the translator.

3.5.1 Neural Machine Translation:

Translation from one language into another can be done via neural machine translation. Encoders
and decoders are commonly used in machine translation to convert one language to another. The

encoder uses the input sequence, while the output sequence is predicted and shown by the decoder.
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It uses a target sentence x to increase the posterior probability of x in neural machine

translation. arg (maxyp(x|y)) is used if y is the source sentence.

3.5.2 RNN Encoder—Decoder:

Recurrent Neural Networks are used in the encoder-decoder paradigm to solve sequence-to-
sequence prediction issues. Though it was first created to solve machine translation issues, it has
also succeeded in solving related sequence to sequence prediction issues including text
summarization and question answering. The encoder is a neural network with four convolutional
layers that, like the DQN, have an identical design. Each layer is followed by an ELU activation
function. After that, the result is flattened to produce a flat, 288-dimensional vector. Numerous
projects use the encoder-decoder. It serves as the foundational tenet of translation software. The
neural network that powers Google Translation contains it. As a result, it is utilized for Computer
Vision as well as NLP activities and word processing!

Cho et al. [11] introduce the first two levels of the RNN encoder-decoder design. Later, Bahdanau
et al. [1] exacerbated this. The only use for these encoder and decoder models was machine
translation. The RNN Encoder-Decoder is made up of two Recurrent Neural Networks (RNNSs),
one of which acts as an encoder and the other as a decoder. The encoder transforms a variable
length origin sequence into a fixed length vector, while the decoder transforms a variable length
destination sequence back into the vector representation. The two RNN layers of this neural
network were used. A phrase's fixed length is included in the encoder, while its output sequence
is contained in the decode. In order to keep the target word sequence's greatest posterior
probability, the RNN network’s two layers are jointly trained. a covert gadget that improved
memory development and capacity. To assess the likelihood that a Bangla sentence will match its
matching Bangla sentence, we train our model.

Tables 1 & 2 include the input words for the model if the encoder received the target Input phrase

as X = (x1,..., XTx). where context vector c is present, so

Bt = (=L ) o 1)
and
c={hl,.....hiTx })
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where ht represents the state that was concealed at time t. Context vector created from the
concealed state sequence is denoted by the symbol c. A non-linear function is fand g.

If the Response subject of tables 1 and 2 are the expected word sequence {y1, ....., yTy } that the
decoder anticipated, therefore the likelihood will be,

) =TTORYL, o s yt=L ) T t=1 e, (2)
Where, (y1, ....yT ). A model for conditional probability is now presented by,
POHYL, ..., yt=13C) = gOVt=L St ,C) ceneiiei e (3)
Where, g = nonlinear function, yt = output of probability, st= secret s ate.
CI=N A T J T O oo (4)

Bi-directional RNNs were employed. That is made up of Recurrent Neural Networks that run both
forward and backward. The hidden state of a forward recurrent neural network is (21 =, ...,
hTx ~777 ) and the forward Recurrent Neural Network sequence order is s (x1 to xTx ) .
Backward Recurrent Neural Network sequence order is (xTx to x1) and secret state is (A1 , ...
,hTx 7). So,

R =T T 7 R T 7T e (5)
Where, #j = Summary of anticipating and following words.

Here, aij = is soft max of eij This shows how input position j aligns with output at location and
normalizes exceptional function i,

L = (ST, ) o (6)
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Figure 3.5.2 rnn encoder-decoder

3.5.3 Sequence to Sequence Model:

A Seq2Seq model is one that creates another sequence of items (words, letters, time series, etc.)
from a single sequence of objects. A collection of words is used as the input for neural machine
translation, while a set of translated words is used as the output. A series of machine learning
techniques called Seq2seq is utilized for natural language processing. Applications include text
summarization, conversational modeling, picture captioning, and language translation. Seq2Seq is
a kind of RNN-based encoder-decoder model. It can serve as a model for automated
communication and translation. The complete model may be divided into two compact sub-
models. The first sub-model is known as [E] Encoder, whereas [D] Decoder is the name of the
second sub-model. Like all RNN systems, [E] accepts raw input text data. Finally, [E] generates a
neuronal representation. The model has a problem when dealing with long phrases since the output

sequence is heavily dependent on the context created by the hidden information in the encoder's
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desired outputs. There is a high probability that long sequences may lose the actual context by they
reach their conclusion. Encoder and decoder using LSTM cells are a part of any sequence-to-
sequence model. We utilized a word embedding file in our subject generating approach. The
vocabulary size of this file that would be utilized as model input was then measured. A token is a
specific instance of a sequence of letters that are put together as a meaningful semantic unit for
processing in a certain document. The class of all tokens with the same character sequence is
known as a type. Since tokens are the basic building blocks of Natural Language, the token level
is where the majority of processing of the textual content takes place. Tokenization is the initial
stage in textual data modeling. To create tokens, the corpus is segmented. Utilizing the tokens
described below, develop a vocabulary as the following stage. The vocabulary in the corpus is the
collection of distinctive tokens. Remember that the top K Frequently Occurring Words or each

unique token in the corpus may be used to form a vocabulary.

Decoder
Encoder Y, Y, Y, <EOS>
t !
[ LSTM H LSTM ]—»[ LSTM ]—»[ LSTM ]—-[ LSTM ]{ LST™ }*[ LST™M ]' LST™M
/'y Iy T 1 » 4

Word Embedding <GO>

! ! ! i

X, X, X3 <EOS>

Figure 3.5.3 sequence to sequence model

This model have incorporated certain special vocabulary cues, such as<KUNK>, <PAD>, <EOS>,
<GO>. There are various limitations on vocabulary. Some words are still in use. UNK token is
used in place of the words. Each sentence in a batch added by a PAD token is the same length. The
end of the sequence that alerts the encoder when it receives input is included in the EOS token.
The GO token instructs the decoder to begin the output sequence procedure. We replace the
vocabulary and add UNK during the data preparation stage. We applied sequence translation on
the data that contains words before choosing GO and EOS. This sequence's mode X is the encoder's

input sequence, while mode Yy is the produced output or response output sequence.
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CHAPTER 4

PERFORMANCE OF THE PROPOSED MODEL

4.1 EXPERIMENT AND OUTPUT:

Tensorflow 1.15.0 and the sequence-to-sequence model were employed. Machine will be able to
create a subject once finished training. We will select an input sentence from the dataset and
randomly determine the subject length to generate the subject. We have utilized an attention-based
encoder for the parameter. We utilized Adam Optimizer to determine the learning rate for each
parameter using the following values: epoch= 70, batch size= 2, rnns size= 256, learning rate=
0.001, maintain probability= 0.75. Use the standard gradient descent optimizer for quicker
convergences.

Having spent a few hours training our model on the given dataset, the following machine response
is shown as positive:

Table 4.1 sample result |

Original Body ST PRI, SRR ST 7 6 (AT ST J38 STt N9
ST TGN ATV [N 37, N 5T N9~ B, NG S [NoN I8T FIGFH
O IFTEF M, WIE =X 19 (TF IS |l (N a8 Ypee
TS 2T FHCOT 8 O NTT W NI [13#M14 B2 GITSY A1Y-BS SR
SINTH [ PITZAT (Y G IMCH (TN IRAT NIIE 181 Tifed
=5, HfR ST FS, T 51, LT T572 ST 2, YA, (S, 4B, =61, Jo w
TN STBT JFICT AT 1612 IR NG B SI (TN HBe G1feT FRTarNey
JHTHI (T AT YTeT B I AN (A 1. (P2 I AMOTHIIL I18IfeT
T IRATT 482 b, FT9T@ 836! 228 G I7 9 (ATF STIR(F AT
T AT TFA BTo0 | &H© NI

Original Subject Y NI 98B
Input Body ST PRI, 2R G TGS 1 o (AT ST G]¢ STOHRT [NgA
ST TGN ATV [NGN ST, NG S NG BF, NG S [N@N I%T FIF
O [FHF [T, WF =¥ 198 (TF V33T AR (AT A 8 Y0
RS X FHCOG 8 T A W 7T [T SR BT ATV-SS AR
SN0 AR (Y JFRME (TN A NIIF I181eT Sufox
=3, iR ST FS, B 51, LT T572 S 2, YA, (a0, 4B, A1=T6L, Jo g
TS T JFI0A AN A6TR JFNG G (TN SeT ArGifet fraArses
PIHRH ROA A1V YT B AT P | (PR e ANOIPILS @I
BT IRIATT 983t TS $825! FTWRRE fGfHINT J7 5 (A(F AAR(F 18
TR FAAT THAN QTG |G 7T

Response WY VI 28W
Generate Subject
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Table 4.1.1 sample result 11

Original Body

T/ B, SR (GUOaTATNG CTOIF (KRG (ATH
QLG A (SN Ho (I (F TTAR26-

I3 SR (GTOANTTT oK ((HfSH) fTe226-a9 st
T 58 |IRIFF, 205 (JRAR) FNRTR 20fN2- 97 W FAIHI
TG FACS SR FINEAG Freeitng G [RRfade
fRTARET 2N FAE T OITHE O TS (PO (PP G5
TSR AT FACO BT 5. PG FEeF IS
[, e, ATKANTP AO@ N, TG ]2
AR, 5ol [EBISIRAT J78 ASTHT 2SI S AN (AL
(P 4TV PIRAE OATS =(J; TR CFasfd [
JFO PRI O (2P RO ([0g RS 21 ©. 956
T IR TS JFG RIS B LAV ABS TS
(4; 8.492 AT ATIGNT 2B (FeT G SIS Frera
ORI 2 ORI ATATGINT SRS AW FACS NI |

Original Subject

FAGIIN AT ST | AN P TIRCD A 9P
BT i (Trnfes)

Input Body

2/ g FNRIRE (Groa T (oK PG (AF STovr JHN
(O Y RN (T 236 I IR (GLoANTNB IO
ST fTw22T a7 PRIt G SRIRE IS T9F
FAGIIN ATFHND TANT FAAR ©F (AT HCAGN FACS
R FHEAI RO Gy fNfafde masfaommT oM
FAR T OIMF OfITO (NS (T G (NG B FACO
BT GO PR JBICGINP &l HeATRe AP AT
NG ]2 NNTOIK Tl [H@TOIT 93 AT 2o Ay
SAINEST (@F0Y (TN LRHND P AN OANTF R TSI CFAfe Ft
It I GO FERI ©IF (2P FRIIR ([0R NT® A" 9Hi0
T TR OGS GFGH PEFIRITE Bl 4-q A [Nro
T 92 [T ATAGAIT 2ABS (ST T SO Irer

Response Generate
Subject

FAGIN ATFFN ST | SN IS AdF
R i
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4.2 Model efficiency

4.2.1 Training loss:

The model's mistake on the training set is measured as “training loss". Remember that the dataset
that was partially utilized to train the model is comprised of the training phase. The training loss
is computed based on the sum of errors for each instance in the training set. In other words, loss is
a measurement of how effectively a model for a given situation was predicted. If the model's
forecast is true, the loss is zero; otherwise, it is larger. The goal of the modeling process is to
identify a collection of weights and biases that on average have minimum loss across all cases.
The value of the objective function that you are minimizing is called the train loss. Based on the
precise objective function of your training data, this result might be either positive or negative.
Over the complete training dataset, the training loss is determined.

The performance statistic of your model that is human interpretable is called train error. Typically,
it refers to the proportion of training instances that the model incorrectly predicted. Always a
number between 0 and 1, this is. The same data used to train the model and determine its error rate

are used to compute training error.

epochs vs subject_update_loss

300 |
250

200 |

0 10 20 30 40 50 60 70

Figure 4.2.1 Train loss
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CHAPTER 5

RESULT COMPARISON AND ANALYSIS

In comparison to other papers, this work provides us with the best accuracy. Some researchers did
work that was almost identical to this study. Table 1 shows some connections between our work

and some earlier text summarizing research.

Table 5.1 Comparison with some previous works
Work Algorithm Train loss

Bengali abstractive text summarization using RNN 0.008

sequence to sequence RNNs

Bangla E-mail Body to Subject generation using RNN 0.001

sequence to sequence RNNs

Based on the above table, we can see that several researchers have used various sorts of algorithms and

have obtained a range of train losses, but the minimum train loss overall is 0.001.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

Through this study, demonstrated how to use LSTM encoding and decoding to create a model for
creating a Bangla to Bangla topic from a given email content. No model including ours, can
forecast the outcomes with hundred percent accuracy. However, our model can offer the most
precise anticipated subject. Due to various flaws in our model, we were able to create a topic that
is clear, relevant, and fluent while also lowering the training loss. The dataset used in our research
experiment was the main constraint. We had to generate our own dataset because there wasn't one
already available online. It's challenging to develop a dataset for generating subject, and we are
aware that deep learning algorithms provide results that are much better the larger the dataset. As
a result, we continue to gather data and expand our collection. Another drawback is that our model
could only generate subject with a certain number of words. We'll work to expand it so that it can
generate subject from emails body with an unlimited number of words. Additionally, Bangla
language lemmatization and better words to vector are not readily available. Future efforts will be
made to address these issues in the hopes of creating a stronger subject generation model for

Bangla language.
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