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Introduction




Introduction

e The abstract of a research paper
provides a quick summary of the
entire paper from problem to
solution to the result

e The Introduction section provides
a primer to the rest of the paper
by summarising the goals and the
setting of the research while
expanding on the basis
established by the abstract

Abstract

Introduction

Paper Format for the Proceedings of the 2011 IEEE International Conference
on Computational Intelligence and Computing Research

N.XK. Surname!, P. M. Surname?, A.S.A. Surname”

ICentre for ion Technology and E:
D of C ication Teck

University, City, Country

. University or College , City, Country

(e-mail address)

Abstract - These instructions give you basic guidelines
for preparing papers for the ICCIC2011 Proceedings.
Papers up to 5 pages must be submitted using this format.
This document is a template for Microsoft Word. If you are
reading a paper version of this document, please download
the electronic file from the Conference website so you can
use it to prepare your manuscript. Abstract should not
exceed 150 words. To allow retrieval by CD-ROM software,
please include appropriate key words in your abstract, in
alphabetical order, separated by commas.

Keywords - Fonts, formatting, margins

1II. RESULTS
A, Figures and Tables

Graphics should be in TIFF. 600 dpi (1 bit/sample)
for line art (graphics, charts, drawings or tables) and 220
dpi for photos and gray scale images

Position figures and tables at the tops and bottoms of
columns. Avoid placing them in the middle of columns.
Large figures and tables may span across both columns.
Figure captions should be below the figures: table names
and table captions should be above the tables. Use the

1 INTRODUCTION

Your goal is to simulate, as closely as possible, the
usual appearance of typeset papers in the IJEEE
Transactions. One difference is that the authors’
affiliations should appear immediately following their
names — do not include your title there. For items not
addressed in these instructions, please refer to a recent
issue of an JEEE Transactions.

“Fig.” even at the beginning of a sentence.
Figure axis labels are often a source of confusion. Try
to use words rather than symbols. As an example, write
the quantity “Magnetization,” or “Magnetization M not
just “M” Put units in parentheses. Do not label axes only
with units. As in Fig. 1, for example, write
“ i (A/m)” or “\ ion (A-mr').” not
just “A/m.” Do not label axes with a ratio of quantities
and units. For example, write “Temperature (K).” not
“Temperature/K.”
i can be especially fusing. Write

II. METHODOLOGY

All papers must be submitted electronically in pdf
format. Prepare your paper using a A4 page size of 210
mm % 297 mm (8.27" % 11.69").

1) Tipe sizes and typefaces: The best results will be
obtained if your computer word processor has several
type sizes. Try to follow the type sizes specified in Table T
as best as you can. Use 14 point bold. capital letters for
the title. 12 point Roman (normal) characters for author
names and 10 point Roman characters for the main text
and author's affiliations.

2) Formar: In formatting your page. set top margin
t0 25 mm (1") and bottom margin to 31 mm (1 1/4”). Left
and right margins should be 19 mm (3/4"). Use a two-
column format where each column is 83 mm (3 1/4")
wide and spacing of 6 mm (1/4") between columns.
Indent paragraphs by 6 mm (1/4").

Left and right-justify your columns. Use tables and
figures to adjust column length. Use automatic
hyphenation and check spelling. All figures, tables, and
equations must be included in-/ine with the text. Do not
use links to external files.

" i (kA/m)” or “N ization (10° A/m).”
Do not write “Magnetization (A/m) x 1000” because the
reader would not know whether the top axis label in Fig. 1
meant 16000 A/m or 0.016 A/m. Figure labels should be
legible, approximately 10-point type.

TYPE SIZES FOR CAMERA-READY PAPERS

Type Appearance

(ts) Regular Bold Tralic

Table captions*

Section titles, tables, table names®,

first letters in table captions®, table

superseripts, figure captions, text

subscripts and superscripts,

references, foomotes

9 Abstract

10 Authors” affliations, main text, Subheading
equations, first letter in section
titles®, first letter in table names®

12 Authors’ names

14 Dapertitle

*Capital letters
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Research Problem

e Abstract and Introduction are expected to be concise and informative.
e But generating them manually is difficult and time consuming.
e Summarization has domain specific training approaches which are perform

well.
o But summarization for research papers in
“Computational Linguistics” domain is not yet
addressed
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Research Objectives

1. Creating a sufficient data set for the task of Abstract and Introduction
generation in the computational linguistic domain

2. Evaluating existing state-of-the art solutions of text summarization
technologies on the above data set and other comparable data sets.

3. Creating automatic summarization models capable of Abstract And
Introduction generation in the computational linguistic domain.

4. Creating an online application which, when given the LATEX source sans the
Abstract and Introduction, generates these sections automatically.
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Literature Survey

According to the “Modeling document summarization as multi-objective
optimization [1]”

Main objective of summarization,

1. Coverage of information

2. Information significance

3. Redundancy in information
4. Cohesion in text



Literature Survey: Validation Mechanisms

1. BLEU[2] o {

The closer a machine translation is to a professional
human translation, the better it is

N
BLEU—BP - exp (Zm,. log p,.)

n=1

2. ROUGE [3]

ROUGE-N
ROUGE-L
ROUGE-W
ROUGE-S
ROUGE-SU



Literature Survey: Related Review Papers

Paper Title Authors Year Citations
A survey on automatic text summarization Nazari and Mahdavi 2019 20

[4]

Automatic text summarization: A El-Kassas et al. 2021 55

comprehensive survey [5]

A survey on extractive text summarization Moratanch and Gopalan 2017 97
[6]

Text Summarization Techniques: A Brief Allahyari et al. 2017 326
Survey [7]

Recent automatic text summarization Gambhir and Gupta 2017 466
techniques: a survey [8]

A survey on abstractive text summarization | Moratanch and Chitrakala 2016 69
[9]




Literature Survey: Building Blocks

According to Jones et al. [10] and Hovy et al. [11]

Three steps break down of the building blocks of the structural components in
automatic text summarization,

1. Identification
2. Interpretation
3. Generation



Literature Survey: Building Blocks

El-Kassas et al. [5] have classified the
summarization systems considering
different aspects

Input size

Text Summarization
Classification
ture of Qutputs




Literature Survey: Approach > Extractive

Content

Single Document
Input size

Text Summarization
Classification

Nature of Outputs

-

Approach

=

Monolingual

Multilingual
Corss-Lingual

Language
Headline

Sentence Level

Summary Type
kL Highiights

Full Summary

Domain

Domain-Specific

Unsupervised

Pre Porcessing

Creating a
representation
of text

|

Scoring sentences

l

Extracting high
scored sentences

Post Porcessing




Literature Survey: Approach > Extractive

Informative
Indicative f
Multilingual

Multi Document Corss-Lingual

Content

Headline

Input size

i Highlights
Text Summarization 9
Classification
Fi
Nature of Ouwuts. ull Summary
’ ain

Approach Algorithm

Domain-Specific

Unsupervised

()

{
o

[ Unsupervised ]
Learning Methods

Graph based approach

Concept based approach

Fuzzy logic based approach

J

Latent Semantic Analysis method (LSA)

[Supendsed Leamlng]
Methods

' Machine Learning Approach based on |

Bayes tule

J

Neural Network based approach

Conditional Random Fields




Literature Survey: Approach > Abstractive

Monolingual

Muttiingual

Corss-Lingual

Content

Language
Headline

Input size
Sentence Level

Summary Type

Single Document

Highlights
Text Summarization s
Classification

Full Summi
Nature of Outputs 2

4 Domain

Approach

Domain-Specific

' Unsupervised

Supervised

Pre Porcessing

Creating an
intermediate
representation

!

Summary generation

Post Porcessing




Literature Survey: Approach > Abstractive

[ Abstractive Summarization ]
Muttilingual
Corss-Lingual Ia )Y
| |
Headline s| I re B l
Input size Awmad" Awmad‘
(Using prior (Using NLP
knowledge) generation)
Text Summarization i Eopiohts
Classification
Nature of Ouwu!s. Full Summary Tree based [ Multimodal semantic method ]
Template based | [ Information item based ]
Domain-Specific ontOlogy based [ &mmt‘c Qfaph based ]
Uneuparvisnd Lead and body phrase method [ Semantic text representation on model ]
Graph based
[ Rule based




Literature Survey: Datasets

Dataset

CNN/Daily Mail dataset

NYT

XSum

Newsroom dataset

Bytecup dataset

ArXiv Dataset

PubMed Dataset

No of articles

More than 300k

More than 1.8 million

More than 220k

1.3 million (1.2 million publicly
available)

1.3 million (1.1 million released for
training)

215K

133K

Details

Average summary:
° 53 words
° 3.72 sentences

Articles from 1987 to 2007

BBC articles with single sentence
summaries

From 38 major publications

2018 Bytecup ML contest dataset

Average:
e Doc words: 4938
e  Summary words: 220

Average:
e Doc words: 2016
e  Summary words: 203
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Methodology: Backlog

Dataset Generation Learning Mechanism

O

O

Validating recent existing Presenting dataset and
solutions the solution




Methodology: Dataset Generation

e Data from arxiv
e JSON Lines files

o Fields

article_id
abstract_text
introduction_text
article_text
section_names
sections

={3}JsoN

¥ article_id : "2111.02326"
a2 [ ] abstract_text

o

N

5:

: "sentiment analysis is often a crowdsourcing task prone to subjective labels given by many annotators."

:"itis not yet fully ¢ how the correctly with state-of-t|
: "however, resolving annotator bias precisely and reliably is the key to understand annotators' labeling behavior :
: "our contribution is an explanation and improvement for precise neural end-to-end bias modeling and ground tru
: "classification experiments show that it has potential to improve accuracy in cases where each sample is annote
"these are crawled from social media and are singly labeled by 10 non-expert annotators."

bias of each can be

=] [ ] introduction_text
0 : "the world of today is marked by movements for equality intending to reduce potentially offending biases that ha

- EEEEE
o o b w N

: "given these debates on social equality, science has followed this trend, as the topics of ethical Al and machine
: "more and more datasets offer annotator information to help detect t prejudices and discrimination cau:
bias in iti where each data point is annotated by multiple annotators, below referre:
: "however, bias modeling when every data point is annotated by only one person, hereafter called singly labeled
: "itis in particular relevant for sentiment analysis, where singly labeled datasets are pi "

: "this is due to data from the social web which is annotated by the data creators themselves, e.g., rating reviewer

=] [ ] article_text
® 0: "the need for data in the growing research areas of machine learning has given rise to the generalized use of cr
® 1: "this method of data collection increases the amount of data, saves time and money but comes at the potential ¢
u 2 :"one of the key metrics of data quality is annotator reliability, which can be affected by various factors. For instar
¥ 3:"spammers are annotators that assign labels randomly and significantly reduce the quality of the data."

a2 [ ] section_names
¥ 0:"Related Work"
# 1: "Methodology"
® 2:"Experiments”
® 3:"Conclusion"
a [ ] sections

=[]

0
® 0: "the need for data in the growing research areas of machine learning has given rise to the generalized use o
 1: "this method of data collection increases the amount of data, saves time and money but comes at the potent
2 :"one of the key metrics of data quality is annotator reliability, which can be affected by various factors. For in:
® 3 :"spammers are annotators that assign labels randomly and significantly reduce the quality of the data."

H

L]
1
2
3
4



Methodology: Validating state of the art solutions against
the dataset

Main focus is Cohan et al. [12]
> discourse aware model for abstractive summarization

RG-1 RG-2 RG-3 RG-L
arXiv dataset 35.80 11.05 3.62 31.80
PubMed 38.93 15.37 9.97 35.21
dataset




Methodology: Learning Mechanism

e Seqguence to Sequence
(seq2seq) encoder decoder
architecture
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