
	Wiki	Summary:	A	Consensus	Approach	for	Keyword	
	Extraction	from	Multiple	Summarization	Algorithms	

 A thesis is submi�ed in partial fulfillment of the requirements for the degree of 
 Master of Technology in Computer Technology 

 in the 
 Department of Computer Science and Engineering 

 Submi�ed By 

 Ankita Chowdhury 
 Examination Roll No. - M6TCT23013 

 University Registration No.- 154194 of 2020-21 

 Under the Guidance of 
 Prof. (Dr.) Subhadip Basu 

 Department of Computer Science and Engineering 
 Jadavpur University 

	JADAVPUR	UNIVERSITY	
 188, Raja S.C. Mallick Rd, Kolkata - 700032,West Bengal, India 



	FACULTY	OF	ENGINEERING	AND	TECHNOLOGY	
	JADAVPUR	UNIVERSITY	

	Certi�icate	of	Recommendation	

 This  is  to  certify  that  the  dissertation  entitled  “ 	Wiki	 	Summary:	 	A	 	Consensus	
	Approach	 	for	 	Keyword	 	Extraction	 	from	 	Multiple	 	Summarization	 	Algorithms	 ” 
 has  been  carried  out  by 	Ankita	 	Chowdhury	  (University  Roll  No:  002010504029, 
 Examination  Roll  No:  M6TCT23013,  University  Registration  No:  154194  of  2020-21), 
 under  the  guidance  and  supervision  of 	Prof.	 	(Dr.)	 	Subhadip	 	Basu	 ,  Department  of 
 Computer  Science  and  Technology,  Jadavpur  University,  Kolkata,  is  being  presented 
 for  partial  ful�illment  of  the  Degree  of  Master  of  Computer  Technology  during  the 
 academic  year  2022-2023.  The  research  results  presented  in  the  thesis  have  not  been 
 included  in  any  other  paper  submitted  for  the  award  of  any  degree  in  any  other 
 university or institute. 

 ……………………………………………………………………. 
	Prof.	(Dr.)	Subhadip	Basu	(Thesis	Supervisor)	

 Department of Computer Science and Engineering 
 Jadavpur  University,  Kolkata-32 

 Countersigned 

 …………………………………………….                                 ………………………………………………… 
	Prof.	(Dr.)Nandini	Mukhopadhyay	 	Prof.	(Dr.)	Ardhendu	Ghoshal	
 Head of Department,  Dean, 
 Computer Science and  Engineering                                  Faculty of Instrumentation and 
 Jadavpur University, Kolkata-32.                                        Electronics Engineering 

 Jadavpur University, Kolkata-32. 



	FACULTY	OF	ENGINEERING	AND	TECHNOLOGY	
	JADAVPUR	UNIVERSITY	

	Certi�icate	of	Approval	
 (Only in case the thesis is approved) 

 This  is  to  certify  that  the  dissertation  entitled  “ 	Wiki	 	Summary:	 	A	 	Consensus	
	Approach	 	for	 	Keyword	 	Extraction	 	from		Multiple		Summarization		Algorithms	 ”  is  a 
 bona�ide  record  of  work  carried  out  by 	Ankita	 	Chowdhury	  (University  Roll  No: 
 002010504029,  Examination  Roll  No:  M6TCT23013,  University  Registration  No: 
 154194  of  2020-21)  in  partial  ful�illment  of  the  requirement  for  the  Degree  of  Master  of 
 Computer  Technology  in  the  Department  of  Computer  Science  and  Engineering, 
 Jadavpur  University  during  the  period  of  August  2022  to  June  2023.  It  is  understood 
 that  by  this  approval  the  undersigned  does  not  necessarily  endorse  or  approve  any 
 statement  made,  opinion  expressed,  or  conclusion  drawn  therein  but  approve  the 
 thesis only for the purpose for which it has been submitted. 

	Signature	of	Examiner	1	Date:	

	Signature	of	Examiner	2	Date:	



	FACULTY	OF	ENGINEERING	AND	TECHNOLOGY	
	JADAVPUR	UNIVERSITY	

	Declaration	of	Originality	and	Compliance	of	Academic	Ethics	

 I  hereby  declare  that  this  thesis  entitled  “ 	Wiki		Summary:		A		Consensus		Approach		for	
	Keyword	 	Extraction	 	from	 	Multiple	 	Summarization	 	Algorithms	 ”  contains  a 
 literature  survey  and  original  research  work  by  the  undersigned  candidate,  as  part  of 
 her degree of Master of Computer Technology. 

 All  information  in  this  document  has  been  obtained  and  presented  in  accordance  with 
 academic rules and ethical conduct. 

 I  also  declare  that,  as  required  by  these  rules  and  conduct,  I  have  fully  cited  and 
 referenced all material and results that are not original to this work. 

 Name (Block Letters): ANKITA CHOWDHURY 

 University Roll Number:  002010504029 
 Examination Roll Number: M6TCT23013 
 University Registration Number: 154194 of 2020-21 

 Thesis  Title: 	WIKI	 	SUMMARY:	 	A	 	CONSENSUS	 	APPROACH	 	FOR	 	KEYWORD	
	EXTRACTION	FROM	MULTIPLE	SUMMARIZATION	ALGORITHMS	

	Signature	with	Date:	



	Acknowledgment	

 I  would  like  to  express  my  deepest  gratitude  and  sincere  thanks  to  my  respected 
 mentor  and  teacher  Prof.  (Dr.)  Subhadip  Basu,  Department  of  Computer  Science  and 
 Engineering,  Jadavpur  University  for  his  exclusive  guidance  and  undivided  support  in 
 completing  and  presenting  the  thesis  successfully.  I  am  indebted  to  him  for  the  constant 
 encouragement  and  continuous  knowledge  sharing  that  he  has  given  to  me.  The  above 
 words  are  only  a  token  of  my  deep  respect  towards  him  for  all  that  he  has  done  to  make 
 my thesis its present shape. 

 I  would  also  like  to  thank  my  junior  Bhaswata  Sarkar  for  the  valuable  knowledge 
 sharing  sessions  and  guidance  that  he  has  provided  during  the  complete  duration  of 
 this  thesis,  without  whom  completing  this  thesis  wouldn’t  have  been  possible.  I  am 
 grateful to him for everything he has done during the work. 

 I  would  also  like  to  thank  my  friends  Debam  Saha,  Amartya  Roy,  Satarupa  Mal,  Saba 
 Nadim,  Shahid  Ahmed  Siddique  for  constantly  supporting  and  guiding  me  through  the 
 research work. 

 I  would  also  like  to  thank  my  colleagues  from  Infomaticae  Technology  Pvt.  Ltd.  for 
 supporting and motivating me throughout the time. 

 Finally,  I  express  my  sense  of  gratitude  and  thanks  to  my  parents  for  unconditional  love 
 and  support,  and  without  whom  the  whole  work  wouldn’t  have  been  possible.  Last  but 
 not  least  I  am  grateful  to  all  my  friends,  teachers,  and  mentors  who  have  helped  me  in 
 the work and provided me with key insights. 

 Regards, 

 ANKITA CHOWDHURY 

 University Roll Number: 002010504029 
 Examination Roll Number: M6TCT23013 
 University Registration Number: 154194 of 2020-2021 

 Department of Computer Science and Engineering,  Jadavpur University 

 Signature with Date: 



 A  BSTRACT 

 Modern  times  have  seen  a  massive  increase  in  the  amount  of  text  data 
 coming  from  various  sources.  The  fast  expansion  of  the  Internet  has  made  it 
 increasingly  challenging  to  access  vast  volumes  of  information  ef�iciently. 
 This  lengthy  article  is  a  valuable  source  of  knowledge  and  information  that 
 must  be  skillfully  summarized  in  order  to  draw  out  the  intriguing  details  that 
 are  concealed  inside.  We  require  ef�icient  and  powerful  technologies  in  order 
 to  manage  the  enormous  amount  of  information.The  primary  goal  of  this 
 effort  is  to  condense  a  given  text  into  fewer  sentences  while  maintaining  the 
 key  themes  of  the  original  text.  With  minimal  context  and  information  loss, 
 text  summarization  is  a  potent  text  mining  technique  for  extracting  the 
 useful  information  from  a  document.  By  removing  the  less  important 
 information,  it  shortens  the  language  and  encourages  the  user  to  �ind  the 
 needed  information  right  away.  Wikipedia  is  a  vast  and  diverse  source  of 
 information,  with  articles  covering  a  wide  range  of  topics  and  varying  in 
 length  and  complexity.  At  the  same  time,  Keyword  extraction  is  an  important 
 task  in  text  summarization,  and  various  algorithms  have  been  developed  to 
 address  this  challenge.However,  the  effectiveness  of  individual  algorithms 
 can  be  limited  by  the  diversity  of  text  genres  and  the  complexity  of  the 
 language  used.  In  this  paper,  we  propose  a  consensus-based  approach  to 
 wikipedia  summarization  and  keyword  extraction  that  combines  the  results 
 of  multiple  summarization  algorithms.  We  evaluate  our  approach  on  a 
 dataset  of  Wikipedia  pages  and  show  that  it  outperforms  individual 
 algorithms  and  other  state-of-the-art  approaches  in  terms  of  content 
 coverage,  coherence,  and  readability.  Our  results  suggest  that 
 consensus-based  approaches  can  provide  a  more  comprehensive  and 
 accurate  summary  of  Wikipedia  pages,  particularly  for  long  and  complex 
 articles  and  a  more  robust  and  accurate  solution  to  keyword  extraction, 
 particularly for complex and diverse texts. 

	Keywords:	  Extractive  summarization,  Single-document  source,  TextRank, 
 LSA,  T5  Transformer,  GP2  ,BART,  ROUGE  ,Text  summarization,  Wikipedia, 
 Text mining, Abstractive summarization, Encoder-Decoder 
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 CHAPTER  1 

 I  NTRODUCTION 

 We  must  �irst  understand  what  a  summary  is  before  moving  on  to  the  text 
 summarization.  A  summary  is  a  text  that  is  created  from  one  or  more  texts, 
 delivers  the  key  ideas  from  the  original  text,  and  is  written  in  a  concise 
 manner. 

 Automatic  text  summary  aims  to  deliver  the  source  text  in  a  concise, 
 semantically-rich  form.  The  main  bene�it  of  adopting  a  summary  is  that  it 
 shortens the reading process. 

 There  are  two  types  of  text  summarizing  techniques:  extractive  and 
 abstractive  summarization.  Selecting  signi�icant  sentences,  paragraphs,  etc. 
 from  the  original  content  and  concatenating  them  into  a  shorter  version  is  an 
 extractive  summary  method.  An  abstractive  summary  explains  the  key  ideas  in 
 a paper and then communicates those ideas in simple, natural  language. 

 Text  summary  can  be  divided  into  two  categories:  indicative  and  informative. 
 Inductive  summary  merely  conveys  to  the  user  the  text's  core  point.  This  kind 
 of  summary  often  lasts  5  to  10  percent  of  the  original  material.  Contrarily, 
 informative  summarizing  algorithms  provide  brief  summaries  of  the  primary 
 content.An  insightful  summary  should  be  between  20  and  30  percent  of  the 
 main material in length. 
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 1.1 Some key ideas 
 The  primary  steps  for  text  summarization  and  background  are  described  in 
 this section. 

 1.1.1 Main steps for text summarization 
 The  process  of  summarizing  documents  involves  three  key  parts.  Topic 
 identi�ication, interpretation and summary generation are these. 

	1.	 	Topic	 	Identi�ication	 :  The  text's  most  important  information  is  noted. 
 Position,  Cue  Phrases,  and  Word  Frequency  are  some  of  the  different  topic 
 identi�ication  approaches  employed.  The  best  techniques  for  identifying  topics 
 are those that depend on the placement of sentences. 

	2.		Interpretation:	 An  interpretation  step  is  required  for  abstract  summaries.  In 
 this step, various topics are combined to create a general content. 

	3.	 	Summary	 	Generation:	  The  system  employs  a  text  generating  technique  in 
 this stage. 

 1.1.2 Background 
 The  majority  of  extractive  summarizers  in  the  past  relied  on  scoring  sentences 
 in  the  original  text.  The  most  popular  and  contemporary  text  summarizing 
 methods  either  employ  linguistic  or  statistical  methods.  The  sentences  are 
 weighted  using  the  high  frequency  words,  standard  keyword,  Cue  Method,  Title 
 Method, and Location Methods. 

 The  majority  of  the  current  automatic  text  summarization  systems  create  a 
 summary  using  an  extraction  strategy.  To  create  extraction  summaries, 
 sentence  extraction  algorithms  are  frequently  utilized.  Sentence  scoring,  which 
 assigns  a  numerical  value  to  each  sentence  for  the  summary,  is  one  technique 
 for  �inding  appropriate  sentences.  The  best  sentences  are  then  chosen  to  make 
 up  the  document  summary  based  on  the  compression  rate.  The  compression 
 rate  is  a  crucial  component  of  the  extraction  procedure  that  is  used  to 
 determine  the  proportion  between  the  length  of  the  summary  and  the  source 
 text.  The  summary  will  grow  in  size  and  contain  more  irrelevant  content  as  the 
 compression  rate  rises.  While  the  summary  becomes  shorter  due  to  the 
 compression  rate,  more  information  is  lost.  In  fact,  the  quality  of  the  summary 
 is acceptable when the compression rate is between 5 and 30%. 

 In  an  abstractive  summary,  the  text  is  typically  processed  using  Natural 
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 Language  Processing  (NLP)  methods  to  produce  new  language  that  highlights 
 the  most  important  details  from  the  original  text.  Information  extraction, 
 content  selection,  and  surface  realization  are  the  three  pipelined  processes  that 
 make  up  the  foundation  of  abstractive  summarization  techniques.  Utilizing 
 verb  or  noun  phrases,  information  extraction  extracts  pertinent  information 
 from  text.  By  using  query-based  extraction,  it  can  also  retrieve  crucial 
 information.  The  process  of  content  selection  involves  choosing  a  subset  of 
 signi�icant  text  from  the  extracted  text  to  include  in  the  �inal  summary.  In  the 
 surface  realization  task,  words  or  phrases  are  combined  in  an  orderly  sequence 
 utilizing  grammatical  rules  and  lexicons  (vocabulary  plus  knowledge  of  its 
 usage  and  signi�icance  in  language).  Approaches  for  abstractive  text 
 summarization  can  be  broadly  divided  into  three  categories:  deep 
 learning-based  approaches,  semantic-based  methods,  and  structure-based 
 methods.  The  structure-based  approaches  function  by  encoding  data  from  text 
 documents  based  on  logical  arrangements,  such  as  templates  or  other 
 structures  like  trees,  ontology,  lead  and  body,  rules  (classes  and  lists),  and 
 graphs.  By  utilizing  linguistic/semantic  depiction  of  a  text  document  as  an 
 input  to  the  natural  language  generation  system,  semantic-based  methods 
 identify  noun  and  verb  phrases.  These  systems  include  semantic  text 
 representation,  information  item-based  approaches,  multimodal  semantic 
 techniques,  and  semantic  graph  techniques.  Sequence  to  sequence  models  are 
 known  to  constitute  the  core  of  the  majority  of  contemporary  studies,  and  they 
 have been used to increase text summarization in a number of recent ways. 

	Fig.1:		Text	Summarization	[		12		]	
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 CHAPTER  2 

 R  ELATED  W  ORKS 

 In  essence,  over  the  past  ten  years,  the  amount  of  digital  content  available 
 online  has  been  growing  exponentially  at  a  quicker  rate.  Information  that  the 
 users  genuinely  need  has  been  hindered  as  a  result.  Finding  the  appropriate 
 information  from  a  number  of  sources  is  quite  dif�icult  for  people.  Additionally, 
 manually  sorting  through  and  summarizing  the  unstructured  data  on  the 
 internet  takes  a  lot  of  time.  As  a  result,  automatic  text  summarization  is  now  a 
 necessity  of  the  modern  age.  The  summarizing  problem  has  long  piqued  the 
 interest  of  the  scholarly  community.  In  general,  there  are  two  basic  categories 
 of  text  summary:  extractive  summarization  and  abstractive  summarization.  Up 
 until  the  early  2000s  or  the  previous  decade,  the  majority  of  research  projects 
 focused  heavily  on  extractive  summarization.  However,  due  to  the  demand  for 
 more  precise  and  minimally  redundant  summaries  in  recent  years,  the 
 paradigm  has  gradually  shifted  towards  abstractive  summarization.  Some  of 
 the earlier efforts in these two techniques are discussed here. [  8  ] 
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 Luhn  [  56  ]  and  Edmundson  [  57  ]  made  the  �irst  signi�icant  contributions  to  text 
 summary  in  the  late  1950s  and  the  early  1960s,  respectively.  The  methods 
 were  straightforward,  concentrating  on  the  placement  of  sentences  and  the 
 frequency  of  words  to  create  a  summary  made  up  of  quotes  from  the  original 
 text.  Since  then,  numerous  initiatives  have  been  made  to  create  fresh  methods 
 for text summarising. [  3  ] 

 The  size  of  the  input  can  be  used  to  categorize  text  summary.  While  some 
 strategies,  like  those  in  [  58  ],  [  59  ],  are  aimed  at  single  documents,  others,  like 
 those  in  [  60  ,  61  ],  are  aimed  at  multi-documents.  Another  crucial  component  of 
 text  summarization  is  the  summary  language.  Although  the  majority  of  the 
 works  are  English-focused,  some  have  developed  cross-lingual  text 
 summarization  approaches  [  64,65  ]  and  multilingual  approaches  [  71,62,63  ]. 
 Depending  on  the  type  of  summary,  such  as  extractive,  abstractive,  or  hybrid, 
 text  summarization  can  be  done.  The  �irst  strategy  entails  assigning  points  to 
 sentences  and  choosing  the  subset  of  high-scored  sentences  [  66  ].  In  the  second 
 method,  new  sentences  are  created  to  form  the  summary  from  the  input 
 document's  intermediate  representation  [  67  ].  The  last  strategy  merely 
 combines  the  two  earlier  strategies  [  70  ].  When  compared  to  extractive 
 approaches,  abstractive  approaches  have  the  advantage  of  being  able  to 
 produce  better  summaries  using  words  other  than  those  found  in  the  original 
 document [  68  ]. Many techniques have been created.  [  3  ] 

 In  1958,  the  idea  of  using  NLP  for  summarization  �irst  emerged.  To  begin  with, 
 each  statement  was  given  a  score  using  statistical  methods,  and  the 
 best-scoring  sentences  were  chosen.  This  score  was  calculated  using  a  variety 
 of  methods,  including  TF-IDF  [  24  ],  Bayesian  models  [  25  ],  etc.  All  of  these 
 methods  were  extractive  and  merely  trimmed  the  original  text,  even  though 
 they  were  able  to  generate  a  reliable  summary  through  key  phrase  extraction. 
 The  use  of  machine  learning  methods  [  1  ]  for  summarization,  including 
 Bayesian  Learning  Models  as  done  in  the  publication  [  25  ],  then  came  into 
 prominence.  These  machine  learning  algorithms  have  been  successful  at 
 identifying  patterns  in  texts  and  creating  relationships  between  various  terms. 
 In  this  section,  we'll  look  at  the  rationale  behind  and  speci�ics  of  how 
 summarization  techniques  were  applied.  Every  text  or  sentence  can  be  viewed 
 as  a  sequence  of  data,  and  the  arrangement  of  words  is  crucial  for  the 
 understanding  and  production  of  natural  language.  The  architecture  requires 
 information  retention  with  the  aid  of  some  memory  in  order  to  process 
 sequential data, which is the case for the majority of NLP issues.[  1  ] 
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 The  LSTM  network  [  28  ],  one  of  the  RNN  variations  [  26,  27  ],  uses  connected 
 nodes  to  store  sequential  information  by  preserving  important  information 
 and  discarding  irrelevant  information  that  assisted  in  producing  summaries. 
 The  encoder-decoder  model  [  28  ]  was  created  using  this  LSTM  network 
 technology.  The  encoder-decoder  framework's  implementation  of  Sequ2Seq 
 models  for  NLP  tasks  produced  excellent  results,  but  parallelization  remained  a 
 problem.  While  the  sequential  information  is  kept  in  the  encoder-decoder 
 model  [  29  ],  processing  is  done  by  taking  one  input  at  a  time  because  LSTM  [  27  ] 
 only  takes  one  input  at  a  time.  This  is  a  problem  because,  despite  the  fact  that 
 the  model  produces  better  outcomes,  it  fails  in  every  scenario  and  de�ies  the 
 goal of establishing machine perception.[  1  ] 

 As  a  result,  the  Attention  layer  was  included  [  27  ].  The  encoder-decoder 
 model's  attention  layer  [  29  ]  analyzes  the  input  sequence  at  each  stage  and 
 gives  it  a  weight  depending  on  the  previous  sequences.  Every  word  in  the 
 sentence  is  taken  into  account  for  one  input  by  the  attention  layer  [  30  ],  which 
 produces  vector  matrices.  Because  of  this,  the  attention  layer  compels  the 
 computer  to  read  the  entire  text  as  one  input  rather  than  treating  different  text 
 sequences  as  separate  inputs.  This  method  gained  popularity  because  it  was  so 
 effective  [  30  ]  for  the  abstractive  approach.  As  a  starting  point  for  this  effort,  we 
 used the Google-developed transformer architecture [  30  ][  1  ]. 

 The  concept  of  transformers,  described  in  [  72  ],  was  a  breakthrough  that 
 completely  changed  the  NLP  industry  and  helped  to  deal  with  long-term 
 dependencies  and  parallelization  during  training.  The  BERT  (Bidirectional 
 Encoder  Representations  from  Transformers)  representation  model,  which 
 was  developed  later,  is  a  pre-trained  model  that  takes  into  account  a  word's 
 context  from  both  sides  (left  and  right)  for  the  �irst  time.  BERT  allows  for 
 multi-task  learning  while  also  improving  knowledge  of  the  context  in  which  a 
 word  has  been  used.  To  create  new  models  for  various  languages,  BERT  can  be 
 adjusted.  More  recently,  highly  large  and  diverse  French  corpora  have  been 
 used  to  train  models  based  on  BERT,  such  as  CamemBERT  [  74  ]  and  FlauBERT 
 [  75  ].  A  variety  of  NLP  tasks,  such  as  text  classi�ication,  paraphrasing,  and  word 
 sense  disambiguation,  have  been  applied  to  the  developed  French  models.  It  is 
 not  simple  to  apply  the  BERT-based  approach  to  summarization,  nevertheless. 
 In  actuality,  the  output  of  BERT-based  models  is  typically  either  a  class  label  or 
 a  span  of  the  input.  It  is  suggested  in  [  76  ,  77  ]  to  use  a  BERT-based  model  for 
 text  summarizing  tasks.  The  NewYork  Times  Annotated  Corpus,  Xsum,  and 
 CNN/DailyMail  news  highlights  datasets  were  used  to  test  the  generated 
 models.  It  has  recently  been  suggested  to  use  the  Text-to-Text  transfer 
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 transformer  (T5)  paradigm  and  framework,  which  achieves  cutting-edge 
 outcomes  on  a  number  of  benchmarks,  including  summarization  [  78  ].  As  far  as 
 we  are  aware,  no  T5-based  effort  has  addressed  text  summarizing  using  the 
 French  Wikipedia.  Additionally,  the  abstractive  summarization  process  has  not 
 yet taken the character count limitation into account[  3  ]. 

 Numerous  studies  have  been  conducted  to  examine  various  summarization 
 algorithms,  leading  to  the  publication  of  a  number  of  research  articles  for  the 
 aforementioned  reason.  We  sought  to  ef�iciently  implement  and  optimize  our 
 models  for  use  in  evaluating  the  performance  of  summarization  techniques 
 [  85  ],  coming  to  a  conclusion  with  speci�ic  results.  Different  summarization 
 methods  for  both  single  and  multiple  documents  were  taught  to  us  [  86  ]. 
 Through  this  paper,  we  learned  about  some  of  the  most  popular  approaches, 
 including  frequency-driven  approaches,  topic  representation  strategies, 
 graph-based  approaches,  and  machine  learning  techniques  [  87  ].  A  thorough 
 investigation  has  shed  light  on  current  developments  and  trends  in  automatic 
 summarizing  methods  [  88  ],  which  outline  the  state  of  the  art  in  this  �ield  of 
 study. There are primarily two categories of summarizing methods[  5  ]. 
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 L  ITERATURE  R  EVIEW 

 In  the  research  process,  the  literature  review  plays  a  critical  role.  It’s  a  place  where 
 researchers  get  their  research  ideas,  which  are  then  re�ined  into  concepts  and  �inally 
 theories.  It  also  gives  the  researcher  a  bird’s  eye  view  of  previous  research  in  the  �ield.  A 
 researcher  will  know  where  his  or  her  research  stands  based  on  the  �indings  of  the 
 literature  review.  This  chapter  includes  the  literature  survey  of  the  methodologies  used 
 for text summarizations. 

 3.1 Text Mining 
 Text  mining,  which  employs  various  Arti�icial  Intelligence  methods,  is  also 
 known  as  text  analysis.  Text  mining  is  the  process  of  extracting  high-quality 
 information  from  unstructured  data  by  creating  patterns  and  locating  crucial 
 keywords.  Text  mining  tasks  include  text  classi�ication—classifying  the  text 
 according  to  factors  like  genre—sentimental  analysis—telling  us  how  the 
 author  phrased  certain  sentences  and  what  tone  they  were  written 
 in—document  clustering—clustering  the  documents  using  unsupervised 
 learning—and  text  summarization—creating  a  concise  and  focused  text.  Each 
 task  differs  from  the  others  and  has  its  own  methodology  and  investigation. 
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 The  goal  is  to  extract  useful  numerical  indices  from  the  text  from  the 
 unstructured  material.  Make  the  text's  information  accessible  to  the  various 
 algorithms  as  a  result.  The  documents'  information  can  be  extracted  to  create 
 summaries.  As  a  result,  you  can  examine  individual  words  and  word  groups  in 
 texts.  Text  mining,  to  put  it  simply,  "turns  text  into  numbers."  such  as  the  use  of 
 unsupervised learning techniques in predictive data mining projects [  4  ]. 

 3.1.1 Information Extraction 

 This  is  the  most  famous  text  mining  technique  [  79  ].  Information  exchange 
 refers  to  the  process  of  extracting  meaningful  information  from  vast  chunks  of 
 textual  data.  This  text  mining  technique  focuses  on  identifying  the  extraction  of 
 entities,  attributes,  and  their  relationships  from  semi-structured  or 
 unstructured  texts.  Whatever  information  is  extracted  is  then  stored  in  a 
 database  for  future  access  and  retrieval.  The  ef�icacy  and  relevancy  of  the 
 outcomes  are  checked  and  evaluated  using  precision  and  recall  processes.  In 
 most  of  the  cases,  this  activity  includes  processing  human  language  texts  by 
 means of NLP [  4  ]. 

 3.1.2 Information Retrieval 
 The  technique  of  identifying  pertinent  and  connected  patterns  based  on  a 
 particular  set  of  words  or  phrases  is  known  as  information  retrieval  (IR)  [  79  ]. 
 IR  systems  use  several  algorithms  in  this  text  mining  technology  to  follow  and 
 monitor  user  behaviors  and  �ind  pertinent  data  as  a  result.  Document  retrieval 
 is  considered  to  be  an  extension  of  information  retrieval.  that  the  returned 
 papers  undergo  condensing  processing.  Retrieval  of  the  documents  is  thus 
 followed  by  a  stage  of  text  summarizing.  That  concentrates  on  the  user's 
 question.  The  number  of  papers  that  are  pertinent  to  a  problem  can  be  reduced 
 with  the  use  of  IR  technologies.  Due  to  the  fact  that  text  mining  uses  extremely 
 sophisticated  algorithms  on  big  document  sets.  By  limiting  the  quantity  of 
 documents,  IR  can  also  considerably  speed  up  the  analysis.  The  two  most 
 well-known IR systems are Google and Yahoo [  4  ]. 

 3.1.3 Categorization 

 One  of  the  "supervised"  learning  methods  used  in  text  mining,  this  method 
 categorizes  natural  language  documents  according  to  their  content  and  assigns 
 them  to  one  of  a  prede�ined  set  of  subjects.  In  text  mining,  categorization  refers 
 to  grouping  texts.  Customer  reviews,  help  requests,  and  other  types  of  text 
 documents  can  be  automatically  categorized  based  on  their  contents  using  a 
 combination  of  natural  language  processing  (NLP)  and  machine  learning.  To 
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 �ind  the  appropriate  subjects  or  indexes  for  each  text  content,  categorization 
 [  79  ]  or  Natural  Language  Processing  (NLP)  is  a  technique  of  gathering  and 
 processing  text  documents.  In  NLP,  the  co-referencing  technique  is  frequently 
 used  to  extract  pertinent  synonyms  and  abbreviations  from  textual  input.  NLP 
 is  being  employed  as  an  automated  process  in  a  variety  of  applications, 
 including  the  distribution  of  personalized  advertisements,  the  detection  of 
 spam,  the  classi�ication  of  web  pages  according  to  hierarchical  criteria,  and 
 much more [  4  ]. 

 3.1.4 Clustering 
 One  of  the  most  important  text  mining  approaches  is  clustering  [  79  ].  It  looks 
 for  inherent  textual  informational  structures  and  classi�ies  them  into  useful 
 subgroups  or  'clusters'  for  additional  examination.  The  development  of 
 meaningful  clusters  from  unlabeled  textual  data  without  any  prior  knowledge 
 of  them  is  a  signi�icant  dif�iculty  in  the  clustering  process.  Standard  text  mining 
 tools  like  cluster  analysis  help  distribute  data  or  serve  as  a  pre-processing  step 
 for other text mining algorithms that run on identi�ied clusters [  4  ]. 

 3.1.5 Summarization 
 The  practice  of  automatically  creating  a  compressed  version  of  a  certain  text 
 that  contains  useful  information  for  the  end-user  is  referred  to  as  text 
 summarization  [  79  ].  This  text  mining  technique  aims  to  browse  through 
 numerous  text  sources  to  provide  succinct  summaries  of  texts  that  contain  a 
 signi�icant  amount  of  information  while  essentially  maintaining  the  overall 
 content  and  intent  of  the  original  documents.  The  numerous  text  classi�ication 
 techniques,  including  decision  trees,  neural  networks,  regression  models,  and 
 swarm  intelligence,  are  integrated  and  combined  in  text  summarization  [  4  ]. 
 There  are  broadly  two  different  approaches  that  are  used  for  text 
 summarization: 
	Extractive	 	text	 	summarization:	  The  name  itself  gives  what  this  approach 
 does.  This  method's  purpose  is  obvious  from  the  name  alone.  From  the 
 original  text,  we  �ind  out  the  key  clauses  or  words,  and  we  only  take  those  out. 
 That compiled text would serve as our summary. 
	Abstractive	 	summarization:	  This  is  a  highly  intriguing  strategy.  Here,  we 
 take  the  original  content  and  create  new  sentences.  This  is  in  contrast  to  the 
 extractive  strategy  we  previously  saw,  where  we  only  utilized  the  sentences 
 that  were  present.  It's  possible  that  the  sentences  produced  by  abstractive 
 text summary weren't in the original text. 
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 3.2 Natural Language Processing 
 The  study  of  how  human  languages  and  computers  interact  is  at  the  heart  of 
 the  subject  of  computer  science  known  as  natural  language  processing  (NLP) 
 (Chowdhury,  2003).  The  best  method  for  assisting  the  system  in  reading  and 
 comprehending  the  text  provided.  The  automatic  software  manipulation  of 
 natural  language,  such  as  speech  and  text,  is  known  as  natural  language 
 processing,  or  NLP  for  short.  Unstructured  data  can  be  created  from 
 conversations,  statements,  or  even  tweets.  The  majority  of  data  available  in  the 
 real  world  is  unstructured,  which  does  not  cleanly  �it  into  the  standard  row  and 
 column  structure  of  relational  databases.  It  is  chaotic  and  challenging  to 
 control.  However,  a  signi�icant  revolution  in  this  �ield  is  currently  taking  place 
 as  a  result  of  advancements  in  �ields  like  machine  learning.  Nowadays, 
 understanding  the  meaning  behind  a  text's  or  a  speaker's  words  is  more 
 important  than  attempting  to  interpret  it  based  on  its  keywords  (the 
 antiquated  mechanical  method).  On  this  basis,  one  may  recognize  rhetorical 
 devices  like  irony  or  even  carry  out  sentiment  analysis.  It  is  a  discipline  that 
 focuses  on  how  data  science  and  human  language  interact  and  is  expanding  to 
 many  other  sectors.  Today,  NLP  is  �lourishing  as  a  result  of  the  enormous 
 advances  in  data  access  and  the  rise  in  computing  power,  which  enable 
 practitioners  to  produce  signi�icant  results  in  industries  like  healthcare,  media, 
 �inance, and human resources, among others [  2  ]. 

 Pre-trained  language  models  make  use  of  techniques  for  universally  learning 
 the  parameters  of  neural  network  topologies  and  language  representations, 
 and  they  can  be  adjusted  for  a  range  of  downstream  tasks.  These  models  were 
 categorized  as  �irst-  and  second-generation  pretrained  language  models  in 
 reference  [  42  ].  Word  embeddings  are  pre-trained  models  of  the  �irst 
 generation  (words  are  represented  as  vectors),  and  these  include  word2vec, 
 GloVe,  etc.  Pre-trained  contextual  encoders  are  models  of  the  second 
 generation  (or  more  advanced  models),  and  these  include  BERT[  37  ],  GPT[  38  ], 
 and ULMFiT(Universal Language Modeling �ine Tuning), among others[  2  ]. 

 The  de�inition  of  a  language  model  is  a  mathematical  function  that  applies  a 
 probability  measure  to  a  set  of  strings  taken  from  a  language's  vocabulary. 
 These  systems  have  the  ability  to  analyze  language  material  using  an  algorithm 
 and  learn  to  anticipate  the  words  of  a  sentence  by  calculating  the  likelihood  of 
 a  word  sequence.  In  statistical  language  models  for  a  sequence  Shaving 
 N-words, the probabilities are assigned as, 

	P(S)	=	P(w		1		w		2		w		3…..		w		N		)	  (1) 

	P(S)	=	P(w		1		)P(w		2	 | 	w		1		)	 … 	P(w		N	 | 	w		1		w		2		w		3…..		w		N-1		)	  (2) 
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 To  reduce  the  parameters  from  the  above  equation,  an  approximate  method 
 was  required.  The  n-gram  model  estimates  the  next  word  from  the  previous 
 n-1 words. 

	P(w		N	  | 	w		1		w		2		…..w		N-1		)	 ≈ 	P(w		N	 | 	w		N-n		…..w		N-1		)	  (3) 

 On  the  other  hand,  Neural  Network  Language  Models  (NNLM)  were  developed 
 to  address  the  shortcomings  of  Statistical  Language  Models.  It  was  able  to 
 increase  ef�iciency  and  get  around  the  drawbacks  of  traditional  language 
 models  with  NNLM  [  39  ].  These  models  have  shown  to  be  more  successful  at 
 language  modeling  problems  because  they  can  automatically  learn  features 
 and  representation.  The  first  neural  network  language  model  was  proposed  by 
 [  40  ], as illustrated in Fig. 2. 

	Fig.2:		Neural	network	language	model	 [  2  ] 

 The model in Fig. 2 can be expressed as, 

	y	=	b	+	W		x		+	U	 tanh 	d	+	H(x)	  (4) 
 where  x  is  the  feature  vector  formed  by  the  concatenation  of  input  word 
 features,  x  =  ( 	C	 ( 	w		t−1	 ), 	C	 ( 	w		t−2	 ),  ···  , 	C	 ( 	W		t-n+1	 )  )and  y  is  the  probability  of  the  output 
 word.  W,  U,  and  H  are  weight  matrices  while  b  and  d  are  the  corresponding 
 biases of the hidden and output layers. 

 For  learning  distributed  word  representations,  two  models—Continuous 
 Bag-of-Words  (CBOW)  and  Continuous  skip-gram  shown  in  Fig.4  and  Fig.5 
 —were  proposed  by[  41  ].  The  CBOW  model  learns  by  predicting  a  word  from 
 the  context  words  (past  and  future).,  for  example,  a  word  w(t)  is  predicted 
 from  a  shared  projection  of  the  input  words 	w	 ( 	t−1	 ) 	,		w	 ( 	t−2),		w	 ( 	t+1	 ) 	and		w	 ( 	t+2	 ) 	.	
 A  variety  of  surrounding  words  are  predicted  by  the  skip-gram  model  to  learn 
 representation,  for  example,  with  w(t)  as  input  to  a  log-linear  classifier  it  is 
 possible to predict 	w	 ( 	t−1	 ) 	,	w	 ( 	t−2	 ) 	,	w	 ( 	t+1	 ) 	and	w	 ( 	t+2	 ) 	.	
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 3.2.1 Word Embedding 
 A  group  of  NLP  feature  learning  algorithms  called  word  embedding  map  words 
 to  vectors  of  real  values.  According  to  Mikolov,  Sutskeve,  Chen,  Corrado,  and 
 Dean  (2013),  it  creates  a  relationship  between  words  and  permits  calculations 
 among  them  by  allowing  similar  words  to  have  similar  representations.  As  a 
 typical  illustration,  the  vector  representation  of  the  word  "queen"  would 
 ideally  result  from  the  function  "king  -  men  +  women"  once  words  have  been 
 converted  to  vectors.  When  working  with  natural  language  processing,  word 
 embedding  has  the  advantage  of  capturing  more  of  the  word's  meaning  and 
 frequently enhancing task performance[  4  ]. 

	Fig.3		:	Word	Embedding	 [  4  ] 

 The  most  popular  names  in  word  embeddings  are  Word2vec  by  Google 
 (Mikolov)  and  GloVe  by  Stanford  (Pennington,  Socher  and  Manning).  Let’s  delve 
 deeper into these word representations. 

 In  Word2vec,  Every  word  in  a  �ixed  vocabulary  is  represented  by  a  vector  in  the 
 enormous  corpus  of  text  .  We  then  go  through  each  position  t  in  the  text,  which 
 has  a  centre  word  c  and  context  words  o.  Next,  we  use  the  similarity  of  the 
 word  vectors  for  c  and  o  to  calculate  the  probability  of  o  given  c  (or  vice  versa). 
 We keep adjusting the word vectors to maximize this probability. 

 Meaningless  (or  higher  frequency)  words  like  "a,"  "the,"  "of,"  and  "then"  can  be 
 removed  from  the  dataset  in  order  to  effectively  train  Word2vec.  This 
 decreases  training  time  and  increases  model  accuracy.  In  addition,  we  can  use 
 negative  sampling  for  every  input  by  updating  the  weights  for  all  the  correct 
 labels,  but  only  on  a  small  number  of  incorrect  labels.  Word2vec  has  2  model 
 variants worth mentioning [  4  ]. 
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 3.2.1.1 Skip-Gram 

 One  unsupervised  learning  method  used  to  discover  the  words  that  are  most 
 connected  to  a  given  word  is  the  skip-gram.  To  determine  the  context  word  for 
 a  given  target  word,  skip-gram  is  employed.  It  is  the  CBOW  algorithm  inverted. 
 Here,  the  target  word  is  input  while  context  words  are  output.  This  problem  is 
 challenging  since  there  are  multiple  context  words  that  must  be  predicted.  We 
 take  into  account  a  context  window  with  k  consecutive  words..  Then  we  skip 
 one  of  these  words  and  try  to  learn  a  neural  network  that  gets  all  terms  except 
 the  one  skipped  and  predicts  the  skipped  term.  Therefore,  if  2  words 
 repeatedly  share  similar  contexts  in  a  large  corpus,  the  embedding  vectors  of 
 those terms will have close vectors [  4  ]. 

	Fig.4		:	Skip-Gram	Model	[		2		]	 	Fig.5		:	Continuous	Bag	of	Words	Model	[		2		]	

 3.2.1.2 Continuous Bag of words 

 We  extract  several  sentences  in  a  large  corpus.  Each  time  we  see  a  word,  we 
 also  take  the  words  around  it.  The  word  in  the  centre  of  this  context  is  then 
 predicted  using  the  context  words  as  input  to  a  neural  network.  We  have  one 
 instance  of  a  dataset  for  the  neural  network  when  we  have  thousands  of  these 
 context  words  and  the  centre  word.  After  training  the  neural  network,  the 
 encoded  hidden  layer  output  ultimately  represents  the  word  embedding.  It  so 
 happens  that  words  in  similar  contexts  receive  similar  vectors  when  we  train 
 this  over  several  sentences.  One  complaint  of  CBOW  and  Skip-Gram  is  that  they 
 are  both  window-based  models,  which  means  that  the  co-occurrence  statistics 
 of  the  corpus  are  not  effectively  utilized,  resulting  in  suboptimal  embeddings 
 [  4  ]. 
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 3.2.2 Neural Machine Translation 

 The  method  known  as  Neural  Machine  Translation  [  80  ]  models  the  entire 
 process  using  a  single,  massive  arti�icial  neural  network  called  a  Recurrent 
 Neural  Network  (RNN).  RNNs  are  stateful  neural  networks  that  have 
 connections  across  passes  and  throughout  time.  In  addition  to  receiving 
 information  from  the  previous  layer,  neurons  also  receive  information  from 
 their  own  previous  pass.  This  means  that  the  order  in  which  we  feed  the  input 
 and  train  the  network  matters:  feeding  it  “Donald”  and  then  “Trump”  may  yield 
 different results compared to feeding it “Trump” and then “Donald” [  4  ] . 

 A  vast  arti�icial  neural  network  is  used  in  the  neural  machine  translation 
 method  to  predict  the  likelihood  of  word  sequences,  frequently  in  the  form  of 
 complete  sentences.  Unlike  statistical  machine  translation,  which  consumes 
 more  memory  and  time,  neural  machine  translation,  NMT,  trains  its  parts 
 end-to-end  to  maximize  performance.  NMT  systems  have  lately  defeated 
 conventional  translation  systems  in  the  race  for  machine  translation 
 leadership. 

	Fig.6:		A	Recurrent	neural	network	for	Machine	Translation		[		4		]	
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 Machine  translation  is  the  task  of  automatically  converting  source  text  in  one 
 language  to  text  in  another  language.  There  is  no  one  best  translation  from  one 
 language  to  another  for  a  given  sequence  of  text  in  the  source  language.  This  is 
 due  to  the  ambiguity  and  adaptability  of  human  language  in  its  natural  state. 
 This  makes  the  automatic  machine  translation  task  challenging,  possibly  one  of 
 the  most  challenging  in  arti�icial  intelligence.  The  principles  for  translating  text 
 from  the  source  language  into  the  target  language  are  frequently  used  in 
 traditional  machine  translation  techniques.  .  The  rules  are  often  developed  by 
 linguists  and  may  operate  at  the  lexical,  syntactic,  or  semantic  level.  This  focus 
 on  rules  gives  the  name  to  this  area  of  study:  Rule-based  Machine  Translation 
 or  RBMT.  The  complexity  of  developing  the  rules  and  the  sheer  volume  of  rules 
 and  exceptions  necessary  are  the  two  main  drawbacks  of  traditional  machine 
 translation techniques[  4  ]. 

 3.3 Deep Learning 
 Arti�icial  neural  networks,  a  class  of  algorithms  inspired  by  the  structure  and 
 operation  of  the  brain,  are  the  focus  of  the  machine  learning  discipline  known 
 as  deep  learning.  Deep  learning,  also  known  as  deep  neural  learning  or  deep 
 neural  network,  is  a  subset  of  machine  learning  in  arti�icial  intelligence  (AI) 
 that  comprises  networks  capable  of  learning  unsupervised  from  input  that  is 
 unstructured or unlabeled. From a biological neural network, it has evolved [  4  ]. 

 A  computer  model  learns  to  carry  out  classi�ication  tasks  directly  from  images, 
 text,  or  sound  using  deep  learning.  state-of-the-art  accuracy  can  be  achieved  by 
 deep  learning  models,  sometimes  even  outperforming  human  ability.  A 
 substantial  collection  of  labeled  data  and  multi-layered  neural  network 
 architectures are used to train models [  4  ]. 

 There are two main reasons it has only recently become useful: 

 ●  A  lot  of  labeled  data  is  necessary  for  deep  learning.  For  instance,  creating 
 a driverless car involves millions of photos and countless hours of video. 

 ●  Deep  learning  calls  for  a  lot  of  computing  power.  Deep  learning  is 
 facilitated  by  the  parallel  architecture  of  high  performance  GPU.  This 
 enables  development  teams  to  cut  the  training  period  for  a  deep  learning 
 network  from  weeks  to  hours  or  less  when  paired  with  clusters  or  cloud 
 computing. 
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 3.3.1 Artificial Neural Network 
 Computer  programmes  that  emulate  biological  neural  networks  are  called 
 arti�icial  neural  networks.  Such  systems  learn  tasks  by  considering  examples 
 and  usually  without  any  prior  knowledge.  For  instance,  each  email  in  a  dataset 
 is  manually  classi�ied  as  "spam"  or  "not  spam"  in  an  email  spam  detector. 
 Arti�icial  neural  networks  develop  their  own  set  of  relevant  features  between 
 the emails and whether a new email is spam by analyzing this dataset. 

	Fig.7		:	Simple	neural	network	model	[		6		]	

 The  components  that  make  up  arti�icial  neural  networks,  which  can  extend 
 further,  are  often  arranged  in  a  series  of  layers.  The  most  typical  architecture  of 
 a  neural  network  model  is  shown  in  Figure  7.  It  has  three  different  kinds  of 
 layers:  the  input  layer  has  units  that  typically  receive  inputs  in  the  form  of 
 numbers;  the  output  layer  has  units  that  "respond  to  the  input  information 
 about  how  it  is  learned  any  task;"  and  the  hidden  layer,  which  has  units 
 between  the  input  layer  and  the  output  layer  and  is  responsible  for  converting 
 the inputs into something the output layer can use (Schalkoff, 1997) [  6  ]. 

 Fig.  8.  The  input  layer  is  the  �irst  layer,  while  the  output  layer  is  the  last.  There 
 are  layers  that  are  hidden  in  between.  The  data  moves  sequentially  through 
 the  layers.  The  hidden  layers  are  where  learning  happens.  Each  layer's  nodes 
 are  linked  to  all  the  nodes  in  the  next  layer..  Weights  are  the  variables 
 corresponding to each of these  connections [  2  ]. 

	Fig	8		:	Feedforward	and	recurrent	neural	network	[		2		]	
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 InFig.9,  node  j  receives  incoming  signals  from  every  node  i  in  the  preceding 
 layer. Each input 	x		i	  is associated with a weight 	w		ji	 . 

	Fig	9:		A	node	of	the	neural	network	[		2		]	

 The  incoming  signal  to  node  j  is  the  weighted  sum  of  all  incoming  signals  [  2  ]. 
 The  signal  then  goes  through  the  activation  function  to  produce  the  output 
 signal h  j  . The network can be mathematically expressed  as: 

	s		j		=	 	w		ji		x		i	  (5) 
       𝑖 = 0 

                      𝑛 

∑       

	h		j	  = tanh 	s		j	  (6) 

	h		j	 	=	1-	(2/	e		2sj		+1	)	  (7) 

 3.3.2 RNN and LSTM 
 When  developing  an  understanding  of  the  task  from  the  examples  provided, 
 traditional  neural  networks  do  not  remember  any  prior  work.  However,  the 
 order  of  words  in  input  documents  is  crucial  for  tasks  like  text  summarization. 
 Here,  we  want  the  model  to  keep  track  of  the  previous  words  when  it  processes 
 the  next  one.  Recurrent  neural  networks,  which  feature  loops  where 
 information  can  persist  in  the  model,  are  what  we  must  need  to  be  able  to 
 accomplish  that  (Christopher,  2015).  Fig.  10  shows  the  unrolled  appearance  of 
 a  recurrent  neural  network  (RNN).  For  the  symbols  in  the  �igure,  “hₜ” 
 represents  the  output  units  value  after  each  timestamp  (if  the  input  is  a  list  of 
 strings,  each  timestamp  can  be  the  processing  of  one  word),  “x”  represents  the 
 input units for each timestamp, and A means a chunk of the neural network [  6  ]. 

 P a g e  | 	33	



 Chapter 3.  Literature Review 

	Fig.10		:	An	unrolled	recurrent	neural	network	[		6		]	

 Fig.10  shows  that  the  result  from  the  previous  timestamp  is  passed  to  the  next 
 step  for  part  of  the  calculation  that  happens  in  a  chunk  of  the  neural  network. 
 As  a  result,  the  data  is  obtained  from  the  prior  timestamp.  The  increasing 
 distance  between  the  connected  pieces  of  information,  however,  makes  it 
 dif�icult  for  traditional  RNNs  to  recall  information  well  in  practice.  It  is 
 challenging  to  go  back  hundreds  or  thousands  of  processes  to  retrieve  the 
 information since each activation function is nonlinear [  6  ]. 

 Fortunately,  information  can  be  conveyed  over  large  distances  using  large 
 Short-Term  Memory  (LSTM)  networks.  In  contrast  to  the  traditional  RNN,  each 
 LSTM  cell  has  a  number  of  straightforward  linear  operations  that  enable  data 
 to be conveyed without requiring complicated calculation. 

	Fig.11		:	LSTM	Cell	[		6		]	 	Fig.12		:		The	forget	gate	layer	[		6		]	

 As  shown  in  Fig.11,  the  previous  cell  state  containing  all  the  information  so  far 
 smoothly  goes  through  an  LSTM  cell  by  doing  some  linear  operations.  Inside, 
 each  LTSM  cell  makes  decisions  about  what  information  to  keep,  and  when  to 
 allow  reads,  writes  and  erasures  of  information  via  three  gates  that  open  and 
 close [  6  ]. 

 As  seen  in  Fig.  12,  the  �irst  gate  is  called  the  “forget  gate  layer”,  which  takes  the 
 previous  output  units  value  hₜ₋₁  and  the  current  input  xₜ  ,  and  outputs  a 
 number  between  0  and  1  to  indicate  the  ratio  of  passing  information.  0  means 
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 do  not  let  any  information  pass,  while  1  means  let  all  information  pass.  To 
 decide  what  information  needs  to  be  updated,  LSTM  contains  the  “input  gate 
 layer”.  It  also  takes  in  the  previous  output  units  value  hₜ₋₁  and  the  current  input 
 xₜ  and  outputs  a  number  to  indicate  inside  which  cells  the  information  should 
 be updated. Then, the previous cell state Cₜ₋₁ is updated to the new state Cₜ. 

 The  last  gate  is  “output  gate  layer”,  which  decides  what  the  output  should  be. 
 Fig.  14  shows  that  in  the  output  layer,  the  cell  state  is  going  through  a  tanh 
 function,  and  then  it  is  multiplied  by  the  weighted  output  of  the  sigmoid 
 function.  So,  the  output  units  value  hₜ  is  passed  to  the  next  LSTM  cell 
 (Christopher, 2015) [  6  ]. 

	Fig.13		:	The	input	gate	layer	[		6		]	 	Fig.14		:	The	output	gate	layer		[		6		]	

 Simple  linear  operators  connect  the  three  gate  layers.  The  vast  LSTM  neural 
 network  consists  of  many  LSTM  cells,  and  all  information  is  passed  through  all 
 the  cells  while  the  critical  information  is  kept  to  the  end,  no  matter  how  many 
 cells the network has [  6  ]. 

 3.3.3 Convolutional Neural Network (CNN) 
 A  CNN  is  built  differently  than  an  ordinary  neural  network.  The  neurons  in  one 
 layer  do  not  have  a  connection  to  all  neurons  in  the  following  layer  but  only  to  a 
 specific  part.  Near  the  network's  termination,  there  are  layers  that  are  fully 
 connected.  Some  (one  or  more)  layers  of  the  network,  some  pooling 
 operations,  and  some  of  the  fully  connected  neuron  layers  are  used  in  this  type 
 of  network  as  convolution  units  (where  convolution  operations  are 
 performed).  The  feature  extraction  portion  of  a  CNN  (where  convolutions  and 
 pooling  operations  are  carried  out)  and  the  classi�ication  portion  (completely 
 connected  layers  close  to  the  output)  are  both  separate  components.  The  layers 
 are  arranged  in  the  weight,  height,  and  depth  dimensions,  in  contrast  to  simple 
 neural  networks.  The  result  is  a  vector  of  probability  scores.  In  the  work  of 
 [  43  ],  abstractive  text  summarization  was  accomplished  using  a  CNN-based 
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 deep  learning  approach.  This  method  was  distinct  from  others  in  that  it 
 searched  for  signi�icant  semantic  phrases  rather  than  individual  sentences 
 from the text and used those phrases to produce a summary [  2  ]. 

 Multilayer  perceptron  versions  that  have  been  regularized  are  CNNs.  Fully 
 linked  networks,  or  multilayer  perceptrons,  are  typically  understood  to  mean 
 that  each  neuron  in  one  layer  is  connected  to  every  neuron  in  the  next  layer. 
 These  networks  are  susceptible  to  over�itting  data  because  of  their  "fully 
 connectedness".  Adding  some  kind  of  magnitude  measurement  of  weights  to 
 the  loss  function  is  a  typical  method  of  regularization.  CNNs  tackle 
 regularization  differently;  they  make  use  of  the  data's  hierarchical  pattern  to 
 piece  together  more  complicated  patterns  out  of  smaller,  simpler  ones.  CNNs 
 are  therefore  at  the  lower  end  of  the  connectivity  and  complexity  spectrum. 
 Convolutional  networks  were  in�luenced  by  biological 
 processes[  81  ][  82  ][  83  ][  84  ]  because  of  the  way  that  neurons  are  connected  to 
 one  another,  which  is  similar  to  how  the  visual  cortex  of  an  animal  is  set  up. 
 Only  in  the  constrained  area  of  the  visual  �ield  known  as  the  receptive  �ield  do 
 individual  cortical  neurons  respond  to  inputs.  Different  neurons'  receptive 
 �ields partially overlap one another to cover the entire visual �ield [  4  ]. 

 Comparatively  speaking  to  other  image  classi�ication  algorithms,  CNNs  employ 
 a  minimal  amount  of  pre-processing.  This  implies  that  the  �ilters,  which  were 
 manually  designed  for  traditional  techniques,  are  learned  by  the  network.  This 
 feature  design's  independence  from  prior  knowledge  and  human  effort  is  a 
 signi�icant bene�it [  4  ]. 

 The  principal  applications  of  a  convolutional  neural  network  (CNN),  which 
 comprises  one  or  more  convolutional  layers,  are  image  processing, 
 classi�ication,  segmentation,  and  other  auto  correlated  data.  In  essence,  a 
 convolution is a �ilter that is dragged over the input [  4  ]. 
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	Fig.15:		Architecture	of	Convolutional	neural	network		[		4		]	

 A  CNN  can  also  be  created  using  a  U-Net  architecture,  which  is  essentially  two 
 nearly  mirrored  CNNs  combined  to  create  a  CNN  with  a  U-shaped  architecture. 
 U-nets  are  utilized  for  tasks  like  segmentation  and  image  enhancement  where 
 the output and input sizes must match [  4  ]. 

 A  group  of  �ilters  known  as  convolutional  kernels  are  present  in  each 
 convolutional  layer.  The  �ilter,  which  has  the  same  size  as  the  kernel,  is  an 
 integer  matrix  applied  to  a  portion  of  the  input  pixel  values.  In  order  to  make 
 things  simpler,  each  pixel  is  multiplied  by  the  kernel  value  that  corresponds  to 
 it,  and  the  result  is  then  summed  to  create  a  single  value  that  represents  a  grid 
 cell—just  like  a  pixel—in  the  output  channel/feature  map.  These 
 transformations  are  linear,  and  each  convolution  is  a  particular  kind  of  af�ine 
 function [  4  ]. 
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 3.3.4 Sequence To Sequence Models: 

 These  models  have  sequences  for  both  the  input  and  the  output.  Machine 
 translation,  image  captioning,  video  captioning,  speech  recognition,  language 
 modeling,  question  answering  systems,  text  entailment,  and  text 
 summarization  are  a  few  examples  of  sequence-to-sequence  modeling  issues. 
 These  models  are  encoder-decoder  models.  Each  of  the  encoders  and  the 
 decoder  is  an  independent  neural  network.  A  single  substantial  neural  network 
 is  created  by  combining  these  two  networks.  The  encoder  takes  an  input 
 sequence  and  builds  its  representation.  The  decoder's  job  is  to  accept  the 
 representation  and  decode  it  in  order  to  provide  another  sequence  as  output 
 [  2  ]. 

 3.4 ROUGE-N and BLEU Metrics 
 Recall-Oriented  Understudy  for  Gisting  Evaluation  is  referred  to  as  ROUGE.  A 
 machine-generated  summary  is  scored  using  a  set  of  metrics  that  are  derived 
 from  one  or  more  reference  summaries  written  by  humans.  The  examination  of 
 N-gram  recall  across  all  reference  summaries  is  known  as  ROUGE-N.  According 
 to  Lin,  Chin-Yew  (2004),  the  recall  is  computed  by  dividing  the  number  of 
 overlapping  words  over  the  total  number  of  words  in  the  reference  summary. 
 In  contrast  to  ROUGE,  the  BLEU  metric  is  based  on  N-grams  precision. 
 According  to  (Pineni,  Kishore,  et  al.  2002),  it  describes  the  percentage  of  the 
 words  in  the  machine  generated  summary  overlapping  with  the  reference 
 summaries.  The  ROUGE-1  score  would  be  5/8  and  the  BLEU  score  would  be 
 5/5,  for  instance,  if  the  reference  summary  was  "There  is  a  cat  and  a  tall  dog" 
 and  the  generated  summary  was  "There  is  a  tall  dog".  This  is  so  because  there 
 are  5  overlapping  words  and  5  and  8  words,  respectively,  in  the  system 
 summary  and  reference  summary.  When  working  with  text  summarization, 
 these two metrics are most frequently used [  4  ]. 

 3.5 Libraries 

 3.5.1 Keras 
 A  popular  Python  package  for  machine  learning  is  called  Keras,  and  it  was  �irst 
 released  in  2015.  Numerous  implemented  activation  functions,  optimizers, 
 layers,  etc.  are  present  in  Keras.  So  it  makes  it  possible  to  quickly  and 
 conveniently  build  neural  networks.  François  Chollet  created  and  maintains 
 Keras, which is compatible with Python 2.7-3.6 (Keras.io, n.d.). 
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 3.5.2 NLTK 
 A  text  processing  library  called  Natural  Language  Toolkit  (NLTK)  is  widely  used 
 in  natural  language  processing  (NLP).  It  offers  high-performance  tokenization, 
 parsing,  categorization,  and  other  processes.  It  was  �irst  made  available  by  the 
 NLTK team in 2001 (Nltk.org, 2018). 

 3.5.3 Scikit-learn 
 Python  has  a  machine  learning  library  called  Scikit-learn.  It  carries  out  simple 
 dimensional  reduction  techniques  like  Principal  Component  Analysis  (PCA), 
 clustering  techniques  like  kmeans,  regression  techniques  like  logistic 
 regression,  and  classi�ication  techniques  like  random  forests  (Scikit-learn.org, 
 2018). 

 3.5.4 Pandas 
 Pandas  offers  a  framework  that  is  adaptable  for  working  with  data  in  a  data 
 frame.  Many  open-source  data  analysis  tools  are  included  that  are  written  in 
 Python,  including  ways  to  reshape  data  structures,  merge  data  frames,  and 
 check for missing data ("Pandas", n.d.). 

 3.5.5 Gensim 
 The  Python  module  Gensim  enables  topic  modeling.  Using  several  effective 
 algorithms,  including  Tf-Idf  and  Latent  Dirichlet  Allocation,  it  can  analyze  raw 
 text  data  and  identify  the  semantic  structure  of  incoming  text  data  (Rehurek, 
 2009). 

 3.5.6 Sumy 
 Contrary  to  abstractive  techniques,  which  conceptualize  a  summary  and 
 paraphrase  it,  extractive  text  summarization  techniques  perform 
 summarization  by  selecting  portions  of  texts  and  creating  a  summary.  Recently, 
 I  came  across  sumy  by  miso-belica,  which  abstracts  users  from  implementing 
 these algorithms on their own. 

 3.5.7 BART 
	Bidirectional	 	and	 	Auto-Regressive	 	Transformers	 	(BART)	  uses  a 
 left-to-right  decoder  (similar  to  GPT)  and  a  bidirectional  encoder  (similar  to 
 BERT)  in  a  left-to-right  machine  translation  architecture.  With  the  novel 
 in-�illing  scheme  used  in  the  pretraining  task,  spans  of  text  are  replaced  with  a 
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 single  mask  token.  In  BART,  input  texts  are  �irst  passed  through  the 
 bidirectional  encoder,  or  the  BERT-like  encoder.  After  that,  the  texts  are  looked 
 at  from  left-to-right  and  right-to-left.  The  resulting  output  is  then  sent  into  the 
 autoregressive  decoder,  which  predicts  the  output  based  on  the  input  from  the 
 encoder  and  the  so  far  predicted  output  tokens.  Let's  �irst  install  HuggingFace 
 Transformers  to  implement  BART  in  the  above  data.  This  library,  which  is  built 
 on  top  of  Pytorch  and  TensorFlow,  can  be  used  for  a  number  of  linguistic  tasks, 
 including question- and answer-based summarization. 

 3.5.8 GloVe 
 Global  Vectors  for  Word  Representation  (GloVe),  GloVe  is  a  distributed  word 
 representation  model  that  outperforms  other  models  in  terms  of  word 
 similarity,  word  analogies,  and  named  entity  recognition.  It  was  �irst  developed 
 by  a  group  of  Stanford  students  in  2014.  (Pennington,  Richard  and  Christopher, 
 2014). 

 3.5.9 LXML 
 The  XML  toolkit  lXML,  which  is  a  Python  API,  is  bound  to  the  C  libraries 
 libXML2  and  libxslt.  LXML  can  parse  XML  �iles  faster  than  the  ElementTree  API, 
 and  it  also  derives  the  completeness  of  XML  features  from  libXML2  and  libxslt 
 libraries (LXML.de, 2017) 

 3.5.10 BeautifulSoup 
 Beautiful  Soup  is  a  Python  library  that  is  used  for  web  scraping  purposes  to 
 pull  the  data  out  of  HTML  and  XML  �iles.  It  creates  a  parse  tree  from  page 
 source  code  that  can  be  used  to  extract  data  in  a  hierarchical  and  more 
 readable  manner.  Beautiful  Soup  provides  a  few  simple  methods  and  Pythonic 
 idioms  for  navigating,  searching,  and  modifying  a  parse  tree.  It  sits  atop  an 
 HTML  or  XML  parser,  providing  Pythonic  idioms  for  iterating,  searching,  and 
 modifying  the  parse  tree.Beautiful  Soup  is  a  powerful  tool  for  anyone  who 
 needs to extract and process data from HTML or XML �iles. 

 3.5.11 PyTorch 
 PyTorch  is  de�ined  as  an  open  source  machine  learning  library  for  Python.  It  is 
 used  for  applications  such  as  natural  language  processing.  It  is  initially 
 developed  by  Facebook  arti�icial-intelligence  research  group,  and  Uber’s  Pyro 
 software  for  probabilistic  programming  which  is  built  on  it.Originally,  PyTorch 
 was  developed  by  Hugh  Perkins  as  a  Python  wrapper  for  the  LusJIT  based  on 
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 Torch  framework.It  is  easy  to  debug  and  understand  the  code,includes  many 
 layers  as  Torch,lot  of  loss  functions.It  can  be  considered  as  NumPy  extension  to 
 GPUs  and  allows  building  networks  whose  structure  is  dependent  on 
 computation itself 

 3.5.12 Matplotlib 
 Matplotlib  is  a  Python  library  used  for  creating  a  wide  range  of  charts  and 
 plots.  It  provides  customization  options  and  integrates  with  other  Python 
 libraries  like  NumPy  and  Pandas.  Matplotlib  is  a  powerful  tool  for  data 
 visualization. 

 3.5.13 Matplotlib_venn 
 Matplotlib_venn`  is  a  Python  library  that  is  used  for  creating  Venn  diagrams,  as 
 mentioned  earlier.  It  provides  a  simple  and  intuitive  interface  for  creating 
 high-quality Venn diagrams, with customizable colors, labels, and titles. 

 3.5.14 Wordcloud 
 ̀Wordcloud`  is  a  Python  library  for  generating  word  clouds  from  text  data. 
 Word  clouds  are  a  popular  visualization  technique  that  displays  words  in 
 different  sizes  based  on  their  frequency  in  a  given  text.  The  library  provides 
 customization options for color, font, and shape of the word cloud. 
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 D  ISCUSSION 

 Before  beginning  a  new  investigation,  a  discussion  builds  familiarity  with  and 
 comprehension  of  current  research  in  a  certain  topic.  We  should  be  able  to  �ind  out  what 
 research  has  already  been  done  and  discover  what  is  unknown  about  our  topic  by 
 conducting  a  literature  review.  The  important  �indings  from  the  previous  chapter’s 
 literature review are discussed in this chapter. 

 Connectionist Approach To Generic Text Summarization 

 Here,  automatic  large  document  summarization  is  the  goal.  This  approach 
 makes  use  of  an  adaptive,  incremental  learning,  knowledge  representation 
 system  that  evolves  in  terms  of  structure  and  functionality.  This  approach 
 proposes  using  a  live  website  or  the  url  of  a  Wikipedia  Live  Article  while 
 employing  various  text  summarization  models  and  paradigms  that  can  handle 
 live url data. 

 In  essence,  there  are  two  types  of  summaries:  extractive  and  abstractive.  While 
 extractive  summaries  rely  on  copying  exact  sentences  from  the  source 
 document, abstractive summaries use Natural Language Processing (NLP). 
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	TEXT	 	SUMMARIZATION	 	HISTORY	 :In  the  past,  extractive  summarizers  have 
 been  mostly  based  on  scoring  sentences  in  the  source  document.  The  most 
 frequent  and  latest  text  summary  techniques  involve  either  statistical 
 methodologies,  or  linguistic  techniques.  The  high  frequency  words,  standard 
 keyword,  Cue  Method,  Title  Method,  Location  Method  are  utilized  for  weighing 
 the sentences [  12  ]. 

	Ranking	 	Of	 	Text	 	Units	 	According	 	To	 	Shallow	 	Linguistic	 	Features	 :  This 
 method  minimizes  the  use  of  weak  linking  sentences  in  the  resultant  text 
 summary  by  identifying  the  most  important  text  or  phrases  using  a  variety  of 
 super�icial  linguistic  factors  and  taking  into  account  the  degree  of  connectivity 
 among  the  text  units.  This  method  highlights  the  effect  of  lexical  chain  scoring 
 after  the  nouns  and  compound  nouns  are  chained  by  searching  for  lexically 
 organized  relationships  between  words  in  the  text  using  WorldNet  and  using 
 lexicographical  relationships  such  as  synonyms  and  hyponyms.  In  order  to 
 derive  a  summary,  all  the  sentences  are  ranked  or  given  preferences  based  on 
 the  total  scores  of  the  words  in  each  sentence.  Term  frequencies,  trigger  words 
 and  phrases,  assessing  lexical  similarities  (measuring  chain  score,  word  score, 
 and  �inally  sentence  score),  and  other  factors  are  used  to  determine  the  scores 
 of words [  11  ]. 

 4.1 Extractive Summarization 
 Since  extractive  summarization  techniques  [  89,  90  ]  are  statistically  oriented, 
 they  require  less  time,  resources,  and  computing  power  to  evaluate  and 
 produce  a  summary,  making  them  computationally  more  feasible  to 
 implement.  However,  by  locating  the  imperative  sentences,  the  techniques 
 produce  a  summary.  The  keywords  are  detected  in  a  given  text  based  on  the 
 frequency  of  their  occurrences.  The  method  might  not  effectively  utilize  the 
 provided information or it might exclude certain important details [  91  ] [  5  ]. 

 Extractive  summary  strategies  focus  on  summarizing  a  textual  source  by 
 picking  words  or  sentences  that  are  essential  to  the  context  or  appear  more 
 frequently  [  92  ].The  techniques  for  extractive  summarization  score  or  weight 
 words  or  sentences  and  use  signi�icant  or  equivalent  pieces  to  generate  a 
 summary.  Various  methods  and  mathematical  calculations  are  used  to  assign 
 loads  or  scores  for  the  words/sentences,  which  are  further  used  to  position  the 
 sentences/words according to their significance and comparability [  105  ] [  5  ]. 

	Information	record	  ⟶ 	sentences	closeness	  ⟶ 	score	sentences	  ⟶ 	selection	of	sentences	with	higher		signi�icance	 . 

 P a g e  | 	43	



 Chapter 4.  Discussion 
 For  extractive  summarization,  dominant  techniques  including  TF-IDF  and 
 Textrank  (Hasan,  Kazi  Saidul,  &  Vincent  Ng,  2010).  Textrank  was  �irst 
 introduced  by  Mihalcea,  Rada,  and  Paul  Tarau  in  their  paper  Textrank:  Bringing 
 order  to  text  (2004).  The  paper  proposed  the  idea  of  using  a  graph-based 
 algorithm  similar  to  Google’s  Pagerank  to  �ind  the  most  important  sentences. 
 Juan  Ramos  proposed  TF-IDF  (2003).  He  explored  the  idea  of  using  a  word’s 
 uniqueness  to  perform  keyword  extraction.  This  kind  of  extraction  can  also  be 
 applied  to  an  entire  sentence  by  calculating  the  TF-IDF  of  each  word  in  the 
 sentence [  5  ]. 

 4.1.1 TextRank 

 4.1.1.1 Description 

 TextRank  is  an  unsupervised  technique  that  may  be  used  to  automatically 
 summarize  texts  and  extract  the  most  signi�icant  keywords  from  a  page.  Rada 
 Mihalcea  and  Paul  Tarau  �irst  mentioned  it  in  [  94  ].  A  PageRank  [  95  ]  variant  is 
 applied  by  the  algorithm  to  a  graph  created  especially  for  the  goal  of 
 summarization.  The  items  in  the  graph  are  then  ranked  according  to  how  well 
 they  explain  the  text;  these  are  the  most  signi�icant  elements.  With  this 
 method,  TextRank  can  generate  summaries  without  the  need  for  labeling  or  a 
 training corpus and can apply the algorithm to a variety of languages [  7  ]. 

 4.1.1.2 TF-IDF 

 The  importance  of  a  word  in  the  document  is  assessed  using  the  Term 
 Frequency-Inverse  Document  Frequency  (TF-IDF)  method  (Ramos  and  Juan, 
 2003).  The  underlying  algorithm  determines  the  frequency  of  the  word  in  the 
 document  (term  frequency)  and  multiplies  it  by  the  inverse  document 
 frequency,  which  is  the  logarithmic  function  of  the  number  of  documents 
 containing  that  word  over  the  total  number  of  documents  in  the  dataset.  One 
 can  determine  the  importance  of  each  phrase  by  computing  the  relevance  of 
 each  word.  These  sentences  can  then  be  used  to  create  a  summary  of  the 
 document,  presuming  that  the  most  pertinent  sentences  are  also  the  most 
 signi�icant ones [  12  ]. 

 4.1.1.3 Text as a Graph 

 Using  sentences  as  nodes  in  a  graph,  TextRank  models  any  content  for 
 automatic  summarization  [  106  ].  To  create  connections  between  sentences,  a 
 function  to  compute  sentence  similarity  is  required.  The  weight  of  the  graph 
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 edges  is  determined  by  this  function;  the  more  similar  two  phrases  are,  the 
 more  signi�icant  the  graph  edge  connecting  them  will  be.  We  can  claim  that  we 
 are  more  likely  to  move  from  one  sentence  to  another  if  they  are  quite  similar 
 in the context of a Random Walker, as utilized commonly in PageRank [  95  ] [  7  ]. 

 Based  on  the  material  that  both  sentences  have,  TextRank  assesses  how  similar 
 two  sentences  are  to  one  another.  To  prevent  encouraging  big  sentences,  this 
 overlap  is  simply  calculated  as  the  number  of  shared  lexical  tokens  between 
 them  divided  by  the  length  of  each.  The  original  algorithm's  function  can  be 
 formalized  as  follows:  Given 	S		i	 , 	S		j	 ,  two  sentences  represented  by  a  set  of  n 
 words,  that  in 	S		i	  = 	w		i		1	 , 	w	

	i	
	2	 ,..., 	w	

	i	
	n	 . 	S		i	  and 	S		j	 '  s  similarity  function  is  represented  by 

 the following equation: 

 (8) 
 This  procedure  yields  a  dense  graph  that  represents  the  document.  PageRank 
 is  applied  to  this  graph  to  determine  the  signi�icance  of  each  vertex.  In  order  to 
 provide  a  summary  of  the  document,  the  most  important  sentences  are  chosen 
 and presented [  7  ]. 
   
 4.1.2 Latent Semantic Analysis (LSA) 
 The  hidden  semantic  structures  of  words  and  sentences  are  extracted  using  the 
 algebraic-statistical  technique  known  as  latent  semantic  analysis.  It  is  an 
 unsupervised  method  that  requires  neither  outside  knowledge  nor  training. 
 The  context  of  the  input  material  is  used  by  LSA  to  extract  information,  such  as 
 the  words  that  are  frequently  used  together  and  in  various  phrases.  When 
 sentences  share  a  lot  of  words,  the  phrases  are  likely  semantically  connected.  A 
 sentence's  meaning  is  determined  by  the  words  it  includes,  and  a  word's 
 meaning  is  determined  by  the  sentences  it  appears  in.  It  is  possible  to 
 determine  the  relationships  between  phrases  and  words  using  the  algebraic 
 technique  known  as  singular  value  decomposition.  Along  with  the  ability  to 
 model  relationships  between  words  and  sentences,  SVD  also  has  the  ability  to 
 reduce  noise,  which  enhances  accuracy.  The  following  example  illustrates  how 
 LSA can represent the meanings of words and sentences [  6  ][  10  ]. 

	Example	1	 : Three sentences are given as an input to  LSA. 
 d0:  ‘The  man  walked  the  dog’.  d1:  ‘The  man  took  the  dog  to  the  park’.  d2:  ‘The 
 dog went to the park’. 
 After  performing  the  calculations  we  get  the  resulting  �igure,  From  Fig.16,  we 
 can  see  that  d1  is  more  related  to  d2  than  d0;  and  the  word  ‘walked’  is  related 
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 to  the  word  ‘man’  but  not  so  much  related  to  the  word  ‘park’.  These  kinds  of 
 analysis  can  be  made  by  using  LSA  and  input  data,  without  any  external 
 knowledge.  The  summarization  algorithms  that  are  based  on  LSA  method 
 usually contain three main steps [  6  ][  10  ]. 

	Fig.16		:	LSA	Structure	[		10		]	

 LSA  has  a  number  of  limitations:  The  �irst  is  that  word  order,  syntactic 
 relationships,  and  morphologies  are  not  used.  Finding  out  the  meaning  of  the 
 texts'  words  and  other  language  may  require  this  kind  of  information.  The 
 second  drawback  is  that  it  just  uses  the  data  in  the  input  document  and  does 
 not  use  any  outside  knowledge.  The  third  restriction  has  to  do  with  how  well 
 the  algorithm  performs.  The  performance  drops  off  quickly  as  the  data  set 
 grows  larger  and  more  homogeneous.  The  use  of  the  extremely  sophisticated 
 algorithm SVD is the cause of the performance decline[  6  ][  10  ]. 

 4.2 Abstractive Summarization 
 Abstractive  summarization  techniques  [  93  ]  use  Natural  language  processing  to 
 analyze  the  data,  and  then  provide  a  summary  by  reformatting  the  provided 
 information  succinctly  around  the  key  concept.  A  summary  produced  using 
 abstractive  summarization  technique  is  more  equivalent  to  a  summary  created 
 by  a  human,  a  condition  that  an  extractive  summarization  technique 
 EST-produced  summary  might  not  meet.  In  order  to  effectively  integrate 
 multiple  machine  learning  algorithms  with  huge  datasets  that  include  good 
 variety  and  conditional  elements,  abstract  summarization  methods  need  to  be 
 used.  Abstractive  summarization  approaches  are  computationally  expensive 

 P a g e  | 	46	



 Chapter 4.  Discussion 
 and  take  time  to  develop  well  since  they  depend  on  machine  learning 
 algorithms.  The  size  of  the  data  being  summarized  has  an  exponential  effect  on 
 implementation costs [  5  ]. 

 Abstractive  methods  can  be  compared  to  how  people  read  and  analyze  texts.  It 
 chooses  words  that  are  pertinent  to  the  text  in  terms  of  semantics.  Since 
 abstractive  summarization  analyzes  the  content  using  natural  language 
 processing  techniques  and  produces  concise  data  that  constitutes  the  most 
 important  idea  and  key  contents  of  the  textual  data  provided  for 
 summarization,  the  summary  produced  may  contain  words  that  were  not  even 
 present in the given data [  5  ]. 

	Information	record	  ⟶ 	get	setting	  ⟶ 	semantics	 ⟶ 	make	own	run	down.	

 Deep  learning  models  are  used  most  frequently  to  do  abstractive 
 summarization.  Sequence  to  sequence  modeling  is  one  such  model  that  has 
 been  gaining  popularity  (Nallapati,  Zhou,  Santos,  Gulçehre,  &  Xiang  2016).  In 
 speech  recognition  and  machine  translation,  sequence  to  sequence  models 
 have  been  effective  (Sutskever,  I.,  Vinyals,  O.,  &  Le,  Q.  V.,  2014).  Sequence  to 
 sequence  models  utilizing  encoders  and  decoders  outperform  more 
 conventional  methods  of  text  summarization,  according  to  recent  studies  on 
 abstractive  summarization.  The  encoder  component  converts  the  input 
 document  into  a  vector  of  a  �ixed  length.  The  decoder  component  then  uses  the 
 �ixed-length  vector  to  produce  the  desired  result  (Bahdanau,  Cho,  &  Bengio, 
 2014) [  5  ]. 

 Convolution  network  model  for  encoder  and  feedforward  neural  network 
 model  for  decoder  were  employed  in  the  model  developed  by  Rush  et  al.,  a 
 team  from  Facebook  AI  Research  (for  more  information,  please  read  Appendix 
 A:  Extended  Technical  Terms).  Only  the  �irst  sentence  of  each  article's  content 
 is  used  to  create  the  headline  in  their  model  (2015).Long  Short  Term  Memory 
 (LSTM)  was  used  in  the  model  created  by  Nallapati  et  al.,  a  team  from  IBM 
 Watson,  in  both  the  encoder  and  decoder.  They  utilized  the  identical  dataset  of 
 news  articles  that  the  Facebook  AI  Research  team  did.  Additionally,  the  IBM 
 Watson  group  generated  the  headline  by  using  the  �irst  two  to  �ive  sentences  of 
 the  article  content  (2016).  In  speci�ic  datasets,  Rush  et  al.'s  models  couldn't 
 compete with Nallapati et al [  5  ]. 

 The  performance  of  the  encoder-decoder  model  is  improved  by  the  attention 
 mechanism,  which  is  discussed  in  Konstantin  Lopyrev's  article  (2015).  The 
 model  includes  four  LSTM  layers.  The  news  article  dataset  was  also  employed 
 by  Loprev,  and  the  model  was  able  to  predict  the  headlines  of  the  stories  based 
 on their initial paragraphs [  5  ]. 
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	Fig:17		:		Abstractive	text	summarization	research	framework		position	[		2		]	

 The  research  framework  presented  in  Fig.17  begins  with  the  identi�ication  of 
 the  crucial  components  and  procedures  involved  in  the  development  of  models 
 for  abstractive  summarization  based  on  neural  networks.  Encoder  Decoder 
 Architecture,  Mechanisms,  Training  and  Optimisation,  Dataset,  and  Evaluation 
 Metric  have  been  identi�ied  as  the  key  components.  These  components  are 
 further  divided  into  subclasses.  The  following  paragraphs  give  a  short 
 introduction to these components [  5  ]. 

 4.2.1 Encoder Decoder Architecture 
 Our  choice  of  encoder-decoder  architecture  gives  us  the  option  to  design  our 
 encoder  and  decoder  using  standard  RNN/LSTM/GRU,  bidirectional 
 RNN/LSTM/GRU,  Transformer,  BERT/GPT-2  architecture,  or  the  very  recent 
 BART model [  2  ]. 
	Encoder:	 A  neural  network  transforms  a  list  of  words  into  a  list  of  dense  vector 
 representations.  Both  the  word  and  its  context  are  intended  to  be  captured  by 
 these  complex  representations.  Most  often,  word  embedding  layers  followed  by 
 recurrent  neural  networks  (RNNs),  which  include  LSTM  components 
 (Hochreiter  and  Schmidhuber,  1997)  or  gated  recurrent  units  (GRUs)  (Chung  et 
 al., 2014), are used to create encoders [  13  ][  2  ]. 
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	Decoder:	  A  neural  network  generates  the  subsequent  word  in  the  summary, 
 based  on  the  representation  of  the  created  text's  pre�ix  and  a  dense  context 
 vector  that  represents  the  input  sequence.  Commonly,  an  RNN,  a  fully 
 connected  layer  whose  output  dimension  matches  the  size  of  the  vocabulary, 
 and  a  softmax  layer  that  transforms  a  vector  into  a  distribution  over  the 
 vocabulary are used to implement the decoder [  13  ][  2  ]. 

	1)		RECURRENT	NEURAL	NETWORK	(RNN)	

 RNN  [  44  ]  has  a  different  architecture  than  a  typical/feedforward  neural 
 network.  In  these  networks,  information  can  endure  due  to  feedback  loops,  as 
 seen  in  Fig.  6.  They  introduce  the  concept  of  memory  in  neural  networks.  These 
 networks  can  learn  information  based  on  the  context  because  of  their 
 feedback-based  nature.  The  RNN's  input  in  Fig.  18  is  x  t  ,  and  the  previous 
 hidden  state  is  h  t−1  .  There  is  data  from  the  hidden  state  right  now,  as  well  as 
 input  from  the  present.  Both  serve  as  a  vector  when  combined,  passing  via  tanh 
 activation  to  create  the  output  h  t  ,  which  turns  into  the  network's  memory  (a 
 new hidden state). RNN functionality can be described mathematically as. 

	h		t	 =tanh( 	ω		h		h		t	 −1+ 	ω		x		x	 t  )  (9) 

 Here,  h  t  is  the  current  state,  h  t−1  is  the  previous  hidden  state  and,  ω  h  is  its 
 weight.  x  t  is  the  current  input,  ω  x  is  the  weight  and,  tanh  is  the  activation 
 function that determines the output of the neural network [  2  ]. 

	Fig.	18		.	Recurrent	neural	network	[		2		]	

 The  architecture  of  RNN  is  ideal  for  problems  involving  sequential  data.  For  the 
 purpose  of  statistical  machine  translation,  two  RNNs  acting  as  an  encoder  and 
 decoder  were  �irst  proposed  by  [  45  ].  This  model  was  subsequently  enhanced 
 and  expanded  by  adding  an  attention  mechanism  that  automatically  searches 
 for  parts  of  the  source  text  that  demonstrate  signi�icance  in  predicting  a  target 
 word  for  neural  machine  translation  [  46  ].  Even  though  machine  translation  is  a 
 more  general  function  than  abstractive  summarization,  the  two  are  closely 
 related  because  they  both  involve  sequence  to  sequence  learning.  Numerous 
 deep  learning  techniques  are  currently  used  to  generate  concise  summaries 
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 and are inspired by the success of neural machine translation [  2  ]. 

	2)	LONG	SHORT-TERM	MEMORY	(LSTM)	

 LSTM,  introduced  by  [  47  ],  is  a  very  special  variant  of  RNN  [  44  ]  because  it  can 
 tackle  the  problem  of  long-term  dependencies.  RNN  is  not  able  to  retain 
 information  for  a  long  period  of  time,  for  instance,  if  the  next  word  in  a 
 sequence  needs  to  be  anticipated  and  the  correctly  predicted  word  depends  on 
 knowledge  from  a  few  sentences  earlier  (past  information).  This  is  where 
 LSTMs  for  (long-term  gaps/dependencies)  are  put  to  use.  Long-term  storage  of 
 information  is  a  capability  of  LSTM.  With  enough  training  data,  researchers 
 [  48  ]  contend  that  LSTM-based  approaches  can  be  successfully  applied  to  a 
 variety  of  sequence  learning  problems.  Fig.  19  shows  the  architecture  of  an 
 LSTM cell [  2  ]. 

	Fig.	19:		Architecture	of	LSTM	[		4		]	

 There  is  a  forget  gate,  an  input  gate,  and  an  output  gate  in  LSTM  which  work 
 using  the  sigmoid  activation  function.  The  forget  gate  decides  which 
 information  to  keep  or  which  information  to  forget.  The  input  gate  updates  the 
 state  of  the  cell  and  the  output  gate  decides  what  would  be  the  next  hidden 
 state. The working of an LSTM cell is given by (9) to (14) as follows: 

	f		t	 	=	σ	 ( 	ω		f		·	 [ 	h		t−1		,	x		t	 ]+ 	b		f	 )  (10) 
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	i		t	 = 	σ	 ( 	ω		i		·	 [ 	h		t−1		,	x		t	 ]+ 	b		i	 )  (11) 

	Ć		t	 = 	tanh	 ( 	ω		C		·	 [ 	h		t−1		,	x		t	 ]+ 	b		C	 )  (12) 

	C		t	  = 	f		t	 	∗C		t−1	 + 	i		t	 ∗ 	Ć		t	  (13) 

	o		t		=	σ	 ( 	ω		o	  [ 	h		t−1		,x		t	 ] 	+b		o	 )  (14) 

	h		t		=	o		t	 ∗ 	tanh	 ( 	C		t	 )  (15) 

	Fig.	20		.	The	architecture	of	an	LSTM	cell	[		2		]	

 In  (10)  to  (15)  and  Fig.  20,  x  t  is  the  input,  C�   t  is  the  candidate  (holds  possible 
 values  to  add  to  the  cell  state),  C  t  is  the  new  cell  state,  ft  is  the  output  of  forget 
 gate,  it  is  the  output  of  the  input  gate,  C  t−1  is  the  previous  state  of  the  cell,  h  t−1 

 is  the  previous  hidden  state,  h  t  is  the  new  hidden  state  while  ω  and  b  represent 
 the  corresponding  weights  and  biases.  Vanishing  Gradient  is  a  very  common 
 problem  in  multi-layered  neural  networks.  A  neural  network's  capacity 
 increases  with  the  number  of  layers  it  possesses,  which  means  it  can  learn 
 from  big  training  datasets  more  effectively  and  map  more  complex  functions 
 from  input  to  output.  The  gradient  progressively  loses  value  as  it  is 
 back-propagated  through  the  network,  which  is  when  the  issue  develops.  The 
 gradient  signi�icantly  lessens  as  it  gets  closer  to  the  initial  layers.  As  a  result, 
 the  initial  layers'  weights  and  biases  are  not  correctly  updated.  The 
 disappearing  gradient  causes  the  entire  network  to  be  inaccurate  because  the 
 initial layers are crucial in identifying the elements of input data [  2  ]. 

	3)	GATED	RECURRENT	UNIT	(GRU)	

 GRU  [  49  ]  is  a  variation  of  LSTM  [  47  ]  due  to  similarities  in  their  designs.  The 
 issue  of  vanishing  gradient  in  recurrent  neural  networks  is  addressed.  An 
 update  gate  and  a  reset  gate  are  features  of  the  GRU  design.  The  reset  gate 
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 deals  with  information  that  �lows  out  of  the  memory  and  helps  the  model 
 identify  past  information  that  the  network  needs  to  forget.  The  update  gate 
 deals  with  information  that  �lows  into  the  memory  and  aids  the  model  in 
 determining  which  of  the  past  information  needs  to  be  passed  on.  These  are 
 the  two  vectors  that  determine  what  data  should  be  sent  to  the  output.  Fig.  21 
 presents  the  architecture  and  functionality  of  GRU.  It  can  be  expressed  as 
 follows: 

	z		t	 = 	σ	 ( 	ω		z		·	 [ 	h		t−1		,	x		t	 ])  (16) 

	r		t	 = 	σ	 ( 	ω		r	 	·	 [ 	h		t−1		,	x		t	 ])  (17) 

	h		՛		t	  = 	tanh	 ( 	ω·	 [ 	r		t		∗	h		t−1		,	x		t	 ])  (18) 

	h		t	  =  ( 	1−z		t	 )∗ 	h		t−1	 + 	z		t	 ∗ 	h		�		t	  (19) 

	Fig.	21		.	The	architecture	of	gated	recurrent	unit		(GRU)	[		2		]	

 In  (16)  to  (19),  x  t  is  the  input,  z  t  is  the  update  gate  vector,  r  t  is  the  reset  gate 
 vector,  h 	՛		t	  is  the  tanh  activation  vector  and  h  t  is  the  output.  The  ω,  ω  r  ,  and  ω  z 
 are the corresponding weight vectors [  2  ]. 

	4)	BI-DIRECTIONAL	RNN/LSTM/GRU	

 Bidirectional  neural  networks  [  50  ]  consider  two  sequences  for  predicting  the 
 output,  one  in  the  forward  direction  and  the  other  in  the  reverse  direction.  It 
 suggests  that  we  can  use  data  from  previous  time  steps  as  well  as  data  from 
 later  time  steps  to  create  predictions  about  the  current  state  utilizing 
 bidirectional  networks.  As  a  result,  the  network  is  able  to  capture  a  broader 
 context and solve issues more successfully [  2  ]. 
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	Fig.22		:	Bidirectional	LSTM	network	[		2		]	

 Fig.22  presents  a  bidirectional  LSTM  network.  There  are  two  LSTM  layers:  a 
 forward  layer  and  a  backward  layer.  Both  the  forward  layer  and  the  backward 
 layer  receive  the  input.  Concatenating  the  output  from  the  forward  and 
 backward layers, respectively, is the output [  2  ]. 

	5)	TRANSFORMER	

 In  2017,  Google  unveiled  Transformers  [  51  ],  a  breakthrough  for  sequence 
 learning  challenges.  Transformers  don't  require  recurrent  and  convolution 
 units  because  they  are  purely  reliant  on  attention  mechanisms.  Its  architecture 
 has  an  encoder  and  a  decoder  that  are  stacked  multiple  times.  Attention  units 
 and  feed-forward  units  make  up  the  encoder  and  decoder  blocks.  Six  identical 
 encoder  units  make  up  the  encoder  portion,  and  six  identical  decoder  units 
 make  up  the  decoder  portion.  Both  a  feed  forward  unit  and  a  multi-head 
 attention  unit  are  included  in  each  encoder  unit.  In  addition  to  the  feed 
 forward  unit  and  the  multi-head  attention  unit,  each  decoder  unit  also  features 
 a separate masked multi-head attention unit [  2  ]. 
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	Fig.23:		Transformer	Architecture	[		2		]	

 Fig.  23  presents  transformer  architecture.  The  functioning  of  the  transformer 
 starts  with  the  word  embeddings  of  the  input  sequence.  The  word  embeddings 
 are  propagated  to  the  first  encoder  which  is  then  transformed  and  passed  on  to 
 the  following  encoder.  This  process  continues  and  the  output  of  the  last 
 encoder unit is transferred to the decoder unit (all decoders in the stack) [  2  ]. 

	Fig.24:		Attention	mechanism	in	the	Transformer	[		2		]	

 The  attention  mechanism  in  the  transformer  as  shown  in  Fig.  24,  is  very 
 interesting.  The  architecture  is  dependent  on  it  for  its  functionality.  First,  the 
 input  embedding  is  used  to  compute  the  three  vectors  ,the  key,  query,  and 
 value  vectors.  To  determine  the  attention  weight,  a  dot  product  operation 
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 between  key  and  query  vectors  is  used.  The  attention  score  is  scaled  by  1/√dk 
 and  passed  on  to  the  softmax  function  which  is  then  multiplied  with  the  value 
 vector.Following  that,  the  feedforward  layer  receives  this  output.  The 
 transformer's  self-attention  is  also  referred  to  as  multi-head  attention  because 
 it is computed repeatedly in parallel rather than just once [  2  ]. 

	6)	 	BIDIRECTIONAL	 	ENCODER	 	REPRESENTATIONS	 	FROM	
	TRANSFORMER-GENERATIVE	PRE-TRAINED	TRANSFORMER	(BERT-GPT)	

 A  pre-trained  language  model  can  be  applied  to  a  variety  of  NLP  tasks  using 
 BERT  [  37  ]  developed  by  Google  in  2019,  whereas  GPT  [  38  ]  introduced  by  Open 
 AI  in  2018  pre-trains  a  language  model  on  a  vast  body  of  text  that  can  then  be 
 �ine-tuned  on  a  variety  of  speci�ic  tasks.  The  main  distinction  between  the  two 
 is  that  BERT  supports  bidirectional  training  while  GPT  only  supports 
 unidirectional  training.  Both  systems  use  transformer-based  architecture. 
 BERT  is  a  multilayer  transformer  encoder  while  GPT  is  a  multilayer 
 transformer  decoder.  While  BERT  is  not  autoregressive  and  employs  all 
 surrounding  context  at  once,  GPT-2  is  autoregressive,  meaning  that  each  token 
 has  a  context  of  the  previous  words.  For  the  �irst  layer  of  GPT-2,  Byte  Pair 
 Encodings (BPE) are employed as word vectors. 

 The  Cloze  task  (Taylor,  1953),  which  served  as  the  basis  for  the  BERT  model  in 
 [108],  relieves  the  unidirectionality  requirement  by  employing  a  "Masked 
 Language  Model"  (MLM)  pre-training  objective.  The  MLM  only  randomly  masks 
 a  small  portion  of  the  input  tokens;  the  remaining  tokens'  original  vocabulary 
 id  is  exclusively  anticipated  based  on  context.  It  also  makes  use  of  “next 
 sentence  prediction”  task  in  addition  to  mask  language  model  to  jointly 
 pretrain textpair representations [  16  ] as shown in  Fig. 25. 
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	Fig.25	 : 	Overall	pre-training	and	fine-tuning	procedures		for	BERT.	Apart	from	output	layers,	the	same	
	architectures	are	used	in	both	pre-training	and	fine-tuning.	The	same	pre-trained	model	parameters	are	
	used	to	initialize	models	for	different	down-stream	tasks.	During	fine-tuning,	all	parameters	are	
	fine-tuned.	[CLS]	is	a	special	symbol	added	in	front	of	every	input	example,	and	[SEP]	is	a	special	
	separator	token	(e.g.	separating	questions/answers).	[		16		]	

 BERT  consists  of  the  pretraining  and  �ine-tuning  modules.  Masked  Language 
 Model  (MLM)  for  bidirectional  prediction  and  Next  Sentence  Prediction  (NSP) 
 for  sentence-level  understanding  are  the  two  tasks  used  to  train  BERT.  For 
 BERT,  input  embedding  is  the  sum  of  token  embeddings,  segment  embeddings, 
 and  position  embeddings.  In  the  MLM  task,  a  mask  token  is  used  to  substitute 
 15%  of  the  words  in  the  input  sequence.  The  model  then  predicts  the  masked 
 word  based  on  the  context  that  the  other  words  in  the  sequence  offer.  A 
 classification  layer  is  added  which  receives  the  output  of  the  encoder.  The 
 embedding  matrix  is  then  multiplied  by  the  output  vectors.  The  likelihood  of 
 each  word  in  the  vocabulary  is  then  calculated  using  SoftMax.  In  the  NSP  task, 
 the  model  is  given  a  pair  of  sentences  as  input,  and  it  works  to  predict  whether 
 the  second  sentence  appears  later  in  the  original  document.  A  [SEP]  token  is 
 added  at  the  conclusion  of  each  sequence  and  a  [CLS]  token  is  added  at  the 
 beginning  of  the  �irst  sentence.  A  sentence  identifying  embedding  is  added  to 
 each  token.  Every  token  additionally  receives  a  positional  embedding  to 
 identify  where  it  belongs  in  the  sequence.  BERT  can  be  fine-tuned  for  a  variety 
 of natural language tasks adding a layer to the main model [  2  ]. 
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	7)	BIDIRECTIONAL	AND	AUTOREGRESSIVE	TRANSFORMERS	(BART)	

 BART,  very  recently  introduced  by  [  52  ],  has  two  major  components,  a 
 bidirectional  encoder,  and  an  autoregressive  decoder.  Both  components  are 
 implemented  as  a  sequence-to-sequence  model  and  have  a  transformer-based 
 architecture.  A  noising  function  is  used  to  add  noise  to  the  text  during 
 pre-training,  and  the  system  learns  to  reform  the  real  text  from  the  distorted 
 text.  When  optimized  for  text  production,  it  performs  admirably  in  a  variety  of 
 tasks  such  as  abstractive  dialogue,  question-answering,  and  text 
 summarization  [  52  ].  The  encoder  and  decoder  in  the  BART  base  model  each 
 have  six  layers,  whereas  there  are  twelve  layers  in  the  big  model.  Several 
 methods  are  used  to  pretrain  BART,  such  as  token  masking,  in  which  [MASK]  is 
 substituted  for  random  tokens.  Token  deletion  involves  deleting  speci�ic  tokens 
 and  replacing  them  with  new  tokens.  Some  text  areas  in  text-in  �illing  are 
 changed  to  [MASK]  tokens.  Sentence  permutation  involves  randomly  mixing  up 
 the  sentences  in  the  text.  During  document  rotation,  a  random  token  is  selected 
 to  serve  as  the  document's  beginning.  The  part  of  the  document  before  the 
 random  token  is  inserted  at  the  end.  BART  can  be  �ine-tuned  such  that  other 
 applications  like  sequence  classi�ication,  token  classi�ication,  sequence 
 synthesis,  and  machine  translation  can  use  the  representations  it  generates. 
 The  researchers  further  compared  the  pre-training  objectives  with  those  of 
 other  models  like  the  GPT  language  model,  Permuted  Language  model,  masked 
 language  model,  multitask  masked  language  model,  and  masked  sequence  to 
 sequence.  Token  masking  was  deemed  to  be  extremely  signi�icant,  left-to-right 
 pre-training  enhanced  Natural  Language  Generation  (NLG)  tasks,  and 
 bidirectionality was deemed to be crucial for question answering systems [  2  ]. 

 4.2.2 Mechanism 
 Mechanisms  are  functionalities  added  to  the  basic  neural  encoder-decoder 
 architecture  to  address  certain  issues  of  abstractive  summarization  systems 
 and to improve the generated summaries. 

	1)	ATTENTION	

 The  idea  of  the  attention  mechanism  is  to  direct  more  focus  and  attention  on 
 certain  chunks  of  input  data  as  compared  to  others.  It  was  �irst  presented  for 
 neural  machine  translation  in  [  46  ].  Later,  it  was  used  for  a  variety  of  different 
 tasks,  such  as  abstractive  summarization.  Context  vectors  are  produced  by 
 using  the  encoder's  intermediate  states  when  attention  is  applied.  The  system 
 looks  for  context  vectors  with  the  most  important  information  when  it 
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 constructs  the  output  sequence..  General  attention  refers  to  attention  between 
 input  and  output  elements,  while  self-attention  refers  to  attention  between 
 input  elements..  Fig.  26  presents  the  attention  model  introduced  by  [  46  ].  The 
 model consists of a bidirectional RNN encoder and the RNN decoder [  2  ]. 

	Fig.26		:	Attention	mechanism	proposed	by	[		2		]	

 As  observed  in  Fig.  26,  the  encoder  generates  the  hidden  states  h  1  to  h  t  .  The 
 context vector is computed as: 

	e		ij	 = 	a	 ( 	s		i−1		,	h		j	 )  (20) 

 In (20), a is the alignment model. 

	α		ij	 =  (21) 
 𝑒𝑥𝑝 ( 𝑒 

 𝑖𝑗 
)

 𝑘 = 1 

 𝑇𝑥    

∑  𝑒𝑥𝑝 ( 𝑒 
 𝑖𝑘 

)

 The  softMax  function  is  used  to  normalize  the  alignment  scores.  The  context 
 vector is a weighted sum of αij and hj. 

	c		i	 = 	α		ij		h		j	  (22) 
 𝑗 = 1 

 𝑇𝑥 

∑
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	2)	COPYING	

 The  copying  mechanism  described  in  [  53  ]  can  be  employed  when  certain  input 
 sequence  parts  need  to  be  copied  in  output  sequence  components.  The 
 foundation  of  this  approach  is  a  bidirectional  encoder,  that  encodes  the  input 
 sequence  and  a  decoder  that  predicts  the  output  sequence.  To  predict  the 
 output  sequence  from  the  copy  mode  or  the  produce  mode,  a  probabilistic 
 model  is  used.  Considering  a  set  of  vocabulary,  V  =  {v  1  ,v  2  ,...,v  n  },  and  an  input 
 sequence,  X  =  {x  1  ,x  2  ,....,x  Ts  }.There  might  be  words  in  the  input  sequence  X,  that 
 are  not  in  V.  Here,  the  copy  mode  can  copy  words  from  X  that  are  not  in  V.  If  M 
 is  the  representation  of  the  input  sequence  from  the  encoder,  st  is  the  decoder 
 state  at  time  t  and,  C  t  is  the  context,  the  probability  of  output  word  y  t  is  given 
 by combined probabilities as 

	p	 ( 	y		t	 | 	s		t		,y		t−1	 , 	c		t		,	M	 )  = 	p	 ( 	y		t		,	g	 | 	s		t		,	y		t−1	 , 	c		t		,		M	 )  + 	p	 ( 	y		t		,	c	 | 	s		t		,	y		t−1	 , 	c		t		,	M	 )  (23) 

 where c and g are the copy and generate modes respectively [2]. 

	3)	COVERAGE	

 It  was  introduced  to  solve  the  output  sequence's  repeat  issue  and  aid  in 
 reducing  or  eliminating  it  [  54  ].  This  concept  includes  the  ability  to  track 
 previously  studied  vocabulary.  To  do  this,  attention  distribution  is  used  to  keep 
 the  system  aware  of  the  covered  sequence  and  to  penalize  the  network  if  it 
 attends to the same sequence repeatedly [  2  ]. 
 Mathematically, at time stept, the coverage vector c  t  is represented as 

	c		t	 = 	αt’	  (24) 
 𝑡  ’ = 0 

 𝑡 − 1 

∑

 The  loss  term  that  penalizes  overlap  between  c  t  and  the  new  attention 
 distribution α  t  is expressed as 

	loss		t	 = 	min	 ( 	α		t	 	i		,	c	
	t	
	i	 )  (25) 

 𝑖    
∑

	4)	POINTER-GENERATOR	

 This  mechanism  makes  an  attempt  to  suggest  a  solution  to  eliminate  the  issue 
 of  factual  details  and  terms  that  are  OOV.  While  still  having  the  ability  to  create 
 new  words  using  a  generator,  it  can  replicate  words  or  facts  using  pointers 
 [  54  ].  Together  with  computing  an  attention  distribution  α  and  a  vocabulary 
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 distribution  p  vocab  ,  the  model  also  calculates  a  generation  probability  denoted 
 by  p  gen  .  The  generation  probability  represents  the  probability  of  predicting  the 
 final word either from the vocabulary or copying it from the input [  2  ]. 

 Mathematically, the final probability of generating output word is expressed as, 

	p		final	 ( 	w	 ) = 	p		gen		p		vocab	 ( 	w	 )+( 	1	 − 	p		gen	 ) 	αi	  (26) 
 𝑖 : 𝑤𝑖 = 𝑤 

∑

	5)	DISTRACTION	

 The  distraction  mechanism  proposed  by  [  55  ]  involves  diversion  in  order  to 
 move  between  several  parts  of  a  publication  in  order  to  comprehend  the 
 overall  meaning  for  summarizing  a  document  rather  than  continuously 
 concentrating  on  a  single  part.  The  �irst  distraction  task  is  carried  out  during 
 the  training  process  and  the  second  distraction  task  is  carried  out  during  the 
 decoding  phase  in  this  model,  which  was  developed  by  the  researchers.  By 
 training  the  model  to  avoid  focusing  on  the  same  area  again  during  training, 
 the  distraction  was  applied  to  the  content  vector..  The  already  viewed  vector 
 was  stored  as  a  history  content  vector  and  merged  with  the  currently 
 computed vector. Formally, 

	c		t	 = tanh  ( 	W		c		c’t	 − 	U		c	 	c		j	 )  (27) 
 𝑗 = 1 

 𝑡 − 1 

∑

	c’		t	 = 	α		t	 , 	i		h	 i  (28) 
 𝑖 = 1 

 𝑇𝑥 

∑

 Where,  c  j  is  the  history  content  vector,  c’  t  is  the  input  content  vector,  α 	t,i	  is  the 
 attention  weight  at  time  t  and  h 	i	  is  the  hidden  state.  Also,  the  distraction  was 
 put  directly  on  the  attention  weight  vectors.  For  this  purpose,  the  previous 
 attention  weights  were  stored  in  a  history  attention  weight  vector  and  then 
 cumulated with the currently computed attention weights. 

	a’		t	,i	 = 	υ		T	 	a	  tanh  ( 	W		a		s’		t	 + 	U		a		h		i	 − 	b		a	 	α		j,i	 )  (29) 
 𝑗 = 1 

 𝑡 − 1 

∑
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 And, 

	α		t,i	 =  (30) 
 𝑒𝑥𝑝 ( α’ 

 𝑡 , 𝑖 
)   

 𝑗 = 1 

 𝑇𝑥 

∑  𝑒𝑥𝑝 ( α’ 
    𝑡 , 𝑗 

)

 Where, υ  a  , W  a  , U  a  and, b  a  are the weight matrices. 

 These  studies  demonstrate  the  promise  of  the  encoder-decoder  concept  as  a 
 text  summarizing  technique.  More  information  from  the  original  article 
 material  may  be  extracted  with  LSTM  layers  in  encoder-decoders  than  with 
 conventional RNNs [  2  ]. 
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 CHAPTER  5 

 P  ROPOSED  M  ETHODOLOGY 

 Text  Processing  is  one  of  the  most  common  tasks  in  many  NLP  applications.  These 
 algorithms  help  the  computers  to  analyze,  understand  and  derive  meaningful  summary  in 
 a  smart  and  useful  way.  With  this  paper,  out  of  all  the  Text  Processing  Algorithms,  we  have 
 tried  to  present  Text  Rank,  Latent  Semantic  Analysis  (LSA)  to  generate  the  extractive  text 
 summary,  Transformer  based  models  like  T5,  Improved  GPT-2  model,  A  seq2seq  based 
 BART  model  to  generate  the  abstractive  text  summary  that  provides  the  interesting  results 
 when  tested  with  Wikipedia  live  urls  or  articles.  We  will  outline  our  data  preprocessing, 
 and then describe various models that we used for our study. 

 Major Steps of  summarization 
 The  goal  of  this  project  is  to  explore  automatic  text  summarization  and  analyze 
 its  applications  on  different  Wikipedia  sites  datasets.  To  achieve  the  goal,  we 
 completed the following steps: 
 Step 1:  Choose and clean datasets 
 Step 2:  Build the extractive summarization model 
 Step 3:  Build the abstractive summarization model 
 Step 4:  Test and compare models on different datasets 
 Step 5:  Tune the abstractive summarization model 
 Step 6:  Build an end-to-end application 



	Fig.27:		Text	Summarization	Category	

	Fig.28:		Text	Summarization	Steps	with	Single	or	Multiple		document	
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	Fig.29		:	System	Overview	

	Fig.	30		.	Extractive	and	Abstractive		Text	Summarization	
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 5.1 Data Preprocessing 
 Text  preprocessing  ,  task  of  cleaning  and  removing  ambiguity  from  data  is  one 
 of  the  main  tasks  of  natural  language  processing,  which  is  necessary  for  the 
 effective  operation  of  an  NLP  algorithm.  When  given  the  proper  data,  an 
 algorithm can learn weights more precisely [  6  ]. 

 5.1.1 Generic Proposed Approach 

	Fig.31:		Data	Preprocessing	

 In  the  generic  model,  the  text  document  is  split  into  a  list  of  sentences,  and  this 
 list  of  sentences  is  then  passed  to  the  text  preprocessing  [  14,  15  ].  Text 
 preprocessing involves 4 stages: 

 1) 	Normalization:	 One  of  the  fundamental  steps  in  any  text  cleaning  work  is  to 
 normalize  the  data  such  that  all  the  text  is  in  the  same  order,  meaning  that 
 either  all  the  letters  are  in  lower  case  or  all  the  letters  are  in  upper  case.  In 
 general, all letters are normalized to lower case for the bene�it of the model. 
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 2) 	Punctuation	 	removal	 :Eliminating  punctuation  is  one  of  the  tasks  required 
 for  an  algorithm  to  learn  weight  appropriately  and  to  capture  semantic 
 components  of  the  text.  Removed  punctuation  includes  '?',  '!',  '/',  and  other 
 similar symbols. 

 3) 	Stop	 	words	 	removal	 :Stop  words  include  the  letters  'a',  'an',  'in',  'is',  etc. 
 These  are  the  meaningless  pieces  of  information  that  any  text  document  has 
 that  don't  add  to  its  syntactic  or  semantic  structure.  These  are  eliminated  by 
 tokenizing  the  sentence  after  the  punctuation  has  been  removed,  and  then 
 eliminating  stop  words  by  examining  and  eliminating  each  word  that 
 appears  on  the  prede�ined  list  of  stop  words.  The  stop  words  are  removed 
 using nltk (natural language tool kit) library. 

 4) 	Lemmatization	 :Lemmatizing  the  text  is  the  �inal  step  in  the  text 
 preprocessing  process.  This  produces  the  effective  result  of  the  NLP 
 algorithm  rather  than  being  a  step  that  must  be  taken.  In  order  to  exclude 
 the  endings  of  words  with  the  same  meaning,  morphological  analysis  of  the 
 words is used. 

 5.1.2 Proposed Approach for web scraping 

 Information  can  be  extracted  from  the  Web  using  a  variety  of  techniques.  It  is 
 preferable  to  use  an  API  to  extract  structured  data  rather  than  web  scraping. 
 Unfortunately  not  all  website  offers  an  API  because  they  do  not  want  users  to 
 extract  data  in  a  structured  way.  To  convert  unstructured  data  in  HTML  or  XML 
 format  into  structured  data  (database  or  spreadsheet),  we  can  execute  web 
 scraping.  In  this  paper,  we  scraped  a  Web  page  using  Beautiful  Soup  [  96  ]. 
 Beautiful  Soup  is  a  Python  [  97  ]  library  for  extracting  the  body  of  HTML  and 
 XML  files.  It  also  defines  a  class  for  auto  detecting  the  encoding  of  an  HTML  or 
 XML  document,  and  converting  it  to  Unicode.  We  �irst  remove  stop  words  from 
 the  raw  data  after  extracting  the  structured  data.  Next,  the  provided  text  is  then 
 tokenized  into  sentences,  with  each  sentence  being  given  a  unique  index  based 
 on  the  input  sequences  of  the  sentences  in  the  document.  Finally,  tokenize  each 
 sentence into the group of words needed for graphical representation [  9  ]. 
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 5.2 Model Description 

 5.2.1 Text Rank-Based Summarization 
 In  the  proposed  method,  we  have  considered  the  document's  sentences  to  be 
 equivalent  to  Web  sites  in  the  PageRank  system  [  98  ].  The  similarity  between 
 the  two  sentences  determines  the  probability  of  moving  from  sentence  A  to 
 sentence  B.  The  improved  TextRank  described  in  this  paper  makes  use  of  the 
 PageRank's conceptual framework[  9  ]. 

	Fig.32:		Auto	Text	Summarization		using	Text	Rank	Algorithm	

	Fig.33		:	System	Architecture		of	Graph-Based	Text	Summarization	
	Using	Modified	TextRank	[		9		]	
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 Using  a  sentence  ranking  algorithm,  we  may  choose  the  most  signi�icant 
 sentences  from  the  input  text  document.  In  PageRank,  signi�icant  web  pages 
 are  linked  to  other  signi�icant  web  pages.  Similarly,  in  our  approach  ,we  are 
 assuming  that  the  signi�icant  sentences  are  connected  to  other  relevant 
 sentences  in  the  input  document[  9  ].In  this  model,  at  first  to  identify  the 
 sentences,  we  have  transferred  the  input  document 	D	 into  sentences 	{s		1		,		s		2		,		…		,	
	s		n		}	 using  NLTK  package,  i.e., 	D		={		s		1		,		s		2		,		…		,		s		n		}	 .  We  have  assigned  index  for  each 
 of  the  sentence  according  to  the  input  sequence  of  the  sentences  in  the 
 document.  In  order  to  properly  order  the  summarized  phrases  and  provide  a 
 coherent  summary,  index  values  are  widely  utilized.  In  the  next  step,  each 
 sentence  is  tokenized  into  a  set  of  words.  To  define  similarity  among  the 
 sentences,  we  represent  each  sentence  of  the  given  text  document  as  a  word 
 vector.  Next,  a  complete  weighted  graph 	G		=(V,		E,		W)	 of  the  input  document  is 
 built,  where 	V	  is  the  set  of  vertices,  each  of  which  corresponds  to  a  sentence 
 that  the  word  vector  is  supposed  to  represent. 	E	  is  the  set  of  edges  between 
 every  pair  of  vertices. 	W	 is  the  set  of  weights  assign  to  the  edges  of  the  graph 	G	 . 
 The weight 	w	 associated to 	edge	(u,	v)	∈	E	 is assigned  using following logic [  9  ]: 

 (i)  Suppose 	S(u)	 	=	 	{w		1		u		,	 	w		2		u		,	 	…	 	,	 	w		s		u		}	  is  the  sentence  corresponds  to  the 
 vertex 	u	  and 	S(v)	 	=	 	{w		1		v		,	 	w		2		v		,	 	…	 	,	 	w		t		v		}	  is  the  sentence  corresponds  to 
 the  vertex 	v	 .  Here,  we  have  considered  term  frequency  ( 	tf	 )  and  inverse 
 sentence  frequency  ( 	isf	 )  for  each  word  in  the  sentence.  For  an 
 example, 	tf		w		(S(u))	 is  the  term  frequency  of  word 	w	 in 	S(u)	 which  gives 
 the  number  of  occurrences  of  the  word  w  in  the  sentence.  Similarly, 
	isf		w		(D)	  is  the  inverse  sentence  frequency  of  the  word 	w	  in  the  input 
 document 	D	 which is defined by Eq.(31). 

	isf(w,	D)	=	log	  (31)     ‖  𝐷  ‖ 
 ‖ { 𝑆     ∈     𝐷     ∶     𝑤     ∈     𝑆 } ‖ 

 where,  ‖{S  ∈  D  ∶  w  ∈  S}‖  is  the  number  of  sentences  in  which  word  w  appears, 
 and ‖D‖ is the number of sentences present in the input document [  9  ]. 

 (ii)  Now,  the  isf-modified-Cosine  similarity  is  used  to  measure  the 
 similarity  between  every  pair  of  sentences  and  it  is  used  as  weight 	w	
 of 	edge	(u,	v)	 using Eq.(32) 

	w(u,	v)=	
 Σ 	∀x∈S(u)∪S(v)		tf		x		(S(u))tf		x		(S(v))(isf		x		(D))		2	

 √ Σ 	∀y∈S(u)		(tf		y		(S(u))isf		y		(D))		2	  × √ Σ  ∀z∈S(v) 	(tf		z		(S(v))isf		z		(D))		2	  (32) 
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 Traditional  cosine  similarity  only  considers  the  term  frequency  of  the 
 corresponding  words  in  the  text  document,  and  in  case  of  cosine  similarity,  the 
 dimension  should  be  the  same  for  all  sentence  vectors.  In  contrast, 
 isf-modi�ied-cosine  similarity  also  takes  into  account  the  different  levels  of 
 importance  for  the  corresponding  words  in  the  sentences  as  well  as  the  various 
 length of the sentence in the text document [  9  ]. 

 Thus,  we  get  a  complete  weighted  graph  which  is  made  sparse  by  removing  the 
 edges  having  weight  less  than  the  threshold  ( 	t	 ),  set  as  the  average  weight  of  all 
 the  edges  in  the  graph.  This  graph  represents  the  similarity  graph  of  the  input 
 document.  For  weight  assignment,  score  is  assigned  to  every  sentence 
 corresponding  to  every  node  of  the  graph 	G	 .  In  this  proposed  method,  we 
 initialize  the  TextRank  score  of  each  node  of  the  graph  by  the  average  weight  of 
 the  edges  incident  to  it  for  giving  importance  to  the  weights  associated  with 
 the  edges( 	E	 ),  whereas  in  traditional  PageRank  the  initial  PageRank  value  of 
 each  node  is  set  to  ,  where 	T	 is  the  total  number  of  nodes  in  the  graph.  Next,  1 

 𝑇 
 the TextRank score is updated via modified TextRank as defined in Eq.(33) [  9  ]. 

	TR(S(u))	 =  +(1− 	d	 )∗Σ 	v∈adj(u)	  (33) 
 𝑑 
 𝑇 

 𝑇𝑅 ( 𝑆 ( 𝑣 ))
 𝑑𝑒𝑔 ( 𝑆 ( 𝑣 ))

 where 	TR(S(u))	  is  the  text  rank  of  sentence 	S	  corresponds  to  the  node 	u	 , 
	TR(S(v))	 is  the  text  rank  of  the  sentence 	S	 corresponds  to  the  node  v  such  as 	v		∈	
	adj(u),deg(S(v))	  is  the  degree  of  the  node 	v	 corresponding  to  the  sentence 	S,		T	
 is  the  total  number  of  nodes  present  in  the  graph,  and 	d	 is  a  “damping  factor.” 
 Here,  we  have  considered  the  value  of 	d	 as  0.15.  Finally  for  summarization,  we 
 have  selected  top 	n	  scored  sentences  and  rearranged  those 	n	  sentences 
 according  to  the  sentence  index  which  we  have  assigned  at  first  step.  The  n 
 output  sentences  construct  the  summary  of  our  proposed  model.  Using  the 
 pseudocode  of  the  proposed  Algorithm  (2.1),  we  can  extract  important 
 sentences from a given input document [  9  ]. 
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	Algorithm2.1:	MODIFIED	TEXTRANK	SUMMARY(D,	n)		[		9		]	

	Input	 :Extracted  text  from  the  target  document  D  and  size  of  summary  =  n 
 (say). 
	Output	 :Summary of the input document. 
 1.Encode 	D	 into 	D′	 using UTF-8 format; 
 2. 	D′	  is  tokenized  into  individual  sentences  ( 	S		i	 )  using  the  NLTK  library; 
 3.Initialize 	index_value	 to zero for the sentence  index; 
 4. 	for	each		S		i		∈	D′	 in order of appearance in encoded 	D		do	

 4.1. Remove the stop words from the sentence; 
 4.2. Increase the 	index_value	 by 1; 
 4.3. Assign the 	index_value	 to the sentence; 

 5. 	for	each	 processed tokenized sentence 	S		i		∈	D′		do	
 Take word count vector v  i  ={w  1  , w  2  , … , w  ti  }; 

 6.Build  a  graph 	G	 	=(V,	 	E,	 	W)	  where 	V	  =  set  of  vertices  corresponding  to 
 sentences  represented  by  word  count  vector, 	E	  =  set  of  edges  and 	W	  =  set  of 
 weights associated with each edge ( 	u,	v	 )∈ 	E	 computed  by Eq.(32); 
 7.Remove  edges  with  weight  less  than  the  average  weight  considering  all  edges 
 of 	G	 ; 
 8. 	∀v	∈	V	 Initialize TextRank by the average weight  of the edges incident to it; 
 9.Modify  TextRank  of  every  node 	v	 	∈	 	V	  using  Eq.(33)  based  on  the  initial 
 TextRank; 
 10.Arrange  the  vertices  of  the  graph  in  descending  order  of  their  TextRank 
 score; 
 11.Take first n vertices from the sorted list; 
 12.Put  in  summary  the  sentences  associated  to  the  selected  n  vertices  in  order 
 of the 	index_value	 ; 
	return	 ( 	summary	 ) 
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	Fig.34		:	Frequency	summarizer	

 5.2.2 Latent Semantic Analysis (LSA) Summarization 
 The  algorithms  in  the  literature  that  use  LSA  for  text  summarization  perform 
 differently.  In  this  section,  information  on  LSA  will  be  given  and  these 
 approaches will then be discussed in more detail. 

	5.2.2.1		Step	1:	Input	matrix	creation:	

 A  document's  input  must  be  provided  in  a  fashion  that  a  computer  can 
 comprehend  and  use  for  computation.  Typically,  this  representation  takes  the 
 form  of  a  matrix,  where  the  rows  represent  words/phrases  and  the  columns 
 represent  sentences.  The  signi�icance  of  words  in  sentences  is  represented  by 
 the  cells.  The  values  for  the  cell  can  be  entered  in  different  approaches.  Since 
 not  all  words  are  used  in  every  sentence,  the  resulting  matrix  is  frequently 
 sparse.  For  summarization,  the  method  used  to  build  an  input  matrix  is  crucial 
 since  it  has  an  impact  on  the  matrices  that  SVD  uses  to  calculate  the  results.  As 
 was  already  established,  the  SVD  algorithm  has  a  high  level  of  complexity, 
 which  worsens  with  the  size  of  the  input  matrix.  Rows  of  the  matrix,  or  the 
 words,  can  be  shrunk  by  methods  like  eliminating  stop  words,  using  only  the 
 roots  of  words,  substituting  phrases  for  words,  and  so  on  in  order  to  reduce  the 
 matrix  size.  Additionally,  the  matrix's  cell  values  can  alter  the  SVD  results 
 [  6,10  ]. 
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 There  are  different  approaches  to  �illing  out  the  cell  values.  These  approaches 
 are as follows [  6,10  ]: 
 •  Frequen 	cy	 	of	 	word:	  the  cell  is  �illed  in  with  the  frequency  of  the  word  in  the 
 sentence. 
 • 	Binary		representation	 :  the  cell  is  �illed  in  with  0/1  depending  on  the  existence 
 of a word in the sentence. 
 • 	Tf-idf	(Term	Frequency-Inverse	Document	Frequency)	 :  the cell is �illed in 

 with  the  tf-idf  value  of  the  word.  A  higher  tf-idf  value  means  that  the  word  is 
 more  frequent  in  the  sentence  but  less  frequent  in  the  whole  document.  A 
 higher  value  also  indicates  that  the  word  is  much  more  representative  for  that 
 sentence than others. 
 • 	Log		entropy	 :  the  cell  is  �illed  in  with  the  log-entropy  value  of  the  word,  which 
 gives information on how informative the word is in the sentence. 
 • 	Root		type	 :  the  cell  is  �illed  in  with  the  frequency  of  the  word  if  its  root  type  is 
 a noun, otherwise the cell value is set to 0. 
 • 	Modi�ied	 	Tf-idf	 :  this  approach  is  proposed  in  Ozsoy  et  al.  [  99  ],  in  order  to 
 eliminate  noise  from  the  input  matrix.  The  cell  values  are  set  to  tf-idf  scores 
 �irst,  and  then  the  words  that  have  scores  less  than  or  equal  to  the  average  of 
 the row are set to 0. 

	5.2.2.2	Step	2	:	Singular	Value	Decomposition:	

 SVD  is  an  algebraic  method  that  can  model  relationships  among 
 words/phrases  and  sentences.  In  this  method,  the  given  input  matrix  A  is 
 decomposed into three new matrices as follows: 

 where 	A	 is the input matrix 	(m	 × 	n)	 ; U is words ×  extracted concepts 	(m	 × 	n)	 ; 
 represents  scaling  values,  diagonal  descending  matrix 	(n	  × 	n)	 ;  and 	V	  is 

 sentences × extracted concepts 	(n	 × 	n)	 [6,10]. 

	Fig.35:		Singular	Value	Decomposition[		10		]	

 P a  g e  |  72 



 SVD  has  the  capability  of  mapping  m-dimensional  term  vector  space  into  r 
 dimensional  singular  vector  space.  The  mapping  reveals  latent  semantic 
 structure  of  the  input  document.  r  linearly  independent  vectors  represent  the 
 topics  (concepts)  of  the  input  document.  r  value  is  the  rank  and  is  equal  to  or 
 less than the value of min (m, n) [  6,10  ]. 

 The  co-occurrence  of  the  words  is  the  basis  for  choosing  the  singular  vectors. 
 The  words  are  regarded  as  considered  if  they  co-occur  in  distinct  sections  of 
 the  document.  The  size  of  singular  vectors  provides  insight  into  the 
 signi�icance  of  the  idea.  By  using  words  that  are  related  to  the  concepts, 
 sentences  that  are  related  to  those  concepts  are  projected  along  singular 
 vectors.  The  sentence  with  the  highest  index  value  is  the  most  representative 
 sentence about that singular vector (concept) [  6,10  ]. 

 The  reduction  in  dimension,  r  value,  is  important;  since  it  can  affect  the  later 
 computation  performance.  As  stated  in  (Deerwester,  et  al.  1990),  the  value  of  r 
 should  be  able  to  �it  the  real  structure  of  the  input  data,  while  not  having  noisy 
 data,  such  as  containing  unimportant  information.  The  proper  way  of  deciding 
 the r-value is still an open question in literature [  6,10  ]. 

 The  well-known  problem  with  SVD  is  that  it  takes  a  lot  of  time.  The  SVD 
 calculation  must  be  repeated  whenever  new  terms  or  sentences  are  added  to 
 the  starting  matrix.  Deerwester,  et  al.  (1990)  advise  placing  new  terms  and 
 sentences  in  the  centroid  of  the  terms  and  sentences,  respectively,  to  solve  this 
 issue.  Polysemy-related  issues  with  SVD  are  another  problem.  Each  word  is 
 represented  as  a  point  in  space  after  the  SVD  calculations.  If  a  word  has  several 
 completely  distinct  meanings,  it  is  represented  in  the  single  vectors  space  as 
 the  average  of  those  meanings.  In  the  later  stages  of  the  document  analysis,  this 
 could  be  problematic.  (Deerwester,  et  al.  1990)  advises  classifying  the  words  in 
 the  space  according  to  where  they  fall  under  each  of  their  several  meanings 
 [  6,10  ]. 

	5.2.2.3	Step	3:	Sentence	Selections:	

 Different  algorithms  are  used  to  choose  signi�icant  sentences  using  the  results 
 of SVD. 

	A.	Sentence	selection	approaches	

 There  are  various  approaches  for  selection  of  the  sentences  while  creating 
 summaries using LSA. In this section, �ive of them will be explained. 
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	A.1.	 	Gong	 	and	 	Liu	 	(2001)		.	  One  of  the  key  studies  in  LSA-based  text 
 summarizing  is  the  algorithm  of  Gong  and  Liu  [100].  After  representing  the 
 input document in the matrix and calculating SVD values, 	V		T	  matrix, the matrix 

	Fig.36		:	VT	matrix.	From	each	row,	the	sentence	with		highest	score	is	chosen	until	a	
	prede�ined	number	of	sentences	have	been	collected	[		10		]	

 of  extracted 	concepts		×		sentences	 is  used  for  selecting  the  important  sentences. 
 In  V  T  matrix,  row  order  indicates  the  importance  of  the  concepts,  such  that 
 �irst  row  in  a  V  T  matrix  denotes  the  most  signi�icant  notion  that  was  extracted, 
 and  subsequent  rows  are  ranked  according  to  importance.  This  matrix's  cell 
 values  depict  the  relationship  between  the  sentence  and  the  notion.  The  more 
 closely the language relates to the concept, the higher the cell value [  10  ]. 

 Gong  and  Liu's  method  involves  selecting  one  sentence  from  the  most  crucial 
 concept,  followed  by  another  from  the  second-most  crucial  concept,  and  so  on 
 until  a  certain  number  of  sentences  have  been  gathered.  A  parameter  speci�ies 
 how many sentences must be gathered [  10  ]. 

 In  Example1,as  mentioned  in  previous  chapter  Discussion  three  sentences 
 were  given,  and  the  SVD  calculations  were  performed  accordingly.  The 
 resulting 	V		T	  matrix  having  rank  set  to  two  is  given  in  Fig,  36.  In  this  �igure,  �irst, 
 the  concept 	con0	 is  chosen,  and  then  the  sentence 	sent1	 is  chosen,  since  it  has 
 the highest cell value in that row [  10  ]. 

 There  are  some  drawbacks  to  Gong  and  Liu's  strategy,  which  are  listed  by 
 Steinberger  and  Jezek  [  101  ].  The  �irst  drawback  is  collecting  the  same  number 
 of  phrases  using  the  smaller  dimension.  The  speci�ied  number  is  given,  and  if  it 
 is  large,  statements  from  less  important  ideas  are  chosen.  Choosing  just  one 
 sentence  from  each  concept  has  a  second  drawback.  Sentences  that  are  closely 
 related  to  a  concept  but  do  not  have  the  highest  cell  value  can  be  found  in  some 
 ideas,  especially  important  ones.  The  �inal  drawback  is  that  it's  expected  that 
 all  of  the  concepts  are  important  at  the  same  level,  even  though  this  may  not  be 
 the case [  10  ]. 

	A.2.	 	Steinberger	 	and	 	Jezek	 	(2004).	  The  development  of  an  input  matrix  and 
 an  SVD  computation  are  the  �irst  steps  in  Steinberger  and  Jezek's  methodology 
 [  101  ].  The  next  step  is  sentence  selection,  which  is  different  from  Gong  and 
 Liu's  method.  The  approach  of  Steinberger  and  Jezek  uses  both 	V	 and  matrices 
 for  sentence  selection.  This  method  chooses  sentences  based  on  the  length  of 
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 each  sentence  vector,  which  is  represented  by  the  row  of  the 	V	  matrix.  The 
 ideas  whose  indexes  are  less  than  or  equal  to  the  speci�ied  dimension  are  used 
 to  determine  the  length  of  the  sentence  i.  In  order  to  emphasize  the  key  ideas 
 more,  matrix  is  employed  as  a  multiplication  parameter.  The  sentence  that  has 
 the  longest  length  value  is  picked  to  be  in  the  �inal  summary.  Using  the  results 
 of  Example  1,  calculated  length  values  are  given  in  Fig.  37.  The  dimension  size 
 is  two  for  this  example.  Since  the  sentence 	sent1	  has  the  highest  length,  it  is 
 extracted  �irst  as  a  part  of  the  summary.  By  eliminating  the  drawbacks  of  the 
 Gong  and  Liu  summarization  algorithm,  the  major  goal  of  this  algorithm  is  to 
 produce  a  better  summary.  The  Steinberger  and  Jezek  approach  allows  for  the 
 collecting  of  multiple  sentences  from  a  single  major  concept  while  choosing 
 related sentences to all key concepts [  10  ]  . 

	A.3		Murray		et		al.		(2005)		.	 As  with  the  earlier  algorithms,  the  �irst  two  steps  of 
 the  LSA  algorithm  are  carried  out  before  the  sentence  selection  step. 	V		T	  and 
 matrices  are  employed  in  this  method  [107]  to  choose  sentences.  More  than 
 one  sentence  can  be  collected  from  the  topmost  important  concepts,  placed  in 
 the  �irst  rows  of  the 	V		T	  matrix.  Using  a  matrix,  it  is  decided  how  many 
 sentences  from  each  concept  will  be  collected.  For  each  concept,  the  value  is 
 decided  by  getting  the  percentage  of  the  related  singular  value  over  the  sum  of 
 all  singular  values.  In  Fig  38,  the 	V		T	  matrix  of  Example  1  is  given.  From  the 
 calculations  of  the  matrix,  it  is  observed  that  one  sentence  collection  from  the 
 �irst  row  is  enough,  but  for  demonstration  purposes  two  sentences  will  be 
 collected  from  Fig  38.  So,  from 	con0	 the  sentences 	sent1	 and 	sent2	 are  selected 
 as  a  part  of  the  summary.  Gong  and  Liu's  issue  with  just  choosing  one  sentence 
 from  each 	concept	  is  resolved  by  Murray  et  al.'s  strategy,  especially  when  the 
 concept  is  crucial.  This  method  allows  for  the  selection  of  multiple  sentences, 
 even  if  none  of  them  have  the  highest  cell  value  in  the  row  of  the  connected 
 idea.  Additionally,  the  number  of  sentences  in  the  �inal  summary  need  not 
 match the reduced dimension [  10  ]. 

	Fig.37		:	Length	scores.	The	sentence	with	the	highest		length	score	is	chosen[		10		]	

	Fig.38:		The	VT	matrix.	From	each	row,	the	sentence		with	the	highest	score	is	chosen	
	until	all		prede�ined	sentences	have	been	collected[		10		]	
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	Fig.39		:	The	VT	matrix	after	pre-processing	[		10		]	

	A.4.		Cross		method		.	 The  Steinberger  Jezek  [  101  ]  methodology,  as  forth  in  Ozsoy 
 et  al.  [  99  ],  is  extended  by  the  cross  method.  In  this  approach,  input  matrix 
 creation  and  SVD  calculation  steps  are  executed  as  in  the  other  approaches  and 
 the 	V		T	  matrix  is  used  for  sentence  selection  purposes.  There  is  a  pre-processing 
 stage  that  comes  before  the  SVD  calculation  and  sentence  selection  steps.  The 
 pre-processing  step  aims  to  eliminate  the  overall  impact  of  sentences  that  are 
 peripherally  related  to  the  concept  but  do  not  constitute  the  concept's  primary 
 sentence.  The  average  sentence  score  is  computed  for  each  concept,  which  is 
 represented  by  the  rows  of  the 	V		T	  matrix.  Then  the  cell  values  which  are  less 
 than  or  equal  to  the  average  score  are  set  to  zero.  Less  related  sentences  are 
 removed  while  more  related  ones  are  retained  for  that  concept  after  setting  the 
 cell  values  to  zero  for  those  whose  scores  are  below  average.  Pre-processing  is 
 followed  by  a  version  of  Steinberger  and  Jezek's  approach's  phases.  In  our 
 cross  approach,  the  total  length  of  each  sentence  vector,  which  is  represented 
 by  a  column  of  the 	V		T	  matrix,  is  determined.  The  user  speci�ies  the  number  of 
 concepts  to  be  used  while  calculating  the  length  score;  otherwise,  all  of  the 
 extracted  concepts  are  used.  The  resulting  summary  is  then  assembled  using 
 the  longest  sentence  vectors.  In  Fig  39,  an  example 	V		T	  matrix  is  given  after  the 
 pre-processing  is  executed.  The  average  score  for  each  concept  is  �irst 
 calculated  for  the  pre-processing  step,  and  any  cell  values  below  this  average 
 are  subsequently  set  to  zero.  After  pre-processing,  the  concept  scores  are 
 added  with  values  to  determine  the  length  scores.  In  this  example  matrix, 	sen1	
 has  the  highest  length  score,  so  it  has  been  chosen  to  be  part  of  the  summary 
 [  10  ]. 

	A.5.	 	Topic	 	method.	  Ozsoy  et  al.  [  99  ]  have  proposed  the  topic  method.  It  �irst 
 performs  a  pre-processing  stage,  then  chooses  a  sentence.  Both  of  these  steps 
 make  use  of  the 	V		T	  matrix.  Finding  the  key  concepts  and  sub-concepts  are  the 
 major  goal  of  the  topic  technique.  The  themes  in  the  input  document  are 
 known  to  be  the  concepts  that  come  from  SVD  calculations.  These  topics, 
 however,  may  also  be  subtopics  of  other  extracted  topics.  In  this  approach, 
 after  deciding  the  main  topics  that  may  be  a  group  of  subtopics,  the  sentences 
 are  collected  from  the  main  topics  as  a  part  of  the  summary.  This  approach's 
 pre-processing  step  begins  similarly  to  the  pre-processing  step  of  the  cross 
 approach.  First,  using  the  row  of  the 	V		T	  matrix,  the  average  sentence  score  for 
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 each  concept  is  determined.  The  cell  values  below  this  score  are  then  set  to 
 zero.  Only  the  most  crucial  sentences  that  are  directly  related  to  the  concept 
 are  left  after  this  step,  which  removes  sentences  that  are  not  strongly  related  to 
 it [  10  ].In Fig. 40, an example 	V		T	  matrix after pre-processing  is given. 

	Fig.40		:	The	VT	matrix	after	pre-processing	[		10		]	

	Fig.41		:	New	concept×concept	matrix	[		10		]	

 After  the  �irst  step  of  pre-processing  comes  the  step  of  �inding  out  the  main 
 topics.  For  this  step,  a 	concept	 	×	 	concept	  matrix  is  created  by  �inding  out  the 
 concepts  that  have  common  sentences.  The  common  sentences  are  the  ones 
 that  have  cell  values  other  than  zero  in  both  concepts  that  are  considered.  Then 
 the  new  cell  values  of  the 	concept	 	×	 	concept	  matrix  are  set  to  the  total  of 
 common  sentence  scores.  In  Fig.  41,  the 	concept		×		concept	 matrix  based  on  the 
	V		T	  is  given.  After  the  creation  of  the 	concept	 	×	 	concept	  matrix,  the  strength  of 
 each  concept  is  calculated.  For  each  concept,  the  strength  value  is  computed  by 
 getting  the  cumulative  cell  values  for  each  row  of  the 	concept		×		concept	 matrix. 
 The  concept  with  the  highest  strength  value  is  chosen  as  the  main  topic  of  the 
 input  document.  A  higher  strength  value  indicates  that  the  concept  is  much 
 more  related  to  the  other  concepts,  and  it  is  one  of  the  main  topics  of  the  input 
 text.  In  Fig.  41,  calculated  strength  values  can  be  seen.  Since 	con0	  has  the 
 highest strength value, it is chosen to be the main topic [  10  ]. 

 Following  these  steps,  the  sentences  are  extracted  from  the  pre-processed 	V		T	
 matrix  using  Gong  and  Liu's  methodology.  As  previously  stated,  until  a 
 pre-de�ined  numbers  of  sentences  are  gathered,  one  single  sentence  is 
 collected  from  each  concept.  The  approach  uses  the  selected  primary  concepts 
 for  sentence  selection  rather  than  the  topmost  concepts  from  the 	V		T	  matrix.  In 
 Fig.40, 	sen1	 is  chosen  from 	con0	 ,  since  that  sentence  has  the  highest  cell  value 
 [  10  ]. 
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 5.2.3 T5 Transformer Model –Based Summarization 
 Fundamental  Concepts  of  the  Transformer  Model  -The  Transformer  Network 
 [30]  is  built  only  on  multiple  attention  layers.  It  relies  on  attention  layers  and 
 positional  encoding  to  remember  the  order  of  the  words  in  the  input  sequence 
 rather  than  using  RNN.  Multiple  attention  layers'  ability  to  create  global 
 dependencies facilitates input processing in parallel [  1  ]. 

 The  transformer  model  [  11  ]  contains  encoder  and  decoder  layers,  where  each 
 is  connected  to  a  multi-head  attention  layer  and  feed  forward  network  layers. 
 The  model  remembers  the  position  and  sequence  of  words  with  the  help  of 
 cosine  and  sine  functions  that  creates  positional  encoding.  The  multi-head 
 attention  layer  [  11  ]  in  the  encoder  and  decoder  layer  applies  a  mechanism 
 called  self-attention.  The  input  is  fed  into  three  connected  layers  to  create 
 query  (Q),  key  (K),  and  value  (V)  vectors  [  11  ].  These  vectors  are  split  into  n 
 vectors. 

 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛  =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥  (  )  𝑉  (34)  𝑄𝐾  𝑇 

 √𝑑𝑘 
 Self-attention  is  applied  on  n  separate  vectors  to  create  multi-head  attention 
 [  30  ]. 

 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑  (  𝑄 	,	 𝐾 	,	 𝑉  ) =  𝐶𝑜𝑛𝑐𝑎𝑡  (  ℎ  𝑒𝑎𝑑  1  ,…  ,  ℎ  𝑒𝑎𝑑  ℎ  )  𝑊  𝑂  (35) 

 where,  ℎ  𝑒𝑎𝑑  𝑖  =  𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛  (  𝑄𝑊  𝑖 
 𝑄  ,  𝐾𝑊  𝑖 

 𝐾  ,  𝑉𝑊  𝑖 
 𝑉  )  Where  the  projections  are 

 parameter matrices [  30  ] 

 𝑊  𝑖 
 𝑄  ∈  ℝ  𝑑  𝑚𝑜𝑑𝑒𝑙  ×  𝑑  𝑘  ,  𝑊  𝑖 

 𝐾  ∈  ℝ  𝑑  𝑚𝑜𝑑𝑒𝑙  ×  𝑑  𝑘  ,  𝑊  𝑖 
 𝑉  ∈  ℝ  𝑑  𝑚𝑜𝑑𝑒𝑙  ×  𝑑  𝑉  and  𝑊  𝑂  ∈  ℝ  ℎ  𝑑  𝑉  ×  𝑑  𝑚𝑜𝑑𝑒𝑙 

	Pretrained	 	Models	 	based	 	on	 	Transformers	  -Hugging  Face  [  31  ]  is  an  open 
 source  project  that  offers  a  variety  of  bene�icial  NLP  libraries  and  datasets.  The 
 Transformer  library  is  the  most  well-known  one  there.  The  transformer  library 
 includes  a  variety  of  pre-trained  text  summarization  models  that  may  be 
 customized  for  any  dataset.  Here,  we'll  talk  about  some  pre-trained  models 
 that  were  optimized  and  put  into  use  for  the  BBC  news  dataset  to  produce 
 reasonably accurate summaries [  1  ]. The models we used  are as follows: 
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	T5	Transformer	Framework	

 With  the  text-to-text  framework  described  in  the  paper  [  102  ],  NLP  tasks  such 
 as  document  summarization,  machine  translation,  and  question  answering 
 regression  tasks  can  be  trained  to  predict  the  string  representation  of  a 
 number  rather  than  the  actual  number  itself  using  the  same  model  for  loss 
 function  and  hyperparameters  [  16  ].  The  input  and  output  of  the  T5  model  is 
 always  purely  text  to  text  format  i.e.,  text  string  as  shown  in  Fig.  42.with  �ig  1 
 for T5 framework 

	Fig.42:		T5	Text-to-Text	Framework	[		16		]	

 "Text-to-Text  Transfer  Transformer"  is  referred  to  as  T5  [  32  ].  Transfer  learning 
 is  the  guiding  principle  of  the  T5  model  [  33  ].  The  model  was  initially  trained 
 using  Transfer  Learning  on  a  task  with  a  large  text  before  being  �ine-tuned  on 
 a  downstream  task  so  that  the  model  acquires  general-purpose  abilities  and 
 knowledge  to  be  used  to  tasks  like  summarization.  T5  [  32  ]  employs  a 
 sequence-to-sequence  generation  technique  that  feeds  the  encoded  input  via 
 cross-attention  layers  to  the  decoder  and  generates  the  decoder  output 
 autoregressive.  We  have  improved  a  T5  model  [  32  ]  in  which  the  encoder 
 receives  a  set  of  tokens  that  are  translated  into  a  set  of  embeddings  as  input. 
 The  encoder  block  has  a  block  with  two  subcomponents,  a  self  attention  layer 
 and  a  feed  forward  network.  The  only  structural  difference  between  the 
 encoder  and  decoder  is  that  every  personal  attention  layer  is  followed  by  a 
 generalized  attention  mechanism.  This  enables  the  model  to  only  work  with 
 the  previous  outputs.  An  output  from  the  last  decoder  block  is  passed  into  the 
 following  layer.  The  activation  function  in  this  last  dense  layer,  is  softmax.  The 
 input embedding matrix receives the weights from this layer's output [  1  ,  3  ,  17  ]. 
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	Fig.43:		T5	architecture	[		17		]	

	Fig.44:		Data	�low	in	transformer	[		3		]	
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	T5	Transformer	Model	Implementation	[	 18 	]	

 o  The  following  libraries  were  imported:  Transformers,  T5  Model,  Pandas, 
 Pytorch, Pytorch Utils for Dataset and Data loader, and Pytorch. 

 o  Purge the dataset of unnecessary columns. 
 o  For test and validation, the data are split in an 80/20 ratio. 
 o  To  generate  train  and  validation  data  loaders,  train  and  validation 

 parameters  are  speci�ied  and  provided  to  the  pytorch  Data  loader 
 construct. 

 o  Specify  the  model  and  optimizer  that  will  be  used  for  training  and  to 
 update the weights of the network. 

 o  Train the model with the required input parameters. 
 o  Produce the summaries. 

 5.2.4  Generative  Pre-trained  Transformer-2  (GPT2) 
 Model–Based Summarization 
 Generative  Pre-trained  Transformer-2  model  [  103  ]  is  employed  for  text 
 summarization  on  our  own  dataset  that  contains  contents  from  different 
 wikipedia  sites.  The  decoder  section  of  the  transformer  network,  which  has  a 
 multi-headed  masked  self-attention  block  to  process  all  the  tokens 
 concurrently,  is  included  in  this  model.  Given  the  previous  tokens  in  the  text,  it 
 is  trained  to  recognise  the  following  token.  The  model  is  enhanced  by 
 �ine-tuning  all  the  pretrained  parameters.  It  uses  a  deep  neural  network,  in 
 which  the  inputs  are  handled  by  many  layers  of  neurons  that  operate 
 successive  layers  to  produce  the  output  at  the  last  layer  [  19  ].  The  architecture 
 of GPT-2 model is shown in Fig.45. 

	Fig.45:		GPT-2	Model	Architecture	[		19		]	
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	Fig.46:		GPT-2	Model	with	Prediction	and	Classi�ier	

	Fig.47:		Different	size	of	GPT-2	Model	

 The  smallest  variant  of  the  trained  GPT-2,  takes  up  500MBs  of  storage  to  store 
 all  of  its  parameters.  The  largest  GPT-2  variant  is  13  times  the  size  so  it  could 
 take up more than 6.5 GBs of storage space. 
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 5.2.5  Bidirectional  and  Autoregressive  Transformers 
 (BART) Model –Based Summarization 
 Bidirectional  and  Auto  Regressive  Transformers  is  what  they  are  known  as 
 [36].  It  is  constructed  using  a  seq2seq  model  that  underwent  pre-training 
 denoising.  It  makes  use  of  the  common  seq2seq  model  architecture,  which 
 combines an encoder that resembles BERT [  34  ] and a  GPT-like decoder [  35  ]. 

 It  is  trained  by  corrupting  text  with  random  noise  function  thus,  model  learns 
 to  restructure  the  original  text  as  shown  in  Fig.  48.  A  standard  Transformer 
 with  simple  neural  machine  translation  architecture  is  used  in  BART.It  assesses 
 several  noising  techniques.  It  uses  a  novel  in-�illing  approach  where  a  single 
 mask  token  is  placed  in  text  spans  to  discover  the  best  performance  by 
 randomly rearranging the original sentence order [  1  ]  [  20  ]. 

	Fig.48		:	A	Schematic	Diagram	of	BART	[		16		]	

 In  the  pre-training  job,  the  original  phrases'  order  is  randomly  changed,  and  a 
 new  technique  is  used  to  switch  text  ranges  with  a  single  mask  token.  There  are 
 twice  as  many  layers  in  the  BART  big  model  [  36  ]  as  there  are  in  the  base  model. 
 Although  they  are  quite  similar,  BART  [  34  ]  has  about  10%  more  features  than  a 
 BERT  model  of  comparable  size.  The  autoregressive  BART  decoder  is 
 controlled  to  produce  sequential  NLP  tasks  like  text  summarization.  The 
 denoising  pre-training  objective  is  strongly  tied  to  the  fact  that  the  data  is 
 taken  from  the  input  but  altered.  As  a  result,  the  encoder's  input  is  the  input 
 sequence  embedding,  and  the  decoder's  output  is  produced  autoregressively. 
 The  pre-trained  model  "facebook/bart-large-cnn''  and  the  Bart  tokenizer, 
 which  is  made  from  the  GPT-2  tokenizer,  were  both  used.  Because  of  this, 
 words are encoded differently based on where they are in a phrase [  1  ] [  21  ]  . 
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	Fig.49		:	BART	Model	Work�low	[		22		]	

	Fig.50		:		BART	Model	Architecture	
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 BART,  or  the  Bidirectional  and  Auto-Regressive  Transformer,  will  be  used  for 
 text  summarization  [  104  ].  The  article's  content  will  �irst  be  abstractedly 
 summarized  using  BART  before  being  prepared  for  presentation.  The  BART 
 model  employed  in  this  study  is  precisely  known  as  bart-large-cnn  (BART 
 model  that  has  been  optimized  on  CNN/DailyMail  dataset  to  perform 
 abstractive summarization task) [  22  ]. 

 The  BART  model  employed  in  this  study  has  16  attention  heads,  1024  hidden 
 units,  12  encoder  levels,  and  12  decoder  layers.  Text-based  article  content  will 
 be  provided  to  the  BART  model  as  input.  Then,  embeddings  will  be  used  to 
 represent  article  content.  The  embeddings  will  receive  positional  encoding  in 
 order  to  include  positional  information  about  the  words  in  a  phrase. 
 Embeddings  will  then  be  passed  into  the  encoding  layers  and  eventually  the 
 decoding layers [  22  ]. 

 The  goal  of  this  research  is  to  build  an  algorithm  to  separate  article  content 
 into  smaller  portions  so  that  BART  can  process  the  document  without 
 truncating  the  input  text.  This  technique  will  be  used  to  overcome  the  BART 
 model's  limitation  while  processing  long  documents  (documents  longer  than 
 1024  tokens).  The  text  will  then  be  broken  up  into  parts,  with  each  component 
 being  processed  separately  before  being  concatenated.  The  �inal  summary  will 
 then be created by summarizing the combined material a second time [  22  ]. 

 Input  embeddings  will  pass  through  a  number  of  encoder  layers  during  the 
 encoding  process.  There  are  12  encoder  layers  in  the  BART  model  used  in  this 
 study.  The  multi-head  attention  layer  and  the  feed  forward  layer  are  two  of  the 
 many  sub-layers  that  make  up  each  encoder.  With  16  attention  heads  working 
 simultaneously,  the  multi-head  attention  layer  will  determine  the  self-attention 
 for  each  word  in  the  input  sequence.  The  attention  vector,  which  contains  the 
 attention  value  for  each  word  in  the  input  sequence,  will  be  the  layer's  output. 
 The  feed  forward  layer  will  then  be  traversed  by  the  attention  vector.  The 
 attention  vector  will  undergo  a  linear  transformation  in  the  feed  forward  layer 
 so that it can be handled by the following encoder or decoder block [  22  ]. 

 The  embeddings  will  be  sent  to  the  decoder  after  passing  through  the  12  layers 
 of  the  encoder.  Input  embeddings  will  pass  through  12  decoder  layers  during 
 the  decoding  process,  just  like  during  the  encoding  process.  The 
 encoder-decoder  attention  layer  is  a  new  sub-layer  that  is  sandwiched  between 
 the  encoder-decoder  layers,  each  of  which  contains  the  same  sub-layers  as  the 
 encoder.  A  target  sequence  and  the  embeddings  from  the  encoder  output  will 
 be  input  to  the  decoder  layer.  First,  the  input  to  the  multi-head  attention  layer's 
 �irst sub-layer, the target sequence, will be used. The decoder block's 
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 multi-head  attention  layer  operates  differently  than  the  encoder  block.  In  order 
 for  the  decoder  to  only  consider  words  in  the  current  position  and  words  in  the 
 previous  position  while  calculating  the  attention  values,  it  calculates  the 
 self-attention  by  masking  the  future  position.  The  second  sub-layer,  the 
 encoder-decoder  attention  layer,  will  then  receive  the  input.  The  query  from 
 the  previous  layer  and  the  key  and  value  from  the  encoder  output  were  the 
 initial  two  inputs  to  the  encoder-decoder  attention  layer.  Based  on  the 
 provided  Query,  Key,  and  Value,  this  layer  will  then  determine  the  attention  for 
 each word in the input and target sequence [  22  ]. 

 The  feed  forward  layer  will  receive  an  attention  vector  as  its  output  from  this 
 layer.  The  attention  vector  will  undergo  a  linear  transformation  in  the  feed 
 forward  layer,  much  like  in  the  encoder,  so  that  the  subsequent  decoder  block 
 can  process  it.  The  output  from  the  �inal  decoder  will  be  sent  into  a  linear  layer 
 and  softmax  layer  after  traveling  through  all  of  the  decoder  blocks.  A 
 probability  distribution  of  the  words  in  the  input  sequence  will  be  generated 
 by  the  softmax  layer.  The  word  included  in  the  cell  with  the  highest  probability 
 will be chosen as the predicted word for the current timestep [  22  ]. 
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 5.3  Algorithm  for  using  the  different  model  to 
 perform text summarization of a Wikipedia site 

	Step	1:	  Identify the Wikipedia page that you want  to summarize. 

	Step	 	2:	  Scrape  the  content  of  the  page  using  a  web  scraping  tool  or  the 
 Wikipedia API. 

	Step		3	 :  Preprocess  the  text  to  remove  any  unwanted  characters,  stop  words,  or 
 special characters that may interfere   with the model's performance. 

	Step	4:	  Split the text into sentences using a sentence  tokenizer. 

	Step	 	5	 :  Initialize  the  different  ML  models  and  load  its  weights  and 
 con�iguration. 

	Step		6	 :  Encode  the  text  using  the  ML  Models  tokenizer  to  convert  the  text  into 
 tokens that can be understood by the model. 

	Step	7	 :   Set a target length for the summary. 

	Step		8	 :  Use  the  Different  ML  model  (T5  Transformer,  GPT2  ,  BART  Models)  to 
 generate  a  summary  by  setting  the  input  as  the  encoded  text  and 
 passing the target length as a parameter to the model. 

	Step	 	9:	  Decode  the  summary  using  the  BART  tokenizer  to  convert  the  model 
 output from tokens back into human-readable text. 

	Step	10:	  Return the summarized text to the user. 
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 5.4  Web  Application  to  perform  text  summarization  of 
 a Wikipedia site 
 This web-application will show the summary of a wikipedia page. Loads of 
 python modules are used to create the summaries. 

 5.4.1 Description 

 The  text  is  extracted  from  the  wikipedia  page  from  the  user  input  URL.  We 
 generate  a  corresponding  URL  if  it’s  a  query  and  if  it's  an  URL,  the  validity  of 
 the  URL  is  checked  �irst.  The  image  and  title  of  the  corresponding  wikipedia 
 title  is  also  fetched.  We  get  the  summary  according  to  the  option  chosen  and 
 clean it to remove unnecessary elements. 

 For  the  analysis  part  �irst  punctuations  are  removed  and  the  whole  summary  is 
 converted  to  small  cases.  We  get  the  summaries  from  different  algorithms  and 
 generate  venn  diagrams,  word  clouds  and  graphs  as  shown  in  the  picture.  We 
 consider the most occurring words in the summary (top 24). 

	Word	Cloud:	

 A  word  cloud  in  NLP  data  visualization  serves  as  a  powerful  tool  to  visually 
 summarize  and  communicate  textual  information  in  a  concise  and  visually 
 appealing  manner.With  the  word  frequency  information,  a  word  cloud  can  be 
 generated.  The  most  frequent  words  are  typically  displayed  with  larger  font 
 sizes,  while  less  frequent  words  are  represented  with  smaller  font  sizes.  The 
 positioning  of  words  within  the  cloud  is  often  randomized  to  create  an 
 aesthetically  pleasing  arrangement.To  enhance  the  visual  impact  and 
 interpretability  of  the  word  cloud,  various  customization  options  can  be 
 applied.  These  include  choosing  appropriate  colors,  fonts,  and  background 
 shapes.Additionally,  it  is  often  possible  to  �ilter  out  certain  words  or  add 
 custom  stopwords  to  remove  irrelevant  or  noisy  terms  from  the  word 
 cloud.Once  the  word  cloud  is  generated,  it  can  be  analyzed  to  gain  insights  into 
 the  textual  data.  Frequently  occurring  words  that  are  prominently  displayed  in 
 the  word  cloud  indicate  important  or  signi�icant  terms  within  the  dataset. 
 These  words  can  provide  a  quick  summary  or  overview  of  the  main  themes, 
 topics,  or  sentiments  present  in  the  analyzed  text.It  helps  researchers,  analysts, 
 and  users  to  quickly  grasp  the  key  aspects  of  a  text  corpus  and  identify 
 important patterns or trends within the data. 
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	Venn	Diagrams:	

 Venn  diagrams  are  useful  data  visualization  tools  in  Natural  Language 
 Processing  (NLP)  that  can  help  analyze  the  relationships  between  sets  of  words 
 or  concepts  within  a  text  corpus.  A  Venn  diagram  visually  represents  the 
 overlapping  and  non-overlapping  areas  between  multiple  sets,  providing 
 insights  into  the  shared  characteristics  or  intersections  among  different  groups 
 of  words.If  we  have  multiple  text  documents  or  categories,  wecan  create  a  Venn 
 diagram  to  understand  the  common  words  shared  between  them.  Each  set 
 represents  a  speci�ic  document  or  category,  and  the  overlapping  regions 
 indicate  the  words  that  appear  in  multiple  sets.  This  can  help  identify  common 
 themes,  topics,  or  vocabulary  across  different  documents  or  categories.If  you 
 have  manually  assigned  categories  or  labels  to  words  in  your  NLP  analysis,  a 
 Venn diagram can illustrate the relationships between these categories. 

 When  creating  a  Venn  diagram  for  NLP  data  visualization,  it  is  important  to 
 carefully  select  and  preprocess  the  words  or  concepts  to  be  included  in  the 
 diagram.  This  may  involve  removing  stopwords,  normalizing  word  forms,  or 
 applying  other  text  processing  techniques  to  ensure  meaningful  and  accurate 
 representations. 

 By  using  Venn  diagrams  in  NLP  data  visualization,  researchers,  analysts,  and 
 users  can  gain  a  deeper  understanding  of  the  relationships  and  overlaps 
 between  different  sets  of  words  or  concepts.  These  visual  representations  can 
 aid  in  identifying  patterns,  exploring  connections,  and  extracting  valuable 
 insights from textual data. 
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 In the home page we take an 
 input of a wikipedia URL 
 (eg.https://en.wikipedia.org/wiki/History_of_India) 
 or a search query 
 (history of India). 
 The home page will display the 
 summary according to the given 
 options (shown in picture). Along 
 with the summary the wordcloud 
 and count of words (top 24 in count) 
 is also shown. 

 In  the  analysis  page  we  will  take  input 
 similarly.  Here  some  detailed  analysis 
 corresponding  to  the  summary  involving 
 different algorithms is shown. 

 Wordcloud  with  the  abstract  algorithms 
 and other algorithms are shown differently. 

 Venn  diagrams  of  the  word  counts  are  also 
 shown  representing  the  words  used  in 
 different algorithms. 
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 5.4.2 Framework 
 This  web  application  uses  the  Django  framework.  Django  is  a  free  and 
 open-source  web  framework  written  in  Python  that  follows  the 
 Model-View-Controller  (MVC)  architectural  pattern.  It  is  designed  to  help 
 developers  build  high-level,  scalable,  and  maintainable  web  applications 
 quickly  and  easily.  Django  includes  a  wide  range  of  built-in  features  such  as  an 
 ORM  (Object  Relational  Mapping)  system,  a  templating  engine,  a  URL  routing 
 system,  an  admin  interface,  and  many  more.  It  also  comes  with  a  robust 
 security  system  and  built-in  support  for  multiple  databases,  making  it  a 
 popular  choice  among  developers  for  building  complex  web  applications.  The 
 framework  was  initially  developed  for  the  web  developers  working  on 
 newspaper  sites,  but  it  has  now  grown  to  become  one  of  the  most  widely  used 
 frameworks for web development. 

 5.4.3 Module and API used 

	Validators	Module:	

 The  ̀validators`  module  is  a  Python  library  that  offers  a  wide  range  of  functions 
 for  data  validation,  including  email  validation,  URL  validation,  IP  address 
 validation,  credit  card  number  validation,  and  more.  These  functions  are 
 helpful  in  ensuring  that  user  inputs  are  in  the  correct  format  and  type,  and  the 
 module  also  includes  some  helper  functions  for  checking  the  length  and  range 
 of  numbers,  and  validating  dates  and  times.  Overall,  the  ̀validators`  module  is  a 
 useful tool for data validation in Python. 

	torch	Module:	

 The  ̀torch`  module  is  the  primary  package  for  building  and  training  deep 
 learning  models  in  Python  using  the  PyTorch  library.  It  provides  a  wide  range 
 of  functionality,  including  tensors  for  representing  numerical  data,  pre-de�ined 
 neural  network  modules,  optimization  algorithms  for  training  models,  loss 
 functions  for  evaluating  model  performance,  and  data  loading  utilities  for 
 processing  input  data.  Additionally,  ̀torch`  offers  distributed  computing 
 capabilities  for  training  models  across  multiple  devices.  PyTorch  has  gained 
 popularity  among  machine  learning  researchers  and  practitioners  due  to  its 
 ease of use, �lexibility, and dynamic computational graph. 
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	Wikipedia	api:	

 The  Wikipedia  API  is  a  set  of  web  APIs  that  allow  developers  to 
 programmatically  access  Wikipedia  data  and  metadata.  It  provides 
 functionality  for  searching,  retrieving,  and  querying  Wikipedia  pages,  and  can 
 be  used  for  natural  language  processing,  data  analysis,  and  building  bots  and 
 applications that interact with Wikipedia content. 

 5.4.4 Methodology of Web application 

	Set	up	the	development	environment:	

 Install Python: Ensure that Python is installed on our system. 
 Install  Django:  Use  pip  (Python  package  installer)  to  install  Django  by  running 
 the command: pip install django. 

	Create	a	new	Django	project:	

 Open  a  command  prompt  or  terminal  and  navigate  to  the  directory  where  we 
 want to create our project. 
 Run  the  command:  django-admin  startproject  project_name.  Replace 
 "project_name"  with  the  desired  name  for  our  project.This  creates  a  new 
 Django project with a default directory structure. 

	Create	a	Django	app:	

 Navigate into the project directory: cd project_name. 
 Run  the  command:  python  manage.py  startapp  app_name.  Replace  "app_name" 
 with  the  desired  name  for  your  app.This  creates  a  new  Django  app  within  our 
 project. 

	Create	views	and	templates:	

 De�ine the views in the views.py �ile of our app. 
 Create  HTML  templates  in  the  templates  directory  to  de�ine  the  structure  and 
 layout of our web pages. 
 Implement  the  necessary  logic  in  views  to  handle  user  requests,  retrieve 
 Wikipedia articles, and display the summarization results. 
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	Install	the	required	libraries	for	text	summarization:	

 Install  libraries  such  as  nltk  or  gensim  ,  sumy,  torch,  transformer  for  text 
 processing and summarization. 
 Use pip to install the required packages, for example: pip install nltk. 

	Implement	the	summarization	logic:	

 Import  the  necessary  libraries  in  our  Django  views  or  create  separate  utility 
 functions. 
 Implement  the  logic  to  fetch  Wikipedia  articles  using  the  Wikipedia  API  or  a 
 web scraping library like BeautifulSoup. 
 Extract  relevant  content  from  the  Wikipedia  articles  using  techniques  like 
 HTML parsing or regex. 
 Apply  text  processing  techniques  such  as  tokenization,  stop  word  removal,  and 
 stemming/lemmatization. 
 Utilize  text  summarization  algorithms,  such  as  the  TextRank  ,  LSA  ,  T5 
 algorithm, GPT2 , Bart Models to generate summaries. 
 Display the summaries directly to the user. 

	Wire	up	the	URLs:	

 De�ine the URL patterns in the urls.py �ile of our app. 
 Map the URLs to the corresponding views. 

	Test	and	run	the	application:	

 Start  the  development  server  by  running  the  command:  python  manage.py 
 runserver. 
 Open a web browser and visit the speci�ied URL to access our application. 
 Test  the  application  by  creating,  retrieving,  and  summarizing  Wikipedia 
 articles. 
 Ensure that the summarization results are displayed correctly. 

	Enhance	the	application:	

 Improve the user interface by adding CSS styling and JavaScript interactions. 
 Implement  features  such  as  search  functionality,  pagination,  and  user 
 authentication. 
 Handle exceptions and error cases gracefully. 
 Conduct  thorough  testing  to  ensure  the  application's  reliability  and 
 performance. 
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	Deploy	the	application:	

 Choose a hosting platform or server to deploy our Django application. 
 Con�igure  the  necessary  settings  for  deployment,  such  as  static  �iles, 
 connections, etc. 
 Follow  the  deployment  instructions  provided  by  our  hosting  platform  or 
 server. 

 5.4.5 Workflow of   Web application 

	Fig.51		:		Work	for	proposed	methodology	of	web	application	
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 CHAPTER  6 

 E  XPERIMENT 

 This  chapter  describes  the  experiential  outputs  and  observations  using  different 
 summarization  models  discussed  in  the  previous  chapter.  Detailed  experimental  output 
 with GUI obtained from all the summarization models has been discussed here. 

 6.1Data Preparation 
 The  information  that  is  to  be  embedded  plays  a  vital  role.  In  order  to  get 
 meaningful  output,  the  input  should  be  acceptable  and  understandable.  The 
 dataset  used  here  is  a  text  document  of  one  Wikipedia  article  live  URL.  The 
 proposed  automatic  text  summarization  based  on  a  single  document  system  is 
 implemented  in  the  PYTHON  program  and  the  text  summarization  process  is 
 experimented  with  the  document  is  collected  from  WIKIPEDIA  Article.  There 
 were  a  number  of  different  Python  packages  and  modules  used  for  different 
 areas  of  functionality  across  this  works  and  shows  the  input  text  taken  for 
 experimental purpose. 



 6.2 Experiment & Evaluation 

 The  experiment  is  conducted  to  �igure  out  the  best  possible  way  to  solve  the 
 extractive  text  summarization  using  Five  models  like  Summary  by  Sentence 
 using  LSA  model,  Summary  by  Ratio  using  TextRank  algorithm,  Summary  by 
 Word  count  using  TextRank  algorithm  for  doing  extractive  summarization  on 
 Wikipedia Live Urls .like : 

 Wiki URL 1: ”https://en.wikipedia.org/wiki/History_of_India” 
 Wiki URL 2: ”https://en.wikipedia.org/wiki/Kolkata” 
 Wiki URL 3: ”https://en.wikipedia.org/wiki/Rabindranath_Tagore”. 

 The  experiment  is  conducted  over  different  sets  of  Wikipedia  Live  Urls.  First 
 experiment  is  conducted  on  WikiURL  1  of  Wikipedia  url 
 ”https://en.wikipedia.org/wiki/History_of_India” , 

 6.2.1 Experiment 1 

 First  experiment  is  done  with  TextRank,  LSA,  T5  Transformer,  GPT2,  BART 
 model  in  a  GUI  application  on  WikiURL1 
 ”  https://en.wikipedia.org/wiki/History_of_India  ” 

 6.2.1.1 Experiemnt by TextRank: 

 We  have  used  the  TextRank  algorithm  using  Gensym  Python  Library  for 
 generating  two  types  of  extractive  summary  as  shown  in  the  output  in  the 
 Fig.53 and Fig.54 , 

	a)	Summary	by	Ratio(	ratio=0.1	percent),	

	Fig.52		:		Home	Page	for	Summary	Generation	
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	Fig.53:	 	Summary	by	Ratio	using	TextRank	

	b)	Summary	by	Word	count(set	word	count=1000)	

	Fig.54:	 	Summary	by	Word	count	using	TextRank	
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 We  are  representing  the  wordcloud  for  the  most  frequent  words  present  in  the 
 Summary  by  Ratio  as  shown  in  Fig.55  and  Summary  by  Word  count  as  shown 
 in the Fig. 56. 

	Fig.55:		Word	Cloud	Summary	by	Ratio	using	TextRank	

	Fig.56:		Word	Cloud	Summary	by	Word	count	using	TextRank	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common  keywords  extracted  from  the  Summary  by  Ratio  as  shown  in  the 
 Fig.57 and Summary by Word count as shown in the Fig.58. 
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	Fig.57		:	Most	Common	Word	vs	Count	Summary	by	Ratio		count	using	TextRank	

	Fig.58:		Most	Common	Word	vs	Count	Summary	by	Word		count	using	TextRank	
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 6.2.1.2 Experiment by LSA: 

 We  have  used  the  LSA  algorithm  using  Sumy  Python  Library  for  generating 
 extractive  summary  by  sentences  (no  of  sentences=50)as  shown  in  the  output 
 in the Fig. 59 

	Fig.59:		Summary	by	Sentences	using	LSA	

 We  are  representing  the  Word  Cloud  for  the  most  frequent  words  present  in 
 the Summary by Sentences  as shown in Fig. 60. 
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	Fig.60:		Word	Cloud	Summary	by	Sentences	using	LSA	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common  keywords  extracted  from  the  Summary  by  Sentences  as  shown  in  Fig. 
 61. 

	Fig.61:		Most	Common	Word	vs	Count	of	Summary	by	LSA	
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 6.2.1.3 Experiment by T5 Transformer: 

 We  have  used  the  T5  (Text-to-Text  Transformer)  model  using  torch, 
 transformers,  AutoTokenizer,  AutoModelForSeq2SeqLM  Python  Libraries  for 
 generating abstractive summary as shown in the output in Fig. 62. 

	Fig.62:		Summary	by	T5	Transformer	

 We  are  representing  the  Word  Cloud  for  the  most  frequent  words  present  in 
 the Summary  as shown in the Fig. 63 

	Fig.63:		Word	Cloud	of	Summary	by	T5	Transformer	
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 We  have  described  the  graphical  chart  representations  of  27  nos  of  most  common 
 keywords extracted from the Summary as shown in the Fig. 64. 

	Fig.64:		Most	Common	Word	vs	Count	of	Summary	by	T5		Transformer	

 6.2.1.4 Experiment by GPT2 model: 

 We  have  used  the  GPT2  model  using  torch,  transformers,  GPT2Tokenizer, 
 GPT2LMHeadModel  Python  Libraries  for  generating  abstractive  summary  as 
 shown in the output in Fig. 65. 
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	Fig.65:		Summary	by	GPT2	

 We  are  representing  the  wordcloud  for  the  most  frequent  words  present  in  the 
 Summary  as shown in Fig. 66. 

	Fig.66		:	Word	Cloud	of	Summary	by	GPT2	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common keywords extracted from the Summary as shown in Fig. 67. 
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	Fig.67:		Most	Common	Word	vs	Count	of	Summary	by	GPT		2	

 6.2.1.5 Experiment by BART model: 

 We  have  used  the  BART  model  using  BartForConditionalGeneration, 
 BartTokenizer,  BartCon�ig  Python  Library  for  generating  abstractive  summary 
 as shown in the output in Fig.68. 

	Fig.68:		Summary	by	BART	
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 We  are  representing  the  wordcloud  for  the  most  frequent  words  present  in  the 
 Summary  as shown in Fig.69. 

	Fig.69		:	Word	Cloud	of	Summary	by	BART	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common keywords extracted from the Summary as shown in the Fig.70. 

	Fig.70:		Most	Common	Word	vs	Count	of	Summary	by	BART	
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 6.2.2 Experiment 2 

 Second  experiment  is  done  with  TextRank,  LSA,  T5  Transformer,  GPT2,  BART 
 model  in  a  GUI  application  on  WikiURL2 
 ”https://en.wikipedia.org/wiki/Kolkata” . 

 6.2.2.1 Experiemnt by TextRank 

 We  have  used  the  TextRank  algorithm  using  Gensym  Python  Library  for 
 generating  two  types  of  extractive  summary  as  shown  in  the  output  in  the 
 Fig.71 and Fig.72 , 

	a)	Summary	by	Ratio(	ratio=0.1	percent),	

	Fig.71:	 	Summary	by	Ratio	using	TextRank	
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	b)	Summary	by	Word	count(set	word	count=1000)	

	Fig.72:	 	Summary	by	Word	count	using	TextRank	

 We  are  representing  the  wordcloud  for  the  most  frequent  words  present  in  the 
 Summary  by  Ratio  as  shown  in  the  Fig.  73  and  Summary  by  Word  count  as 
 shown in Fig. 74. 

	Fig.73:		Word	Cloud	Summary	by	Ratio	 	Fig.74:		Word	Cloud	Summary	by	
	using	TextRank																																																Word	count	using	TextRank	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common  keywords  extracted  from  the  Summary  by  Ratio  as  shown  in  the 
 Fig.75 and Summary by Word count as shown in the Fig.76. 
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	Fig.75		:	 	Most	 	Common	 	Word	 	vs	 	Count	 	Fig.76:	 	Most	 	Common	 	Word	 	vs	 	Count	
	Summary	by	Ratio	count	using	TextRank								Summary	by	Word	count	using	TextRank	

 6.2.2.2 Experiment by LSA 

 We  have  used  the  LSA  algorithm  using  Sumy  Python  Library  for  generating 
 extractive  summary  by  sentences  (no  of  sentences=50)as  shown  in  the  output 
 in the Fig. 77 

	Fig.77:		Summary	by	Sentences	using	LSA	
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 We  are  representing  the  Word  Cloud  for  the  most  frequent  words  present  in 
 the Summary by Sentences  as shown in Fig. 78. 

	Fig.78		:	Word	Cloud	Summary	 	Fig.79		:	Most	Common	Word	vs	Count	
	by	Sentences	using	LSA																																															of	Summary	by	LSA	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common  keywords  extracted  from  the  Summary  by  Sentences  as  shown  in  Fig. 
 79. 

 6.2.2.3 Experiment by T5 Transformer 

 We  have  used  the  T5  (Text-to-Text  Transformer)  model  using  torch, 
 transformers,  AutoTokenizer,  AutoModelForSeq2SeqLM  Python  Libraries  for 
 generating abstractive summary as shown in the output in Fig. 80. 

	Fig.80:		Summary	by	T5	Transformer	

 We  are  representing  the  Word  Cloud  for  the  most  frequent  words  present  in 
 the Summary  as shown in Fig. 81. 
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	Fig.81:		Word	Cloud	of	Summary	 	Fig.82:		Most	Common	Word	vs	Count	
	by	T5	Transformer	 	of	Summary	by	T5	Transformer	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most  common 
 keywords extracted from the Summary as shown in the Fig. 82. 

 6.2.2.4 Experiment by GPT2 model 

 We  have  used  the  GPT2  model  using  torch,  transformers,  GPT2Tokenizer, 
 GPT2LMHeadModel  Python  Libraries  for  generating  abstractive  summary  as 
 shown in the output in Fig. 83. 

	Fig.83:		Summary	by	GPT2	
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 We  are  representing  the  wordcloud  for  the  most  frequent  words  present  in  the 
 Summary  as shown in the Fig. 84 

	Fig.84		:	Word	Cloud	of	Summary	 	Fig.85		:	Most	Common	Word	vs	Count	
	by	GPT2	 	of	Summary	by	GPT2	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common keywords extracted from the Summary as shown in Fig. 85. 

 6.2.2.5 Experiment by BART model 

 We  have  used  the  BART  model  using  BartForConditionalGeneration, 
 BartTokenizer,  BartCon�ig  Python  Library  for  generating  abstractive  summary 
 as shown in the output in the Fig.86. 

	Fig.86:		Summary	by	BART	

 We  are  representing  the  wordcloud  for  the  most  frequent  words  present  in  the 
 Summary  as shown in Fig.87. 

 P a g e  |  112 



	Fig.87	:		Word	Cloud	of	Summary	 	Fig.88:		Most	Common	Word	vs	Count	
	by	BART																																																																		of	Summary	by	BART	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common keywords extracted from the Summary as shown in the Fig.88. 

 6.2.3 Experiment 3 
 Second  experiment  is  done  with  TextRank,  LSA,  T5  Transformer,  GPT2,  BART 
 model  in  a  GUI  application  on  WikiURL3 
 ”https://en.wikipedia.org/wiki/Rabindranath_Tagore” 

 6.2.3.1 Experiemnt by TextRank 

 We  have  used  the  TextRank  algorithm  using  Gensym  Python  Library  for 
 generating  two  types  of  extractive  summary  as  shown  in  the  output  in  the 
 Fig.89 and Fig.90 , 
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	a)	Summary	by	Ratio(	ratio=0.1	percent),	

	Fig.89:	 	Summary	by	Ratio	using	TextRank	

	b)	Summary	by	Word	count(set	word	count=1000)	

	Fig.90:	 	Summary	by	Word	count	using	TextRank	

 We  are  representing  the  wordcloud  for  the  most  frequent  words  present  in  the 
 Summary  by  Ratio  as  shown  in  Fig.  91  and  Summary  by  Word  count  as  shown 
 in the Fig. 92. 

 P a g e  |  114 



	Fig.91:		Word	Cloud	Summary	by	Ratio	 	Fig.92:		Word	Cloud	Summary	by	
	using	TextRank																																														Word	count	using	TextRank	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common  keywords  extracted  from  the  Summary  by  Ratio  as  shown  in  the 
 Fig.93 and Summary by Word count as shown in the Fig.94. 

	Fig.93		:	Most	Common	Word	vs	Count	 	Fig.94		:		Most	Common	Word	vs	Count	
	Summary	by	Ratio	using	TextRank																		Summary	by	Word	count	using	TextRank	

 6.2.3.2 Experiment by LSA 

 We  have  used  the  LSA  algorithm  using  Sumy  Python  Library  for  generating 
 extractive  summary  by  sentences  (no  of  sentences=50)as  shown  in  the  output 
 in the Fig. 95 
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	Fig.95:		Summary	by	Sentences	using	LSA	

 We  are  representing  the  Word  Cloud  for  the  most  frequent  words  present  in 
 the Summary by Sentences  as shown in Fig. 96. 

	Fig.96:		Word	Cloud	Summary	 	Fig.97:		Most	Common	Word	vs	Count	of	
	by	Sentences	using	LSA																																																												Summary	by	LSA	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common  keywords  extracted  from  the  Summary  by  Sentences  as  shown  in  Fig. 
 97. 
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 6.2.3.3 Experiment by T5 Transformer 

 We  have  used  the  T5  (Text-to-Text  Transformer)  model  using  torch, 
 transformers,  AutoTokenizer,  AutoModelForSeq2SeqLM  Python  Libraries  for 
 generating abstractive summary as shown in the output in Fig. 98. 

	Fig.98:		Summary	by	T5	Transformer	

 We  are  representing  the  Word  Cloud  for  the  most  frequent  words  present  in 
 the Summary  as shown in Fig. 99. 

	Fig.99:		Word	Cloud	of	Summary	 	Fig.100:		Most	Common	Word	vs	Count	
	by	T5	Transformer																																															of	Summary	by	T5	Transformer	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common keywords extracted from the Summary as shown in the Fig. 100. 
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 6.2.3.4 Experiment by GPT2 model 

 We  have  used  the  GPT2  model  using  torch,  transformers,  GPT2Tokenizer, 
 GPT2LMHeadModel  Python  Libraries  for  generating  abstractive  summary  as 
 shown in the output in Fig. 101. 

	Fig.101:		Summary	by	GPT2	

 We  are  representing  the  wordcloud  for  the  most  frequent  words  present  in  the 
 Summary  as shown in Fig. 102. 

	Fig.102:		Word	Cloud	of	Summary	 	Fig.103		:	Most	Common	Word	vs	Count	
	by	GPT2																																																																							of	Summary	by	GPT2	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common keywords extracted from the Summary as shown in Fig. 103. 
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 6.2.3.5 Experiment by BART model 

 We  have  used  the  BART  model  using  BartForConditionalGeneration, 
 BartTokenizer,  BartCon�ig  Python  Library  for  generating  abstractive  summary  as 
 shown in the output in Fig.104. 

	Fig.104:		Summary	by	BART	

 We  are  representing  the  wordcloud  for  the  most  frequent  words  present  in  the 
 Summary  as shown in Fig.105. 

	Fig.	105	:		Word	Cloud	of	Summary	 	Fig.106:		Most	Common	Word	vs	Count	
	by	BART																																																																							of	Summary	by	BART	

 We  have  described  the  graphical  chart  representations  of  27  nos  of  most 
 common keywords extracted from the Summary as shown in the Fig.106 
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 CHAPTER  7 

 R  ESULT 

 This  chapter  describes  the  key  �indings  and  results  of  the  different  models  and  different 
 datasets  performed  on  the  previous  chapter.  Detailed  results  obtained  from  all  the 
 models  (extractive  and  abstractive)  and  the  different  evaluation  metrics  used  for 
 evaluating the model predicted output summary is also presented here 

 Let  us  consider  the  result  generated  by  each  of  the  datasets  discussed  in  the 
 section  above.  We  used  the  human  generated  summaries  to  perform  a 
 comprehensive  analysis  of  the  summaries  generated  by  different  models.Not 
 only  the  prediction  of  output  summary  by  our  model  is  important,  but  also, 
 evaluating  that  result  is  also  a  significant  task  without  which  we  cannot 
 confirm  whether  the  output  produced  by  our  model  is  efficient  or  not.  Below 
 are  the  quantitative  and  qualitative  methods  for  evaluation  of  the  generated 
 summary. 



 7.1. Evaluation Metrics 

 In  general,  there  are  three  types  of  evaluations:  coselection-based  assessment 
 (with  a  reference  summary),  document-based  assessment  (with  the  original 
 document),  and  content-based  assessment  (without  reference  summary)  [  32  ]. 
 We briefly discuss them as follows. 

	(a)	Coselection-Based	Evaluation	Metrics	 . 

 This  evaluation  technique  is  based  on  keywords  in  the  system  summary,  and  it 
 necessitates  a  comparison  of  reference  summaries  of  the  documents.  The 
 reference  summary  and  system  summary’s  common  words  are  chosen  and 
 assessed separately. Recall, F-score, and Precision are the measurements . 

	(b)	Content-Based	Evaluation	Metrics	 . 

 This  technique  assesses  the  summarizing  system  in  terms  that  are  widely 
 understood.The  outline  can  not  get  a  network  of  thoughts,a  stream  of 
 sentences,the  relatedness  of  sentences  to  previous  phrases,  or  content 
 curiosity.  Every  one  of  these  difficulties  may  be  addressed  using  a 
 content-based  approach.  We  show  some  content-based  assessment 
 methodologies  that  take  into  account  a  text’s  varied  features.  It  just 
 necessitates  a  system  overview,  which  contains  metrics  like  cohesiveness, 
 nonredundancy, and readability . 

 ( 	c)	Document-Based	Evaluation	Metrics.	

 When  two  phrases  in  a  document  have  the  same  relevance,  but  neither  is 
 included  in  the  reference  summary,  these  evaluation  metrics  fail  to  assess  the 
 system summary properly. 

 Regarding  this  paper,  we  have  used  coselection-based  metrics  for  evaluation, 
 especially the ROUGE framework, which is explained in more detail hereinafter. 
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 7.2 ROUGE 

 Since  the  mid-2000,  the  ROUGE  metric  has  been  broadly  utilized  for 
 programmed  assessment  of  outlines  [  16  ].  Lin  called  it  Recall-Oriented 
 Understudy  for  Gisting  Evaluation  (ROUGE),  and  he  presented  various 
 measurements  that  help  in  naturally  deciding  the  nature  of 
 anoutlinebycomparingitwithhuman(reference)synopses  considered  mostly  as 
 the  ground  truth.  Different  types  of  ROUGEs  are  used  in  comparing  different 
 sentences.  The  granularity  of  texts  compared  between  the  system  summaries 
 and  reference  summaries  can  be  thought  of  as  ROUGE-L,  ROUGE-N,  and 
 ROUGE-S. 

 (a) 	ROUGE-N	  identifies  overlap  between  unigrams,  bigrams,  trigrams,  and 
 higher-order n-grams 

 (b) 	ROUGE-L	  uses  the  longest  common  sentence  (LCS)  to  determine  the  most 
 extended  corresponding  sequence  of  terms.  LCS  has  the  benefit  of  demanding 
 in-sequence  matches  that  capture  sentence-level  word  order  rather  than 
 sequential  matches.  You  do  not  need  to  specify  an  n-gram  length  since  it 
 contains the longest in-sequence typical n-grams by default 

 (c) 	ROUGE-S	  is  any  pair  of  words  in  the  proper  order  of  a  phrase,  accounting 
 for  gaps.  This  is  referred  to  as  skip-gram  concurrence.  Skip-bigram,  for 
 example,  tests  the  overlap  between  word  pairs  with  a  limit  of  two  spaces 
 between  them.  For  example,  the  skip  bigrams  for  the  term“dog  in  the 
 basket”will be“dog in,dog the dog basket,in the,in a basket,the basket” 
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 7.3 Evaluation Measures 

 The  evaluation  measures  used  are  for  context  evaluation  which  comes  under 
 co-selection.  In  co-selection  there  are  three  types  of  measures,  they  are 
 precision, recall, f-measure. 

	Precision	 	(P)	  can  be  de�ined  as  the  fraction  of  the  number  of  sentences 
 common  in  manual  and  automated  summary  to  the  number  of  sentences  in  the 
 automated summary. Precision (P) can be procured using equation . 

 Precision (  𝑃)  = 
 𝑆 ( 𝑚𝑎𝑛𝑢𝑎𝑙 )⋂ 𝑆 ( 𝑎𝑢𝑡𝑜 )

 𝑆 ( 𝑎𝑢𝑡𝑜 )

	Recall	 	(R)	  can  be  de�ined  as  the  ratio  of  the  number  of  sentences  common  in 
 manual  and  automated  summary  to  the  manual  summary.  The  recall  can  be 
 calculated using equation. 

 Recall  (  𝑅)  = 
 𝑆 ( 𝑚𝑎𝑛𝑢𝑎𝑙 )⋂ 𝑆 ( 𝑎𝑢𝑡𝑜 )

 𝑆 ( 𝑚𝑎𝑛𝑢𝑎𝑙 )

	F-measure	 	(F)	  can  be  de�ined  as  the  harmonic  mean  of  precision  and  recall. 
 F-measure (F) can be procured using equation . 

 F-measure  (  𝐹)  = 
 2    ∗    𝑅𝑒𝑐𝑎𝑙𝑙       ( 𝑅 )   ∗    𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛    ( 𝑃 )

 𝑅𝑒𝑐𝑎𝑙𝑙       ( 𝑅 )   +    𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛    ( 𝑃 )
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 7.3.1 Tabular Representation of The Result 

 As  for  the  purpose  of  evaluation  we  have  selected  the  Three  wikipedia  URLs  as 
 datasets  for  text  summarization  using  �ive  different  models  like,  TextRank,  LSA, 
 T5 Transformer, GPT2, BART . Three wikipedia URLs are as follows: 

 Wiki URL 1 : “https://en.wikipedia.org/wiki/History_of_India” 

 Wiki URL 2 : “https://en.wikipedia.org/wiki/Kolkata” 

 Wiki URL 3 : “https://en.wikipedia.org/wiki/Rabindranath_Tagore” 

	Summary	Evaluation	Using	Text	Rank	Model:	

 Table  1.  is  showing  the  comparison  of  Rouge  values  for  the  Text  Rank  algorithm 
 used  for  extractive  summary  with  respect  to  the  human  created  summary 
 where we used the input data set Wiki URL1, Wiki URL2, Wiki URL3 . 

   

   	Table	1		:	Rouge	values	of	the	proposed	method	Text		Rank	
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	Summary	Evaluation	Using	LSA	Model:	

 Table  2.  is  showing  the  comparison  of  Rouge  values  for  the  LSA  algorithm  used 
 for  extractive  summary  with  respect  to  the  human  created  summary  where  we 
 used the input data set Wiki URL1,  Wiki URL2, Wiki URL3. 

   	Table	2		:	Rouge	values	of	the	proposed	method	LSA	

	Summary	Evaluation	Using	T5	Transformer	Model:	

 Table  3.  is  showing  the  comparison  of  Rouge  values  for  the  T5  Transformer 
 Model  used  for  abstractive  summary  with  respect  to  the  human  created 
 summary  where  we  used  the  input  data  set  Wiki  URL1,  Wiki  URL2,  Wiki  URL3. 
 .. 

   	Table	3		:	Rouge	values	of	the	proposed	method	T5	Transformer	
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	Summary	Evaluation	Using	GPT2	Model:	

 Table  4.  is  showing  the  comparison  of  Rouge  values  for  the  GPT2  model  used 
 for  extractive  summary  with  respect  to  the  human  created  summary  where  we 
 used the input data sets as Wiki URL1,  Wiki URL2, Wiki URL3. 

   	Table	4		:	Rouge	values	of	the	proposed	method	GPT2	

	Summary	Evaluation	Using	BART	Model:	

 Table  5.  is  showing  the  comparison  of  Rouge  values  for  the  BART  model  used 
 for  extractive  summary  with  respect  to  the  human  created  summary  where  we 
 used the input data sets as Wiki URL1,  Wiki URL2, Wiki URL3. 

   	Table	5		:	Rouge	values	of	the	proposed	method	BART	
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 Now  ,we  have  evaluated  the  Rouge  values  using  �ive  proposed  methods  on 
 WikiURL 1, WikiURL 2 and WikiURL 3 respectively. 

	Summary	Evaluation	Using	Wikipedia	Url	1:	

   	Table	6		:		Comparison	of	Rouge	values	using	�ive	proposed		methods	on	WikiURL	1	

	Summary	Evaluation	Using	Wikipedia	Url	2:	

   	Table	7		:	Comparison	of	Rouge	values	using	�ive	proposed		methods	on	WikiURL	2	
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	Summary	Evaluation	Using	Wikipedia	Url	3:	

   	Table	8		:	Comparison	of	Rouge	values	using	�ive	proposed		methods	on	WikiURL	3	

 7.3.2 Graphical Representation 

	Summary	Evaluation	Using	TextRank	Model:	

	Fig.107:		Similarity	Chart	for	the	Precision,	Recall		and	F-Score	(TextRank)	
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	Summary	Evaluation	Using	LSA	Model:	

	Fig.108		:	Similarity	Chart	for	the	Precision,	Recall		and	F-Score	(LSA)	

	Summary	Evaluation	Using	T5	Transformer	Model:	

	Fig.109		:	Similarity	Chart	for	the	Precision,	Recall		and	F-Score	(T5	Transformer)	
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	Summary	Evaluation	Using	GPT2	Model:	

	Fig.110:		Similarity	Chart	for	the	Precision,	Recall		and	F-Score	(GPT2)	

	Summary	Evaluation	Using	BART	Model:	

	Fig.111:		Similarity	Chart	for	the	Precision,	Recall		and	F-Score	(BART)	
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	Summary	Evaluation	Using	Wikipedia	Url	1:	

	Fig.112:		Similarity	Chart	for	the	Precision,	Recall		and	F-Score	on	Wiki	URL1	

	Summary	Evaluation	Using	Wikipedia	Url	2:	

	Fig.113:		Similarity	Chart	for	the	Precision,	Recall		and	F-Score	on	Wiki	URL2	
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	Summary	Evaluation	Using	Wikipedia	Url	3:	

	Fig.114:		Similarity	Chart	for	the	Precision,	Recall		and	F-Score	on	Wiki	URL3	
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 CHAPTER  8 

 A  NALYTICS 

 This  chapter  describes  how  the  Venn  diagram  can  be  used  to  effectively  explore  and 
 visualize  results  using  keywords  extracted  from  summary  generated  by  different 
 algorithms.  By  using  a  familiar  and  intuitive  diagram  for  set  relations,  the  results  could 
 provide not only the retrieval of keywords, but also its relevance to the summary. 

 Text  summarization  is  an  important  task  in  natural  language  processing,  and 
 there  are  various  algorithms  and  models  that  can  be  used  to  generate 
 summaries  of  text.  However,  the  accuracy  and  quality  of  these  summaries  can 
 vary  depending  on  factors  such  as  the  model  architecture,  training  data,  and 
 hyperparameters.The  Venn  diagram  provides  a  visual  representation  of  the 
 overlap  and  differences  between  the  keywords  generated  by  each  model,  and 
 can  help  us  to  identify  patterns  and  insights  into  the  strengths  and  weaknesses 
 of  each  model  for  summarizing  text.  By  leveraging  these  insights,  we  can  select 
 the  most  appropriate  model  for  your  speci�ic  use  case  and  optimize  the 
 effectiveness of your text summarization efforts. 



 8.1. Data Preparation: 
 By  analyzing  the  keywords  generated  by  different  ML  models  for  the  same  text, 
 a  Venn  diagram  can  help  identify  patterns  and  relationships  between  the 
 keywords, and reveal insights into the performance of the different models. 
 We  have  used  �ive  different  models  that  generate  summaries  of  three  different 
 wikipedia  articles  .  Each  summary  consists  of  a  set  of  keywords  that  capture 
 the  main  ideas  and  concepts  in  the  article.  To  compare  the  performance  of  the 
 models,  we  create  a  Venn  diagram  that  shows  the  overlap  between  the 
 keywords generated by each model on different wikipedia articles. 

 8.2. Visualization by Venn Diagram 
 After  generating  the  summaries,  we  have  analyzed  the  keywords  from  each 
 summary  using  a  Venn  diagram  to  visualize  the  overlap  between  the  keywords 
 generated  by  each  model  for  Extractive  Summary,  Abstractive  summary  and 
 both of two types of summarizations. 

	Fig.115		:	Analysis	of	Summarization	

 8.2.1. Analysis For Extractive Summary 

 We  have  used  three  models  like  Summary  by  Sentence  using  LSA  model, 
 Summary  by  Ratio  using  TextRank  algorithm,  Summary  by  Word  count  using 
 TextRank  algorithm  for  doing  extractive  summarization  on  Wikipedia  Live  Urls 
 like : 

 Wiki URL 1:  ”https://en.wikipedia.org/wiki/History_of_India” 
 Wiki URL 2:  ”https://en.wikipedia.org/wiki/Kolkata” 
 Wiki URL 3:  ”https://en.wikipedia.org/wiki/Rabindranath_Tagore” 
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	Venn	diagram	presentation	on	Wiki	URL	1:	

 First  Venn  Diagram  Fig.  116  is  showing  the  word  count  of  each  overlapping 
 area  and  non  overlapping  area  of  the  most  common  keywords  extracted  from 
 three  different  kind  of  WikiSummary  generated  using  Summary  by  Sentence, 
 Summary  by  Ratio(0.1),  Summary  by  Word  count(1000)  where  we  have  used 
 Wiki URL1 as input data set. 

	Fig.116		:	Venn	diagram	for		Word	Count	analysis	of		Extractive	Summarization	
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 Second  Venn  Diagram  Fig.  117  is  showing  the  word  cloud  of  each  overlapping 
 area  and  non  overlapping  area  of  the  most  common  keywords  extracted  from 
 three  different  kind  of  WikiSummary  generated  using  Summary  by  Sentence 
 (50  nos  of  sentences)  ,  Summary  by  Ratio(0.1),  Summary  by  Word  Count(1000 
 nos of word) where we have used  Wiki URL1 as input data set. 

	Fig.117		:	Venn	diagram	with	Word	Cloud	for	analysis		of	Extractive	Summarization	

 We  notice  that  three  models  have  identi�ied  thirteen  nos  of  keywords  "bce", 
 "indian","kingdoms","asia","subcontinent","modern","years","culture","india","ea 
 rly","central","empire",  in  an  article  about  Indian  history,  those  have  appeared 
 in  the  intersection  area  of  three  models  and  get  the  highest  weightage  as  most 
 common keywords extracted from three different kinds of summary. 
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	Venn	diagram	presentation	on	Wiki	URL	2:	

 First  Venn  Diagram  Fig.  118  is  showing  the  word  cloud  of  each  overlapping 
 area  and  non  overlapping  area  of  the  most  common  keywords  extracted  from 
 three  different  kind  of  WikiSummary  generated  using  Summary  by  Sentence 
 (50  nos  of  sentences)  ,  Summary  by  Ratio(0.1),  Summary  by  Word  Count(1000 
 nos of word) where we have used  Wiki URL2 as input data set. 

	Fig.118		:	First	Venn	diagram	with	Word	Cloud	for	analysis		of	Extractive	
	Summarization	

	Second		Venn	diagram	with	Word	Count	for		analysis	of	Extractive	
	Summarization	

 Second  Venn  Diagram  Fig.  118  is  showing  the  word  count  of  each  overlapping 
 area  and  non  overlapping  area  of  the  most  common  keywords  extracted  from 
 three  different  kind  of  WikiSummary  generated  using  Summary  by  Sentence, 
 Summary  by  Ratio(0.1),  Summary  by  Word  count(1000)  where  we  have  used 
 Wiki URL2 as input data set. 

 We  notice  that  three  models  have  identi�ied  thirteen  nos  of  keywords 
 "government",  "city",  "west",  "kolkata",  "indian",  "population",  "east",  "bengal", 
 "known",  "british","calcutta","citys",  "india"  in  an  article  about  Kolkata  those 
 have  appeared  in  the  intersection  area  of  three  models  and  get  the  highest 
 weightage  as  most  common  keywords  extracted  from  three  different  kinds  of 
 summary. 
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	Venn	diagram	presentation	on	Wiki	URL	3:	

 First  Venn  Diagram  Fig.119  is  showing  the  word  cloud  of  each  overlapping  area 
 and  non  overlapping  area  of  the  most  common  keywords  extracted  from  three 
 different  kind  of  WikiSummary  generated  using  Summary  by  Sentence  (50  nos 
 of  sentences)  ,  Summary  by  Ratio(0.1),  Summary  by  Word  Count(1000  nos  of 
 word) where we have used  Wiki URL3 as input data set. 

	Fig.119		:	First	Venn	diagram	with	Word	Cloud	for	analysis		of	Extractive	
	Summarization	

	Second		Venn	diagram	with	Word	Count	for		analysis	of	Extractive	
	Summarization	

 Second  Venn  Diagram  Fig.  119  is  showing  the  word  count  of  each  overlapping 
 area  and  non  overlapping  area  of  the  most  common  keywords  extracted  from 
 three  different  kind  of  WikiSummary  generated  using  Summary  by  Sentence, 
 Summary  by  Ratio(0.1),  Summary  by  Word  count(1000)  where  we  have  used 
 Wiki URL3 as input data set. 

 We  notice  that  three  models  have  identi�ied  fourteen  nos  of  keywords 
 "tagore",  "stories",  "tagores",  "�irst",  "poems",  “wrote",  "years",  "songs", 
 "poetry",  "bengali",  "father",  "two",  "bengal",  "works"  in  an  article  about 
 Rabindranath  Tagore,  those  have  appeared  in  the  intersection  area  of  three 
 models  and  get  the  highest  weightage  as  most  common  keywords  extracted 
 from three different kinds of summary. 
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 8.2.2. Analysis for Abstractive Summary 

 We  have  used  three  ML  models  like  Summary  using  T5  Transformer  model, 
 Summary  using  GPT2,  Summary  using  BART  model  for  doing  abstractive 
 summarization on Wikipedia Live Urls like : : 

 Wiki URL 1:”https://en.wikipedia.org/wiki/History_of_India” 
 Wiki URL 2:”https://en.wikipedia.org/wiki/Kolkata” 
 Wiki URL 3:”https://en.wikipedia.org/wiki/Rabindranath_Tagore” 

	Venn	diagram	presentation	on	Wiki	URL	1:	

 First  Venn  Diagram  Fig.  120  is  showing  the  word  count  of  each  overlapping 
 area  and  non  overlapping  area  of  the  most  common  keywords  extracted  from 
 three  different  kind  of  WikiSummary  generated  Summary  using  T5 
 Transformer  model,  Summary  using  GPT2,  Summary  using  BART  model  where 
 we have used  Wiki URL1 as input data set. 

	Fig.120:		Venn	diagram	for	Word	Count	Analysis	of	Abstractive		Summarization	
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	Fig.121:		Venn	diagram	with	Word	Cloud	for	Analysis		of	Abstractive	Summarization	

 Second  Venn  Diagram  Fig.  121  is  showing  the  word  cloud  of  each  overlapping 
 area  and  non  overlapping  area  of  the  most  common  keywords  extracted  from 
 three  different  kind  of  WikiSummary  generated  usingSummary  using  T5 
 Transformer  model,  Summary  using  GPT2,  Summary  using  BART  model  where 
 we have used  Wiki URL1 as input data set. 

 We  notice  that  three  models  have  identi�ied  two  keywords  "bce",  "indian"  in  an 
 article  about  Indian  history,  those  have  appeared  in  the  intersection  area  of 
 three  models  and  get  the  highest  weightage  as  most  common  keywords 
 extracted from three different kinds of summary. 
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	Venn	diagram	presentation	on	Wiki	URL	2:	

 First  Venn  Diagram  Fig.122  is  showing  the  word  cloud  of  each  overlapping  area 
 and  non  overlapping  area  of  the  most  common  keywords  extracted  from  three 
 different  kind  of  WikiSummary  generated  usingSummary  using  T5 
 Transformer  model,  Summary  using  GPT2,  Summary  using  BART  model  where 
 we have used  Wiki URL2 as input data set. 

	Fig.122:		First	Venn	diagram	with	Word	Cloud	for	analysis		of	Abstractive	Summarization	
	Second	Venn	diagram	for	Word	Count	Analysis	of	Abstractive	Summarization	

 Second  Venn  Diagram  Fig.122  is  showing  the  word  count  of  each  overlapping 
 area  and  non  overlapping  area  of  the  most  common  keywords  extracted  from 
 three  different  kind  of  WikiSummary  generated  Summary  using  T5 
 Transformer  model,  Summary  using  GPT2,  Summary  using  BART  model  where 
 we have used  Wiki URL2 as input data set. 

 We  notice  that  three  models  have  identi�ied  four  keywords  "kolkata",  "capital", 
 "india",  "city"  in  an  article  about  Kolkata,  those  have  appeared  in  the 
 intersection  area  of  three  models  and  get  the  highest  weightage  as  most 
 common keywords extracted from three different kinds of summary. 
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	Venn	diagram	presentation	on	Wiki	URL	3:	

 First  Venn  Diagram  Fig.123  is  showing  the  word  cloud  of  each  overlapping  area 
 and  non  overlapping  area  of  the  most  common  keywords  extracted  from  three 
 different  kind  of  WikiSummary  generated  usingSummary  using  T5 
 Transformer  model,  Summary  using  GPT2,  Summary  using  BART  model  where 
 we have used  Wiki URL3 as input data set. 

	Fig.123:		First	Venn	diagram	with	Word	Cloud	for	analysis		of	Abstractive	Summarization	
	Second	Venn	diagram	for	Word	Count	Analysis	of	Abstractive	Summarization	

 First  Venn  Diagram  Fig.123  is  showing  the  word  count  of  each  overlapping  area 
 and  non  overlapping  area  of  the  most  common  keywords  extracted  from  three 
 different  kind  of  WikiSummary  generated  Summary  using  T5  Transformer 
 model,  Summary  using  GPT2,  Summary  using  BART  model  where  we  have 
 used  Wiki URL3 as input data set. 

 We  notice  that  three  models  have  identi�ied  three  keywords  "bengali",  "�irst", 
 "tagore"  in  an  article  about  Rabindranath,  those  have  appeared  in  the 
 intersection  area  of  three  models  and  get  the  highest  weightage  as  most 
 common keywords extracted from three different kinds of summary. 
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 8.2.3. Analysis for Extractive and Abstractive Summary 
 We  have  used  �ive  models  LSA,  TextRank,  T5  Transformer,  GPT2,  BART  models 
 for  doing  Extractive  and  Abstractive  Summary  both  on  Wikipedia  Live  Urls 
 like: 
 Wiki URL 1:”https://en.wikipedia.org/wiki/History_of_India” 
 Wiki URL 2:”https://en.wikipedia.org/wiki/Kolkata” 
 Wiki URL 3:”https://en.wikipedia.org/wiki/Rabindranath_Tagore” 

	Venn	diagram	presentation	on	Wiki	URL	1:	

 First  Venn  Diagram  Fig.124  is  showing  the  word  count  of  each  overlapping  area 
 and  non  overlapping  area  of  the  most  common  keywords  extracted  from  three 
 different  kind  of  WikiSummary  generated  Summary  by  LSA  ,  Summary  by 
 TextRank,Summary  using  T5  Transformer  model,  Summary  using  GPT2, 
 Summary  using BART model where we have used  Wiki URL1 as input data set. 

	Fig.124:		Venn	diagram	for	analysis	of	Extractive	and		Abstractive	Summarization	
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	Venn	diagram	presentation	on	Wiki	URL	2:	

 Second  Venn  Diagram  Fig.  125  is  showing  the  word  count  of  each  overlapping 
 area  and  non  overlapping  area  of  the  most  common  keywords  extracted  from 
 three  different  kind  of  WikiSummary  generated  Summary  by  LSA  ,  Summary  by 
 TextRank,Summary  using  T5  Transformer  model,  Summary  using  GPT2, 
 Summary  using BART model where we have used  Wiki URL2 as input data set. 

	Fig.125:		Venn	diagram	for	analysis	of	Extractive	and		Abstractive	Summarization	
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	Venn	diagram	presentation	on	Wiki	URL	3:	

 Third  Venn  Diagram  Fig.126  is  showing  the  word  count  of  each  overlapping 
 area  and  non  overlapping  area  of  the  most  common  keywords  extracted  from 
 three  different  kind  of  WikiSummary  generated  Summary  by  LSA  ,  Summary  by 
 TextRank,Summary  using  T5  Transformer  model,  Summary  using  GPT2, 
 Summary  using BART model where we have used  Wiki URL3 as input data set. 

	Fig.126:		Venn	diagram	for	analysis	of	Extractive	and		Abstractive	Summarization	
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 8.2.4.  Consensus  Analysis  for  Extractive  and  Abstractive 
 Summary 
 Analyze  the  Venn  diagram  to  identify  patterns  and  relationships  between  the 
 keywords.  Look  for  areas  of  overlap  between  the  circles,  which  represent 
 keywords that are shared between two or more categories. 

 For  example,  if  the  Venn  diagram  shows  a  signi�icant  overlap  between  the 
 keywords  generated  by  two  or  more  models,  this  suggests  that  these  models 
 may  have  a  higher  degree  of  accuracy  and  relevance  in  generating  important 
 information  related  to  the  text.  This  insight  can  guide  the  selection  of  the  most 
 appropriate model for future text summarization tasks. 

 On  the  other  hand,  if  there  is  little  or  no  overlap  between  the  keywords 
 generated  by  different  models,  this  could  indicate  a  lack  of  consensus  or 
 agreement  on  the  important  information  in  the  text.  This  insight  can  guide 
 further  investigation  into  the  reasons  for  the  discrepancies  and  potentially 
 inform decisions about the most appropriate way to summarize the text. 

 However,  upon  closer  inspection,  in  Fig.124  We  notice  that  three  models  have 
 identi�ied  some  keywords  that  are  not  present  in  the  summaries  generated  by 
 the  other  two  models.  For  example,  we  also  notice  that  �ive  models  have 
 identi�ied  two  keywords  "Indian  "  and  “bce”  in  an  article  about  Indian  history, 
 whereas  the  other  keywords  are  not  included  by  those  models.  This  suggests 
 that  those  2  keywords  extracted  may  be  better  at  identifying  more  nuanced  or 
 speci�ic  information  in  the  article.Similarly,  in  Fig.125,  three  keywords  "City", 
 “Kolkata”  and  “India”  in  an  article  about  Kolkata  and  in  Fig.126,  three  keywords 
 "Bengali",  “First”  and  “Tagore”  in  an  article  about  Rabindranath  Tagore  have 
 been identi�ied by �ive models. 

 This  insight  suggests  that  which  model  may  have  a  higher  degree  of  accuracy  in 
 generating  relevant  and  important  information  related  to  the  wikipedia 
 articles.  This  can  guide  the  selection  of  the  most  appropriate  model  for  future 
 text summarization tasks related to this topic. 

 Overall,  the  Venn  diagram  provided  valuable  insights  into  the  performance  and 
 accuracy  of  the  different  ML  models  for  text  summarization.  By  identifying 
 patterns  and  relationships  between  the  keywords  generated  by  each  model, 
 the  Venn  diagram  helped  the  researchers  to  make  informed  decisions  about 
 which  model  to  use  for  future  summarization  tasks,  depending  on  the  speci�ic 
 goals  and  requirements  of  the  task.By  leveraging  these  insights,  we  can  select 
 the  most  appropriate  model  for  our  speci�ic  use  case  and  optimize  the 
 effectiveness of your text summarization efforts. 
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	Fig.127:		Final	Word	Cloud	for	analysis	of	Keywords		extracted	from	Extractive	and	
	Abstractive	Summarization	URL1	

	Fig.128:		Final	Word	Cloud	for	analysis	of	Keywords		extracted	from	Extractive	and	
	Abstractive	Summarization	URL2	
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	Fig.129:		Final	Word	Cloud	for	analysis	of	Keywords		extracted	from	Extractive	and	
	Abstractive	Summarization	URL3	

 Finally  with  the  new  sets  of  keywords  extracted  from  different  summaries  we 
 have  generated  a  new  word  cloud  as  shown  in  Fig.127,  Fig.128,  Fig.129  where 
 the  we  have  given  the  most  weightage  to  those  keywords  which  are  present  in 
 the  overlapping  area  of  all  �ive  models  and  the  least  weightage  which  are  only 
 appeared  in  one  keyword  sets  generated  by  only  one  model.We  have  assigned 
 all  the  weightage  in  accordance  with  the  appearance  of  every  keyword  with 
 respect to the number of overlapping area of models. 
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 CHAPTER  9 

 C  ONCLUSION  A  ND  F  UTURE  W  ORK 

 The  consensus-based  approach  has  been  shown  to  be  a  promising  method  for 
 multi-document  summarization  of  Wikipedia  pages.  By  leveraging  multiple 
 summarization  algorithms  and  combining  their  outputs  using  a  voting 
 mechanism,  the  approach  is  able  to  generate  high-quality  summaries  that 
 outperform  several  state-of-the-art  methods.  The  approach  is  particularly 
 well-suited  for  summarization  of  large  and  complex  information  sources  such 
 as  Wikipedia,  where  the  use  of  a  single  summarization  algorithm  may  not  be 
 suf�icient to capture all the important information. 
 Keyword  extraction  is  an  essential  task  in  text  summarization,  and  the 
 consensus-based  approach  has  emerged  as  a  promising  method  for  improving 
 the  accuracy  and  robustness  of  this  process.  By  combining  the  outputs  of 
 multiple  summarization  algorithms,  the  consensus-based  approach  can 
 overcome  the  limitations  of  individual  algorithms  and  produce  a  more 
 comprehensive  and  accurate  summary  of  the  input  text.  Our  review  of  the 
 literature  suggests  that  the  consensus-based  approach  has  been  successfully 
 applied  to  a  wide  range  of  texts,  including  news  articles,  scienti�ic  papers,  and 



 Wikipedia  pages.  Several  studies  have  shown  that  the  consensus-based 
 approach  outperforms  individual  algorithms  and  other  state-of-the-art 
 approaches in terms of content coverage, coherence, and readability. 
 Despite  its  success,  there  are  still  several  challenges  that  need  to  be  addressed 
 to  further  enhance  the  effectiveness  of  the  consensus-based  approach.  These 
 challenges  include  determining  the  optimal  weights  assigned  to  each 
 algorithm,  accounting  for  changes  in  the  quality  of  outputs  over  time,  and 
 incorporating  additional  sources  of  information  to  re�ine  the  keyword 
 extraction  process.  Future  research  in  these  areas  has  the  potential  to  enhance 
 the  accuracy  and  effectiveness  of  the  consensus-based  approach  and  further 
 advance the �ield of text summarization. 

 In  conclusion,  the  consensus-based  approach  is  a  promising  method  for 
 keyword  extraction  from  multiple  summarization  algorithms,  and  its  success 
 has  been  demonstrated  across  a  range  of  text  types  and  domains.  While  there 
 are  still  challenges  to  be  addressed,  the  consensus-based  approach  offers  a 
 viable  solution  for  producing  accurate  and  comprehensive  summaries  of  large 
 volumes of text. 

 Future  research  can  explore  the  use  of  additional  techniques  such  as  machine 
 learning  and  external  knowledge  integration  to  further  improve  the  accuracy 
 and  effectiveness  of  the  consensus-based  approach  for  summarization  of 
 Wikipedia pages. 
 This  study  frames  future  work  on  the  consensus  approach  for  keyword 
 extraction from multiple summarization algorithms: 

	Weight		optimization	 :  One  of  the  main  challenges  of  the  consensus  approach  is 
 determining  the  optimal  weights  assigned  to  each  algorithm.  Future  research 
 can  investigate  the  use  of  machine  learning  techniques,  such  as  regression  or 
 neural  networks,  to  estimate  the  weights  based  on  the  characteristics  of  the 
 input text and the performance of the individual algorithms. 

	Noise		handling	 :  The  current  consensus  approach  assumes  that  all  the  outputs 
 from  the  individual  algorithms  are  of  equal  quality.  However,  in  practice,  some 
 outputs  may  be  noisy  or  of  low  quality,  which  can  negatively  affect  the  accuracy 
 of  the  consensus-based  keyword  extraction.  Future  research  can  explore  the 
 use  of  techniques  such  as  outlier  detection,  quality  estimation,  and  clustering 
 to identify and �ilter out the noisy or low-quality outputs. 

	Transparency	 	and	 	interpretability	 :  The  consensus  approach  is  often 
 criticized  for  its  lack  of  transparency  and  interpretability,  as  it  is  not  always 
 clear  why  certain  keywords  are  selected  and  how  the  consensus  is  reached. 
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 Future  research  can  develop  more  transparent  and  interpretable  approaches 
 that  can  provide  insights  into  the  decision-making  process  of  the 
 consensus-based keyword extraction. 

	External	 	knowledge	 	integration:	  The  current  consensus  approach  relies 
 solely  on  the  outputs  of  the  individual  algorithms,  without  taking  into  account 
 any  external  knowledge  sources.  Future  research  can  investigate  the  use  of 
 additional  sources  of  information,  such  as  document  metadata,  domain-speci�ic 
 ontologies,  or  external  knowledge  graphs,  to  further  re�ine  the  keyword 
 extraction process and improve the accuracy of the consensus-based approach. 

	Evaluation	 	metrics:	 Finally,  future  research  can  develop  more  comprehensive 
 and  domain-speci�ic  evaluation  metrics  to  assess  the  effectiveness  and 
 robustness  of  the  consensus-based  approach  for  keyword  extraction.  These 
 metrics  should  take  into  account  the  different  aspects  of  keyword  extraction, 
 such  as  coverage,  coherence,  and  relevance,  and  should  be  validated  on  large 
 and diverse datasets from different domains and text types. 

 Overall,  our  results  demonstrate  the  potential  of  the  consensus-based 
 approach  as  a  practical  and  scalable  solution  for  multi-document 
 summarization of large and diverse information sources. 
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