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ABSTRACT

Communication is one of the most important things in our day to day life. Nothing can be done
without communication. Each and everything of our life is directly or indirectly dependent on
communication. Nowadays communication among peoples crosses the language barrier and all
this happens for the rapid growth of technology. It helps us to communicate with people of
different languages using our smartphones. All this is possible for the universal use of NLP
technology. NLP technology is growing rapidly and trying to make more efficient ways of
communication. It's vision is to make a universal way of communication by which all the

people of the world can communicate with each other.

In this research, we propose a paragraph generation technique using Bangla language and bi-
directional RNN model. here we will generate a paragraph from a given title. from the title we
will understand the topic and then we will generate a paragraph based on the title using the

prediction of next possible words.
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CHAPTER 1
INTRODUCTION

1.1 INTRODUCTION:

Sequence to sequence text generation is the most proficient methodology for consequently
changing over the content of a word from a source succession to an objective succession. Text
age is the use of characteristic language age which is helpful in succession demonstrating like
machine interpretation, discourse acknowledgment, picture inscribing, language distinguishing
proof, video subtitling, and substantially more. Along that Bangla text age has indicated an

exceptional job in the field of the individuals whose native language is Bangla [1].

Nowadays technology is one of the most important parts in our day to day life. it makes our
life faster and easier. With the rapid growth of technology communication among peoples
becomes easier. Even it crosses the language barrier. Now we can communicate with the people
of different language and NLP technology is the reason for that. It processes language from
one form to another which helps to communicate with people of different language. Nowadays
NLP technology is growing much faster and it is trying to make a more efficient way of

communication.

Automatic text generation is one of the mentionable exploration regions of Natural Language
Processing(NLP). The measure of information is expanding quickly also the need to understand
the substance of any content is simply compulsory apparatuses, these days. The region of text
generation has been producing for a long time. Mentionable examination has been as of now
done through the extractive age approach, on the opposite side-the abstractive text generation,
which is the best approach to produce any content like — human. The machine will have the
option to give another kind of text, where the comprehension of a given text may be found as
like a human-created text. A few exploration improvements have just been accomplished for

Abstractive text generation in the English language [2].

its vision is to make an universal way of communication by which all the people of the world
can communicate with each other without knowing a common language. Any language having
own Unicode can be applied in NLP technology. According to the number of speakers Bengali

is the fifth language over the world.in this research we propose a paragraph generation
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technique in Bengali language by predicting next possible words.in this we'll generate a
paragraph from a given title.

To predict next possible word we will use a word prediction algorithm. In this process firstly
the algorithm has to determine the topic on which it's going to predict the next possible words.
To do that the algorithm will use dimensional frequency distance of the current and the relevant
words. After that the algorithm will analyze the words and will find the word which should be
the next word of the current. The most perfect algorithm will predict the most accurate next
word and form the most perfect paragraph. As the NLP technology is growing faster and there
are many more ways to build a perfect methodology. So we need to work more with the Bangla
language and make Bengali language more precious.

1.2 MOTIVATION:

Automation is increasing day by day. People are trying to do things with less efforts. That’s
why they are inventing and developing almost everything from manual to automatic. In
language English is everywhere. But Bengali language also takes a stand in the international
field. Day by day Bengali language is getting deeply engaged in every sector of Bengali people.
In the literature, education side, print media and many more, Bengali language is advancing.
For a thesis or project report or literature review or maybe a long paragraph for anything is
tough to write. Automated word and sentence generation in Bengali is done already but there
is no paragraph generation for long text. This will help people to fill up long text demands
where it is necessary. This will also help Bengali NLP sector where long text paragraphs are

needed.

1.3 RATIONALE OF THE STUDY::

There is no uncertainty that there are bunches of shots taken at Natural Language Processing
(NLP) in English and these methodologies or the procedures are being utilized in many
robotized frameworks just as the mechanical autonomy framework. To grow increasingly
mechanized applications or make considerably more proficient in Machine Learning
approaches, there is no option in contrast to working with text. This made us intrigued to work
with this. Right now, we see that the scratchpad editors are substantially more scholarly. These
have a few highlights like auto-rectifications, sentence structure checking, autosuggestion, and

so forth. These highlights are the result of the gift of Natural Language Processing. Yet, these
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highlights are generally observed for English. Such sort of highlights are uncommon for Bangla
text. These, really, take us to work with Text.

1.4 RESEARCH QUESTIONS:

i.  Would we be able to gather real-time data?

ii. Can we apply this in real life?

iii. Which are the helpful algorithms those can be utilized for text
Demonstrating?

iv. Would this research be able to trenchant for the rustic occupants of
Bangladesh?

1.5 EXPECTED OUTPUT:

The anticipated result of this research-based project is to assemble an algorithm or make a total
productive system that will generate a paragraph from one or more given words as for the built

model of the trained dataset.
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CHAPTER 2
BACKGROUND

2.1 INTRODUCTION:

In this part, we will portray related works with our project. There are numerous distributed
proposal papers for anticipating the exhibition of text generation utilizing diverse models. The
summary of those works will be included below. What's more, the venture model, quality and
shortcoming of their task will be examined also.

2.2 RELATED WORK:

As all through every one of these years a great deal of work has been done on this field, adding
more is expected to add a great value to the workspace. Completely different researchers,
various analysts, and enthusiasts are growing new algorithms and procedures just as new
models to enhance the current consequences of text generation. Some of them will be talked

about in this segment.

Abu Kaisar Mohammad Masum et al. (2019) proposed another kind of text generation of
Bangla language utilizing the bi-directional RNN. This method is utilized to foresee the
following conceivable word in Bangla content [3]. They basically discussed the n-gram
modeling with a pre-trained Bengali word inserting for Text generation and made a Bi-

directional Recurrent Neural Network for preparing the model.

Partha Pratim Barman et al. (2018) took a shot at the next word forecast model and in this
exploration they utilized RNN based methodology [4]. Fundamentally they constructed a
model of LSTM which is a special kind of RNN. They applied this work in a live visiting
application where the application can anticipate the following Conceivable word. In this model

their objective language was the Assamese language.

Paul Hongsuck Seo et al. (2016) dealt with an inquiry noting framework and utilized the neural
system in their framework to consequently anticipate the conceivable answer for the inquiry
given by the client [5]. In their conventional neural system (CNN) they utilized a parameter

expectation system to make a versatile inquiry noting model. They applied the hashing
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procedure to diminish the unpredictability of a huge number of parameters. Accordingly

answer determination will be a lot simpler for the framework.

Analyst Ralf Schluter and his group dealt with language modeling utilizing the LSTM neural
system in 2012 [6]. The fundamental reason for their exploration was to manufacture a neural
system that can expand the precision of the investigation. They utilized their model on the
English language and just as an enormous arrangement of French language demonstrating the
task. They have demonstrated improvements in perplexity over standard repetitive neural
system Language models.

Wen-tau Yih and his group from Microsoft Research chipped away at linguistic regularities
[7]. In this exploration they attempted to assemble a model that can foresee the space word
portrayal for an inquiry noting framework. This framework incorporates vector portrayal and
can naturally get familiar with the relationship of words. With about 40% exactness on
symmetric inquiry replying. They illustrate that the word vectors catch semantic regularities

by utilizing the vector balance technique. Their work was the best model in those days.

Researcher Md. Sanzidul Islam and his team stripped away LSTM recurrent neural network
[8]. In their expedition they generated Bangla sentences using sequence to sequence sentence
generation technique. They have shown their expertise in deep learning approach, Long-short
Term Memory (LSTM), a special kind of RNN. They analyzed the sequence of text data and
predicted the adjacent word. They suggested a simulated Bangla Text Generator which is one
of very few of its kind. They have accomplished a very adequate accuracy rate.

A character-based encoder-decoder model which is obtained to transliterate sequence to
sequence by Amir H. Javidinejad [9]. They proposed an encoder worked with Bidirectional
Recurrent Neural Network that encodes a succession of mantels into vector representations

with fixed length.

Researcher Zhang and Lapata clarifies momentous work utilizing Recurrent Neural Network
(RNN) [10]. They have shown tremendous performance over RNN using Chinese poetry. Their
initiative was very decent that their model could recreate some lines of Chinese poems

automatically. It was a very extraordinary work then.
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Praveen Krishnan and accompanying enthusiasts presented an OCR framework which seeks
after a joined architecture in seven distinct dialects of India and a division free technique [11].
Their framework was proposed to help the consistent learning in the hour of being it usable, as
constant client input. They worked with Bi-directional Long Short-term Memory (BLSTM)
strategy, another type of general LSTM.

Robert Ostling et al. suggested a model that was built with sequence-to-sequence fictitious

neural systems and LSTM engineering that was a major regard for enthusiasts [12].

Model Loss

loss

0 20 40 60 80 100 120

epoch

Fig 2.1: Model loss of text generation using RNN [3]

Model accuracy

1.2

0.8
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0 20 40 60 80 100 120

epoch

Fig 2.2: Model accuracy of text generation using RNN [3]
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2.3 RESEARCH SUMMARY:

So it has been seen that a great deal of research has just been done on Text generation for the
English language, etc. for the Bengali language by arrangement of sequence to sequence word
or text prediction, and different data mining approaches. The majority of them utilized the
greatest measure of foundation data as training data and the remainder of the data as test data.
What's more, the two sorts of information yield a definitive outcome and are joined with the
assistance of the applied classifier model.

2.4 SCOPE OF THE PROBLEM:

At present we are taking advantage of innovation and mechanization frameworks a great deal
we are accustomed to having computerized recommendations of a wide range of text-based
things, for example, auto sentence proposal, auto-remedy of words, also in our speech we want
to have a suggestion, for example, commanding a system. There have been numerous works
upon auto sentence and word generation yet exceptionally less work in computerized paragraph
generation in the English language and there is no work at present about a paragraph generation
system or approach in the Bengali language. By the assistance of this model, we can have an
auto-generated paragraph from a given word and furthermore from a succession of given words
in Bengali it can help us in a wide range of areas, for example, instructive reason, print media,
writing, web-based social networking, an online blog and any kind of website working with

Bangla and require paragraph generation feature can take advantage of this research project.

2.5 CHALLENGES:

Collecting Data

Data collection was quite easy. From various online Bengali news portal, Facebook and
various Bengali blog posts, we got our data. Most of the data is from news. Also manually we
put some text.

Language friendly system making

The troublesome part was making words and sentences good with the system. In any case, by
taking a few aides from online it gets simpler. We found and used Bengali stopwords from the
internet. We found 393 stopwords. Every one of these things made our project kind of difficult.

But when there is a problem, there is a solution too. It made us learn many new things.
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Fig 2.3: Model Flow chart

Selecting model

Determining a model is kind of a tough job. If we choose the wrong model then the whole
project would be devastating and a loss of valuable time. We used some layers to create a
model. Bi-Directional LSTM, Batch Normalization, Dropout, Dense, Activation. We used
these to provide the best result to show an output of an automated paragraph regarding the

input being either one or more words.

Method of project

The proposed procedure of paragraph generation on word or sentence which is appeared in

Figure 2.3. It has secured the means of text to paragraph and it is consisting basic six steps.
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CHAPTER 3
RESEARCH METHODOLOGY

3.1 RESEARCH SUBJECT AND INSTRUMENTATION:

Language Modelling is the most momentous piece of modern NLP. There are some pieces of
the assignment, for example, Machine Interpretation, Text Generation, Text Summarization
Speech to Text Generation, Text to Speech and so on. A good language model acquires
information from past arrangements of words. In this paper we worked with N-gram token
sequences, Word Embedding and Bi-direction LSTM to generate a paragraph from a given title

using next word prediction.

Firstly, we collect our Dataset and then we clear our data for training purpose and then we build
our corpus for training purpose. we use N-gram token sequence after that we apply word
embedding. we use bn_w2v_model.txt for word embedding. After that we created our model
and train out corpus with the corpus and at last we generate paragraph from given title. Here is

the figure of our workflow.in this figure we have shown our working procedure step by step.

N-gram:

N-gram is used in NLP base research works. N-gram is ‘n’ types of sequence using word, para,
sentences etc. It means when ‘n’ types of items continuously get sequenced from a given
corpus. A language model needs a setup of the token and which can predict the next word or
grouping. So we need to tokenize the words. We use Keras work in a tokenize model which
condenses words with their record number from the corpus and after that all content changes

the arrangement of the token.
The arrangement contains tokens which was produced using the corpus in N-gram. Each token

tells to the chronicle the word which is in the corpus vocabulary. N-grams can be used as a uni-

gram, bi-gram or tri-gram model depending on the dataset and the goal of that research.

© Daffodil International University



Dataset

Bengali Contractions, stop words
removing, clearing text

¥

{ Data Pre-processing }
{ Build Corpus }

¥

[ Word Embedding ]

g =

{ Generating Pad sequence }

L 2

i %

]
)

Create model
L ‘ "y
' "
Train model
L "y
' ‘ %

Generating Paragraph

]

Output prediction

Fig 3.1: Workflow diagram for paragraph generation.
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Word Embedding:

To feed the data to machine word embedding is needed. The machine and algorithm only
understands numerical data. So word embedding is converting text/word into vectors of real
numbers. There are two word embedding approaches. Context co-occurrences and predict
words in context. Word2vec is used to generate word embedding. There are some reasons why
we used word embedding. A machine can understand just paired or numerical honor. So,

processing a language and working with languages must be required word2vector.

Every vector speaks to the vocabulary of the corpus document when applying word extending
each machine can change over tokenize word to a vector . When all of the word now has a
vector value. Now word embedding is to find after which value will be which other value. That
means After which word will be which word There are several Word embedding pre-trained
models in different languages but in the Bengali language few numbers of word embedding
files present, most of which is not enough for research. One good pre-trained model was found

which is usable and we used it in our research purposes. Which name is “bn_w2v_model.txt”.

Pad sequences:

As known, because for ML models for NLP tasks it must be feeded matrix of normalized
values, that means all sentences (tokens) must have the same number of elements, even if there
are blanks or none. So, padding is needed for long or short text to have the same size. Some
text input can be short, some can be long. All the neural networks work with the same shape
and size inputs. So when a sentence is too short padding adds a 0’ by default and when it is

too long then the first value/words gets cut.

Word Numeric Assignment
I 5

am 2

a 4

boy 3

play 6

football 9

everyday 8

strong 10

Table 3.1: Word numeric assignment for example

11
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‘Tam aboy’

‘ I play football everyday ’

‘I am strong’

When padding is used, every word gets a numeric value to identify them. Suppose, 1=5, am=2,
a=4, boy=3, play=6, football=9, everyday=8, strong=10.

So, numerically [[ 5, 2,4,31],[5,6,9,8],[5, 2, 10 ]] this represents all the sentences above.

Sentences Sequence
| am a boy [5,2,4,3]
| play football everyday [5,6,9,8]
| am strong [5,2,10]

Table 3.2: Making sentences with sequence

So there are 10 unique words. When padding length will be fixed like 4 then all the sentences
will be 4 words. After defining padding max length 4 the result will be
[[5243],[56,98],[0,5,2,101]]

Sentences Sequence

| am a boy [5,2,4,3]
| play football everyday [5,6,9,8]
{Blank} I am strong [0,5,2,10]

Table 3.3: Pad sequencing of sentences

Here ‘0’ is OOV or out of vocabulary which indicates a blank text. But if the padding length is
3 then the result willbe [[ 2,4,3],[6,9,8],[5, 2, 10]].

This is how padding works.

Every development has an alternative length. So we need to pad sequences for making an
arrangement of balanced length. For this point, we use Keras pad sequences function. The
undertaking of the learning of the model we used n-gram gathering from a given word and the

anticipated word as the concurrent word.

12
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3.2 DATA COLLECTION & PREPROCESSING:

Each profound learning algorithm needs countless data. As enormous the dataset is the outcome
is that vastly improved. For our model, we need an attractive number of data as well. In any
case there isn't sufficient dataset accessible on the web, along these lines, we have gathered
different kinds of data, for example, news, Facebook posts, and so on and afterward made a
synopsis of those writings for our research reason. In our dataset, there are just two segments
accessible which is important and those are text portrayals also, outlines. We collected data
from:
e From news data

e From blog data

Most of the data of our dataset is collected from news data as there are a lot of sources of news
data. About 90 percent of our data is collected from news data and the rest 10 percent of data

is collected from blog posts from many blog sites.

After the collection of data there comes the pre-processing of the data. We pre-processed our
data to be used for training purposes. To pre-process our data, we used three techniques. They

are:

e Change contractions
e Remove stopwords

e Clean text

Now we will tell details about these three techniques of data pre-processing. After finishing all

these three we will find a clean corpus that will be used for training purposes.

Change contractions:

Before getting a ready dataset for content age, we have to include Bengali compressions. Since
contraction contains a short type of a word, firstly we will change contractions with the full
form. It will make our data cleaner to be used in training.so we need to perform data contraction
to have a more accurate text corpus. After having this in our text our data is somewhat

processed already for training purposes. Here we show some examples of data contractions.

13
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Contractions | Full Form

e @GN

Tlg V) RAE
(e (==
2f&s fgfa=

IEERTS RTY 78

Table 3.4: Bengali contraction convert
Remove stopwords:

Stop words are words that are commonly used in any language which has no actual meaning.
It’s just used to make a sentence full of sweetness but it doesn’t carry any tangible meaning.
So, we have to remove the stop words from the text. To remove stop words in our paper we
used remove stopwords function. Removing stop words removes the redundancy of sentences.
After removing the stop words, we will find a more efficient dataset that will be used for

training purposes.

Clean text:

Our collected data is not as much usable to train our model with this data so we need to clean
our data first. To clean our data, we have to remove extra whitespaces, we need to remove
digits, we need to remove special characters and so on. To clear our data properly we used
some regular expressions.to clean data some regular expressions were used. We used all regular
expressions in a function and called it where needed. After cleaning our data our corpus is

ready for further use like training purpose.

3.3 PROPOSED METHODOLOGY:

In this research we worked Bi-directional LSTM which is on kind of special RNN.it is one of
the most popular layers for text base autocompletion.it works in two directions one is forward
and another is backward. they are in different position. Forward direction gives us the
predicting output and on the other hand Backward direction stores the previous information’s
and outputs.

The formula will be,

14
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hf =a(Wf « X+ hf + bf) 1)
hb = a(Wb * X + hb + bb) (2)
y = (hfWf + hbWh + b) (3)

Here,

o = Activation Function

hf = Forward hidden layer
hb = Backward hidden layer
W = Weight,

B = Bias

Fig 3.2: Bi-directional LSTM

As we know that bidirectional LSTM stores previous outputs and information and this previous
information are used in current state as input.so it predicts the next remembering the previous.in
our research text sequences and time is used as input. For training our model we used a
sequential model of keras.in this sequential model we used LSTM layer inside bidirectional
layer and used 516 units and ‘RelL.U’ as activation function for this layer. As LSTM is a special
kind of RNN in cancels angle. Every LSTM cell has three entry points. Input Gate, Forget Gate,

Output Gate and a cell state included data across the doors.

it = g(wi[ht—1,xt] + bi) 4)
ft = o(wilht—1,xt] + bf) (5)

15
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ot = a(wo[ht—1,xt] + bO) (6)
ct = ft x ct—1 + it x o(wc[ht—1,xc] + bc) @)
ht = ot * o(ct) (8)

Here,

it = input gate’s,

ft = forget gate's ,

ot = output gate,

ct = cell state,

ht = hidden state,

o = activation function

After that we used Batch Normalization layer to normalize our trainable data. After that we
used Dropout layer with the 0.4 value and it helps us to reduce overfitting of data. After that
we used a Dense layer with the activation function ‘Softmax’. In the Dense layer we passed
total words as a parameter and again used the Batch Normalization layer to normalize our data.
It also reduces are trainable parameters.to reduce the model loss we expand the learning rate
from 0.0001 to 0.001 and to reduce the time of every epoch we used batch size 100. Finally,

we fit the defined model and set input and output sequence with verbose.

Algorithm used in our model is:

1. Function model create (max sequence length, total words):
2 input length= max sequence length-1
3 declare Sequential ()

4 add(Bidirectional(LSTM(units),input shape)
5.  add(BatchNormalization())
6 add(Activation)

7 add(Dropout(0.4))

8 add(Dense(total words))

9 add(BatchNormalization())

10. add(Activation)

11. compile(loss function, optimizer)
12. return model

13. create model(max sequence length, total words)

16
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This is the pseudo code for our model. We used Keras sequential models. In this model we
used bidirectional LSTM as input layer after that we normalized using Batch Normalization
and then we used activation layer and passed result as activation function. After that we used
Dropout layer with a value of 0.5 to prevent overfitting. After that we used a dense layer with
Batch Normalization layer. We also increased learning rate to reduce loss and used batch size
100 to reduce training time for each epoch. We used 100 epochs for our research purpose. We
fit 600 news data on our model and found the accuracy of 96.33%.

Here we show the model structure of bi directional LSTM.

bidirectional_1_input: InputLayer

-

bidirectional _1(Istm_1): Bidirectional(LSTM)

-

batch_normalization_1: BatchNormalization

-«

activation_1: Activation

-

dropout_1: Dropout

-

dense_1: Dense

ro

batch_normalization_2: BatchNormalization

'

activation_2: Activation

Fig 3.3: Bi-directional LSTM model structure
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3.4 IMPLEMENTATION REQUIREMENTS:

We needed some hardware and software to train our data on our research model and feed the
data to the machine. We are discussing them below. Anaconda is a free and open source Python
distribution and R programming languages. It works for predictive analytics, Data science,
Machine learning, Image processing and scientific computing. It simplifies development and
management of a project. Package management system named conda manages the package
version. Anaconda navigator provides us with various development environments to use like
spyder, jupyter notebook, orange and so on. all we have to do is to launch it from anaconda
navigator and use it. Python is a high level and most popular interpreted dynamic programming
language. It becomes more popular because it emphasizes code reliability.it provides us a huge
set of libraries, packages, methods to work with. when we write code with python it's like we
are commanding someone to do it. It provides automatic memory management. Multiple
programming paradigms are supported by Python.it has a huge amount of libraries for data
science, machine learning, data analysis, image processing, data mining etc. It is best for
research based work because it simplifies the code. Colaboratory or “Colab” is a product from
Google which allows anybody to write and execute arbitrary python code through the browser,
and is especially well suited to machine learning, data analysis and education. More
technically, Colab is a hosted Jupyter notebook service that requires no setup to use, while
providing free access to computing resources including GPUs. It's very useful for students who
are very interested in learning Ai, Machine learning, Data science and so on but don't have that
configuration pc to train models with. Colabratory provides us tensor flow gpu for 12 hour. So

we can easily train our model without having high configuration pc. So it's very useful for us.

Hardware requirements:
1. Operating system (Windows 7 and above)
2. Web browser (Chrome or Firefox)
3. Hard disk (512 GB)
4. Ram (8 GB)

18
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Chapter 4

Experimental Results and Discussion

4.1 INTRODUCTION

Regarding paragraph generation, we have attempted to build up an algorithm by which one can

consequently generate a paragraph from at least one given word. In section 3, we have depicted

the research project and the technique of its working. Presently, in section 4, we have attempted

to show the yield results outcome and procedure of the paragraph generation.

4.2 DATA SEGMENTATION

For this research project, we gathered preprocessed data from prestigious newspapers and

online articles. Yet at the same time, there is some repetitive data there. The articles are put

away on a text document file. At that point, the information is changed into an excel document

record and fragmented into two areas named title and paragraph. A perspective on portioned

data is given below.

Title

Paragraph

ferst

AT VSO TN fNGTRTE (IS ATS FACO O FIAIN RO NI =R
8 IR N g SieZE (([RSTEf™Y) (G (o (GAIEe (9].)
BANSHINNG IS AN [Ngy amee| Rgwgt e fRogsad
(GGG OIS &I~ o % 433 G651 o RO o oM G~ oy
AT 8 WO [T NGNS TN REN G2 TGN AT FAPOT| oi el
WA RN, O [NGIN Ofthd IR, SN [TIToT WG| g6
SR RN (AR (MR 206 WAR68 (e F9°5%) « [Ny
WIS MR | FG NFNH A A ARCFH N PSR ANRI (PICAT
fFR FAF ATICH (21" AN 8 JAFFITHE IS Oryls Meg I =, e
BIEANT WF 8 (SNEARTEN WA HROIFIeT (GIORIE AT Gy O Al
ORI FFHAEI TFed WS HREIFIA (FH260T MITIREAN SINFIF
RN Aot TR RPN (N SmreTe ot Rt SIS SEA |

IS FCHN IR TGO O WMATS I FAN 28 T AR & AT |
AMeT® GG IPNRTL AP NATOES (NOF (GAISeT (W<.) AT =
FA & SEFAN FATF FAT  (F IV ({GIGF TN, AR SR FIeAN
OHNFHNE ARTETEE P!, S FAN GBATT NN “fer FIEHNEF I I
MRT WA 8 ANMIF FAGAMDI 8N FIF(HT IS AN (W | SH(ST STV
WHSTEAT INPTHRCIT FAFONE TG A (796 IS ST TGy
BISER R AR R PG R IR G Bl | G G | [ B AV G| (RS E AV M ACICES) P 9 R[4V
A TS G G, IRACE (MR TS FAR CFg A6 SN il
AT | (FSHHA TR (VG (G (W1.) ([ AR (SR ot
AW FA W WEPF AN 02 FAMGF AR S & (GG awonzems
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TEFAN VAP (VO (GAIEe (W) TWE TN SN GRINIw
fSf&T® | 2008 SR WTE BT HINAZCE BfFS RN AP HRHT = SN
(MATS AN BTl (O AT IG | T IGAE [{AT (TR T TRGT YA
SRR B (MO AN (S TR | 4 BT (GG ITRT O el
TN ICIAS S 2SN T 2008 AR 2 AT IR % WF (A Gy
BTN TN | ©LN2 (GG IFTHRTT HENTS BT 4 (F IV (FONST T2
GIRREAN 06T OItMd GRS Gl I | AHEACS (M8 Of RS IS
SN T (@I TAWRCE (TS SITS FA1 2 0 & Sz |

IELGIGIERY

INTHRCIF WA IEETF (UG (S (WR.) DY RN A5 el =,
NIV NI GRS TSR NFCAT ANHT 2009 ST
RS SRR 2N TF V-2 SRR AT ANFBI (T ST AL SO
(5P PEN| IFR QA TSR 5[ ARACE 80 G ANSSG BHRF (M|
FE ART| 2008 ANAT WE TIARTEEAS AR O FOF 628 ISR AZ
TN 8 (WG feldold (Gl AT | NRIAGEEAF O id (e, JTNISTR
BTN WA 82 (M TTO fFg F 8 TFAS W | o (A(F TS
fAf*® 2, IO T IRV WF (A(F2 TGOS R 432 (F G Oi (st
TS FAT =T

IR

INPTHRTR ATEF B2 FNGF (W) A= Gy AZFAR (AR TS =N
1S FAFG WA (AN A ¢ WA FHTS W RN IS fofSrs |
fAN=osT BRI (AF FIF Ol FEN| WF WoRT AT AT S
IRNT IR OHIRA FAN| WA 8 RN O Ao PSS AR
CRINAM® Orad FEA|

ferree @I

VTR SAATOEAF (WO (WJ.) foTFe @NE (S ATS FAT =7
SEFIAN e SRR SRT T 8 SHNB NN WA ARTR WS
FIPGA Y[ STACTE GRINRE SfST® | SIMIeT® S1g ST, 961K (A= 2008
S S AN MATTO M0 ANGTIREI-TONGIH TF SABNHNG (I) AR
1P A SRR TR AP CHI TN, Y AN JH(6 U YT
WF 8 (SEARIER (LT (9T | THNIBET (AT ATHGNCS W6, AT G 8 76 Ged
G I V| IOAZE BATR® ASME N JFGN WG AN R(TS
TANIETF (VO fTF® It 5T My TRfon FOACHT T WA
YIS BT AR GRS | I (RS = [eTNP© WIHEZACP AR,
AN (PN & VATV HGP PACRN | & VAN AT AL ATl FPA |

Table 4.1: Data segmentation (news article)

In the Fig 4.1, we can see a portion of the articles are covered with HTML labels. They are the

genuine sectioned information containing immense measures of stop words, data contractions,

etc. So information preprocessing is expected to lessen information redundancy to locate the

specific information or data. So, we cannot input the data into our model. We must convert our

data into the face of machine understanding format which we can feed then to the model.
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4.3 DATA PRE-PROCESSING

We have structured a Python content script to start an information pre-preparing task. The

content is fundamentally working for:

Removing unwanted characters.

Getting rid of unnecessary blank spaces.

Removing new lines.

Removing stopwords.

Expanding contraction words.

Paragraph: 1

Title: fAaSt

Paragraph

SLFAN MBI CMIT AR 8 AT
DI g sz [z (eI (To|
(GAIRE W9 RNTYCHINING IS0 TN
fNtIEs amee fRgwg ReiE fRoasyad
(GGG NGTRE &N Zoa1 BeT q73 A07 f&el
RO NS o T4 Wy 4™ 8
W6t [T FRarics SIfREw 92 7o

Paragraph: 2

Title: 9199

Paragraph

RPN QAT SIS O] O AHNCS
JNN FEN TN R 8 WNIN WHET®
UfGITHREE MREE  TIARGEAF  (NGR
(G O s I #N 8 o8 HlAr
FETF FAA G F IV (@ON6d IZNN
AT S FAN BAB NG WRATEZS A/
S FAN FEATY NN YT FHEHWIEF 457 g0
AT WA 8 SEIF FALAOI ST FIBHA
IS WA (N SRS ST

Paragraph: 3

Title: Wq%E 92N

Paragraph

DR L B E B G R B R IR E R RIS
LRIV 17 S R P [ 0 )| (- Ml | | S [ |
VETFNAN TR OSF  THNISTR PN
ST S UG SR I3 THE F-12
ST T ANFSTH (NI HAFT NGNS AT
(5T PEN JPR IRT JHKSR B RN
RO ANOG OANRF (AT

Paragraph: 4

Title: STI=] ©fm

Paragraph

TVITARTG AR B2 FAGIF NI AR
S S (IS TS 3N WIS FAFO
WP (RN YN R RIS [T
AN A= JSITNTG (AF BIF Ol
FEN

Table 4.2: Script file after preprocessing.
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4.4 INPUT FILE CREATION

After a productive preprocessing process, we have some absolute news records close by. At
that point, we need to perform Natural Language Process on the news documents, we should
join every one of these records into a record. For this, we utilize another python content. This
record takes the organizer name that contains all .py documents as an information and delivers
just a document where all news contained separately being blended and split into sentence
segments of length 10.

4.5 MODEL BUILDING & DATASET FITTING
Preprocessed data then spited into 10-gram segments to fit into our built model.
e Number fitted paragraph- 600

After building the corpus we passed that into our model and to decrease the loss of the model
we have increased the learning rate of the optimizer. As we used Adam as an optimizer its
default learning rate was 0.0001 and we passed the learning rate of 0.001 into the model
compilation. To reduce the time of each epoch we increased the batch size in model

compilation. It reduces our training time in every epoch to work the model more efficiently.
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Epcch 50/100

- 533 - loss:
Epoch 51/100

- 533 - loss:
Epoch 52/100

- 533 - less:
Epoch 53/100

- 53s - loss:
Epoch 54/100

- 53s - loss:
Epoch 55/100

- 53s - loss:
Epoch 56/100

- 538 - loss:
Epoch 57/100

- 538 - loss:
Epoch 56/100

~ 54s - loss:
Epoch 59/100

- 533 - loss:
Epoch 60/100

- 533 - loss:
Epoch 61/100

- 533 - loss:
Epoch 62/100

- 533 - loss:
Epoch 63/100

- 523 = loss:
Epoch €4/100

- 533 = loss:
Epoch 85/100

- 523 = loss:
Epoch 66/100

- 528 - loss:
Bpoch §7/100

- 523 = loas:
Epoch 68/100

- 528 - loss:
Epoch 69/100

- 528 - loss:
Epoch 70/100

- 538 - loas:
Epech 71/100

- 528 - less:
Epoch 72/100

- 528 - loss:
Epoch 73/100

- 528 - loss:
Epoch 74/100

- 538 - loss:
Epech 75/100

- 538 - loss:

0.4832

0.4422

0.433¢

0.4257

0.4160

0.4023

0.391%

0.3878

0.3842

0.3680

0.3640

0.3574

0.3478

0.3435

0.3375

0.3307

0.3282

0.3237

0.3177

0.3110

0.3077

0.3020

0.297

0.2945

0.2895

0.2881

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy: -

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

0.9237

0.9282

0.8302

0.9300

0.9328

0.9342

0.9371

0.9371

0.9380

0.9404

0.9405

0.9420

0.9443

0.9507

0.9s518

0.8528

0.9532

0.9336

0.8544

Fig 4.1: Training data.
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Epach T&/100

= 233 = loss:
Epach T7/100
- Bgs - lo=s:

Epoch TE&/100
- 54z - loss:
Epoch 79/100
- 53= - loas:
EFcn:'n E0/100
- 532 - loaa:
Epoch &1/100
= 243 = loss:
Epoch 82/100
= 335 = loss:
Epoch 83/100
- 535 - 1D55:
Epoch £4/100
- 53= - lo=s:
Epoch £5/100
- S54= - losa:
Epach E6/100
- S4=a - losa:
Epach E7/100

= 223 = loss:
Epoch BE/100
- B4 - loss:

Epoch 88/100
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Epoch 90/100
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Epach 97/100
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= 243 = loss:
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=]

. 2224

2320

L2474
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L2405

2382
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. 2307
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ﬂ.l:l:i.i.rﬂ.l:}-':

Aaccuracy:

accuracy:

accuracy:

acCuaracy:

accuracy:

ﬂ.l:l:i.i.rﬂ.l:}-' 1

accuracy:

accuracy.

accuracys:

accaracy:

ﬂ.l:l:i.i.rﬂ.l:}-':

aSSUrasy:

AacCUuracy:

accuracy:

accuracy:

ﬂ.l:l:i.i.rﬂ.l:}-':

ﬂ.l:l:i.i.rﬂ.l:}-' 1

accuracy:

AcCCUuracy:

accuracys:

ACCUDacyY:

ﬂ.l:l:i.i.rﬂ.l:}-' 1

accuracy:

0.9583

0.9384

0.9599

0.9383

0.9596

0.%e10

0. 9801

0.9%813

U.98l13

0.%821

0.882e

0.%624

0.%g25

0.9631

Fig 4.2: Training data.
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4.6 EXPERIMENT ACCURACY, LOSS & OUTPUT

Model accuracy

10

=)
[

accuracy

=
I

= ftrain

c_
8
g

Fig 4.3: Model accuracy.

Model loss

— ftrain

¢,_
=]
&
8

Fig 4.4: Model loss.
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generatEJaragraph{”ﬂb <d {HY (°T", 200, model, max sequence len)

JfFE qEY (7T (I W@ AT gE B A6 AE m A1 S S a9 REREEEeE (@ed e gA o (MeNE SfSWE (FETE

<

generate_paragraph("a. \')I&ﬁ", 200, model, max sequence_len)

AR BRTE SAES WA o7 (W AfRw FAT TEeE e @(RAE (NF A R G TSR @I 8 W BIRREl ¥@ RT3

£
generate_para.graph("w A= (ME H 53‘5", 200, model, max_ sequence_len)

ST AT (T W SeSF FEE R bRl RIRmITEE $EE 20 S (O P 3ER IR SREE 9 91 e 1)

<

generate paragraph ("3 HITE] SH a1 CEREATE S 3 BEERIEE SlEEd %@, 200, model, max sequence len)

"IE HETE] Sl GG SIeN F AeT ML CEET T ARGIeT WP GOIETET Torie FEAul (Ngg e FE TeeF: b

<

generate paragraph ("¥F¥", 200, model, max sequence len)

WA TE AT FAW A o fEESEE T Be TElbe 99 (9 ve we b 419 [ite 3@ TE FATed afeEns b

<

Fig 4.5: Output.

Input (1 KT (7Y

Output [T NCKT (7 (AT ST AT G 1R J0 N Z0HR ATl F&ST Sfersf® @<
RARBIRFR ([Fo7 T I O/ M8TF oIy MITNF [t
fNORACH NNl IR fSfN FoiaoF A JRUT FICG AT 82
ST (ATF WANRS (O WoIRN G2 BT o NN NG
VAT 5TS YR IR (MITNITH (AW 8 NIIO! AT TS WP
O TR FRIBIA MR GBI A [Re| AL, TLIA 2 TN A
F0el (MRANNF [FF07 NNAR I AJTS IS WA (& o
O (PN W1N T ABR N B NS F[[RUT 180T
MRANIR [E0a ST SRR TSN (N2 4 I ST 2SN
(MR P07 ATIGRT HoT60 HAANG WoAEATS (2P IR I
ST (RATINE HTRNG A TN S *F T GIE O NCReTd
RPC (AW AETAHN AT B OIP (M (PO AT NI\
AN FEA SN 7o WFHIF AN WRFN (@A o o1 <8
TR E TOTH Wonvewl [RFEe Ay womee2 pos s (M|
(MATNIE N RO WM NI TIPS GNP FONOPA
6 W AR IR OF JF0 W TN FAR WFN FONF
RTINE [{RFra WeiRN do2 wEe IR (T Sas Qg one
BRI STNET WoRe WRIAST WM (IR ORed  SRkH
FONTOBIRT JF0 FL* NN FACRN (MIANCH (0T {2 (RO N5 [Cq1y
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POINOPOIRR G ST 220l ST WolRfN wF B0
BOF N TS NN FLAY)

Input

QG

Output

G GIFICE WIS ST (Y (AT [IFRA T A1 1S (AR (A
BT 72 e STOFY (FANY 8 (Y BIFA @l f{[OT IR [
JPLEAT DT WIEE NIF (Of AR 9 P A (M
CATAMCTNIET AT HEeT A ATY G QBRI QNG (YCF AT (M0
SNABHIET TCFAY (FIAY & (WY WIEAY FNIO (GrRig [t
(GG fRINHNT (O IR HATT (GO (WOl FATAT STATI® FACO B2 8
Ao & TP STNLTHAT O ATSZT® FATY CIFIZ SN (AT LTS o
o SSICY WO SIANENAINE 8 ACHNITS BIAG [NZ® (AN AT
(AT TS RN G [VZ® ST 12 [RANHF (o1 FA A0s [+
ATSTTNT AT [ASIIHTS I T TSR LI O fONG [VZ® 8 T
WZ® AR (AAF AN ATT OF FIY [N 516 fNze 2874
AT TR TIT NN e fEauf Tufacaeg o IR 8 CTN_EF
TGN (AF TP YT (A FAR ST N NG AT

WIS G IRF FE JEAMY (AN RN (NN T SO BB
ST TN I ATAHR SN MUARSA AIHIMF T AT FR(6 (TN
FI SFTergd RO It N TR JFoqw! NAera A4 RSB
SHNICE TIFF 8 [REAR FF 4 TIYR WIZW VAR 9T 8 NI
SN2 B6d S (JARAIF Hw [NAmAT S 97 B6 I NICFE AF
[BISIEIERS)

Input

ST AT (M NTF

Output

ST TN (R(] NT STOF N5IdF [Pt orel RRRAecms Fge

R4 WML (Ofd FAT AR AN MIFSfeTs QU 12 (ATA(Y
QIFATTACINR 6 AT S15TT 7 NS STOf6 B IR0N &F AR TS
G (AF 5 (FIEAE LG O g2 WGfed IOV
JRANTH FWHFF R (FCH ICACR AT ST Ferprord I N1
IR MY RPN [PANRA OICHT RIS IR AT JPICGINS OAPIGFS
T YN T2 VO 2NPOOGI6T I29R FTO6Id [P o A5 I3
SRIA BIFRATR A LTS (FT4F TN WRINCAF SIS (I [T =057
R IRCNATY AR 5 01 =1 ATty S6e1 200w 5 Fererer
JRONTT WOTFE (FIFINF AfeT® (I ALATH AT G BHNATT Aty

RCP AN T JARAR. Aot SG HAl 20ACY|

ST T I ST3F G Torel MFE JF TGN SO TS AL
S BRI AT TeFONF AT JF o1 2[kFH NG

QAT PEFIET HfR I SR VT (YR STATGNT FACIN
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STeHoABI &S FAF RADT AT GG NRAANTETS AT SSN
IR AIEES B WA A= FR VAT B9 AN S/ 8
SO AFH SOT STofS 85N S Tz RFRG=- STas-
(YT S SRV AR FIGHT AT S g HR{ W
8 I TTRILN I RO S

Input

BeS

Output

T Va1 [Nfrow [T 1% U [[RERIITZ T© Jo N6 377 ((F

©© o J[61F 2Af fAoe 27 WA fNfo~ ARSTATY 5N NS
SR AN FE AT AMCHH [Nr® I 7aPE [ =3
Y ATAMCNES SToFE JANOIM [P AN R AT
197 G236 BANKIM ST Y FINTeT ©IN FNeANrTo N AN
T T 8 NOIVNY I IS 4 FAT IeTN AT NRAT AT
4 FINEAR TG FF AT NEAT AT (FRIT FIN0F A0S
ST AN JCEAN NI (VLo IHT FIG TR FIG NRAT ARTIH Syeer
4 FIG F(I AR 1 Ao AfSRNY [N S2+a I ATH
fN*5® FITS (I TN SIATS TR A1 A AFFIAEZ I ANl
4 (0 N JHT0 TG 8 AGAIIZ (60 FATO BI2 (T (AT ¥
1 I O R =R W FHEAT STLTSTN TR STHNWE WA
(TR AN GG ™A AR FAD AL IS (AN LI NI ST
ERRIGI R(]R G AIFIE Ao FA1 (J THAI CATGH FCI (M1 WY
Mol ToAfSy FEA~ AN WS T TAF® e~ (G eIt
AR TOIHNfS ST 8T FIFF (HIYR ALY TS SIASSTN
ST AT (Nl VP AN 2JIMRN (AN WG ST YL STord
SHNGET WOOH WNSEATGT U (NMRMATGT 8 (NG 26 NANS
RICF ("M (AIF G OARS Qe N ©fF AN 8

Table 4.3: Text Output According to Input.

4.7 SUMMARY

After completion of all the processes successfully we get our anticipated result with 96.33%

accuracy rate and loss with 0.2307.
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CHAPTER 5

Summary, Recommendation, Conclusion and Future Work

5.1 SUMMARY OF RESEARCH

The research project is for generating paragraph text. For that we needed Bengali dataset.
Datasets are collected from various online sources. After that data is processed to feed into the
system. Finally cleaning the data, we feed it into the system to train and the output generates
paragraphs.

5.2 RECOMMENDATION

Other models can also be used to understand the text dependent on the dataset. Since,
understanding the text dependent on the dataset is important. It might change the whole idea
of what has been understood before. Different and various data gives various possibilities of

outcome.

5.3 CONCLUSION

In this paper, we used Bangla language and we proposed a paragraph generation technique that
can generate a paragraph of a fixed length from a given title. We used Bi-directional LSTM for
generating a paragraph using the next word prediction method. Our model gives satisfaction
output. As there is some oversight in this model we’ll try to overcome this with our future

work.

5.4 FUTURE WORK

As our proposed model has some oversight, for example our model gives us a paragraph using
next word prediction but it will not be perfect in all cases. We will try to overcome this in
future. We will make a model that can be able to predict the next sentence as well as the next
word. Then we will predict a sentence from the given title and after that we will take our
predicted sentence as input to predict sequential sentences. We believe it will be more perfect

than this. We think we could also overcome our problem of fixed length paragraphs.
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