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Abstract: Automatic summarization is the process of reducing a text document with a computer program in order to
create a summary that retains the most important points of the original document. With the increasing popularity of
Internet and the variety of information obtaining technologies, the amount of quickly growing information has gone
beyond our imaginations. Many techniques were presented to help users to find the desired information from large
data set quickly and accurately, automatic summarization is an effective approach. Text Summarization methods can
be classified into extractive and abstractive summarization. Extractive summaries are created by reusing portions like
words, sentences, etc. of the input text exactly. In abstractive summarization, information from the source text is re-
phrased. Special attention is devoted to automatic evaluation of summarization systems, as future research on
summarization is strongly dependent on progress in this area.
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I. INTRODUCTION

The number of pages offered on the net nearly doubles once a
year [1]. This bulk forces the search engines to produce varied
sites for one search to seek out the specified info, user usually
should browse many pages wherever solely a couple of them
square measure relevant. Most of the users even have restricted
data concerning the connectedness and appropriateness of the
data within the pages. Therefore, summarizing all {the info the
knowledge the data} with discourse and discourse awareness is
useful for the user to seek out out relevant and acceptable
information from the online. Automatic summarization is often
an essential answer to scale back the data overload drawback
on the line.

Existing automatic summarization techniques square
measure classified as 5 categories: automatic extraction,
understanding-based automatic summarization, info extraction,
automatic summarization supported discourse and automatic
summarization supported user-query. The history of automatic
summarization is printed. Generally, there square measure 2
approaches to automatic summarization: extraction and
abstraction. Extractive strategies work by choosing a set of
existing words, phrases, or sentences within the original text to
make the outline. Initial clean the document by removing
point, common words (conjunction, verb, adverb, preposition
etc.). Then calculate the frequency of every word an choose
high words that have most frequency, this method retrieves
vital sentence emphasize on high info richness within the
sentence additionally as high in for retrieval. These connected

most sentence generated scores square measure clustered to
come up with the outline of the document. Therefore the use
of k-mean cluster to those most sentences of the document and
realize the relevance extract clusters with most relevant sets
within the document, these helps to seek out the outline of the
document.

Radev et al.[2] outline a outline as a text that's created
from on or additional texts, that conveys necessary data within
the original text(s), which isn't any longer than 1/2 the first
text(s) and frequently considerably but that". This straight
forward definition captures 3 necessary aspects that
characterize analysis on automatic summarization:

« Summaries is also created from one document or
multiple documents,

« Summaries ought to preserve necessary data,

« Summaries ought to be short.

In a paradigm additional tuned to data retrieval (IR), one may
also take into account topic-driven report, that assumes that the
outline content depends on the preference of the user and
might be accessed via a question, creating the final outline
centered on a specific topic. In this survey, the primarily aim
to analyze how ever experiential ways are accustomed build
report systems. The remainder of the paper is organized as
follows: Section two describes single-document report, that
specialize in extractive techniques. Section three attain discuss
the experimental result Section four concisely summaries the
conclusion of the survey.
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Il. SINGLE-DOCUMENT SUMMARIZATION ON
EXTRACTIVE TECHNIQUES

Earliest instances of analysis on summarizing scientific
documents projected paradigms for extracting salient sentences
from text victimization options like word and phrase frequency
[3], position within the text [4] and key phrases [5]. Several
approaches addressed the matter by building systems relying
of the kind of the desired outline. whereas extractive account is
especially involved with what the outline content ought to be,
sometimes relying only on extraction of sentences, the oretic
account puts robust stress on the shape, about to manufacture a
grammatical outline, this sometimes needs advanced language
generation techniques. During a paradigm a lot of tuned to data
retrieval (IR), one may also contemplate topic-driven account,
that assumes that the outline content depends on the preference
of the user and might be assessed via a question, creating the
ultimate outline centered on a specific topic.

Usually, the flow of data during a given document isn't
uniform, which suggests that some components are necessary
than others. The most important challenge in account lies in
distinctive a lot of informative components of a document
from the less ones, tho' there are instances of analysis
describing the automated creation of abstracts, most work
bestowed within the literature depends on accurately extraction
of sentences to deal with the matter of single-document
account. This tends to think about approaches involving
machine learning techniques printed within the Nineties to
these days. Finally, some techniques that use a lot of
complicated language analysis to tackle the matter.

Machine Learning Methods

In the Nineteen Nineties, with the arrival of machine learning
techniques in information processing, a series of seminal
publications appeared that utilized applied math techniques to
supply document extracts. Where as at first most systems
assumed feature independence and relied on naive-Bayes
strategies, others have targeted on the selection of applicable
options and on learning algorithms that build no independence
assumptions. Different important approaches concerned hidden
Mark off models and log-linear models to boost extractive
report.

A. Naive-Bayes Methods

Kupiec et al. [6] describe a method derived from Edmundson
[5] that is able to learn from data. The classification function
categorizes each sentence as worthy of extraction or not, using
a naive-Bayes classier. Let s be a particular sentence, S the set
of sentences that make up the summary, and Fy,.......... F\ the
features.

Assuming independence of the features:

H P(F;|s€8)-Plse)

Pise§|FFy, F)
| I P

The features were compliant to [5], but additionally included
the sentence length and the presence of uppercase words. Each
sentence was given a score according to (1), and only the n top
sentences were extracted.

B. Rich Features and Decision Trees

Lin and Hovy[7] studied the importance of a single feature,
sentence position. Just weighing a sentence by its position in
text, which the authors term as the position method", arises
from the idea that texts generally follow a predictable
discourse structure, and that the sentences of greater topic
centrality tend to occur in certain specifiable locations (e.g.
title, abstracts, etc). However, since the discourse structure
significantly varies over domains, the position method cannot
be defined as naively as in [4]. Lin [8] broke away from the
assumption that features are independent of each other and
tried to model the problem of sentence extraction using
decision trees, instead of a naive-Bayes classifier.

C. Hidden Markov Models

In contrast with previous a approach, that was mostly feature-
based and nonsequential, Conroy and O'leary [9] modeled the
problem of extracting a sentence from a document using a
hidden Markov model (HMM). The basic motivation for using
a sequential model is to account for local dependencies
between sentences. Only three features were used: position of
the sentence in the document (built into the state structure of
the HMM), number of terms in the sentence, and likeliness of
the sentence terms given the document terms.

B LAEN A

Figure 1: Markov model to extract to three summary sentences
from a document [14]

D. Log-Linear Models

Osborne [10] claims that existing approaches to summarization
have always assumed feature independence. The author used
log-linear models to obviate this assumption and showed
empirically that the system produced better extracts than a
naive-Bayes model, with a prior appended to both models. Let
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c be a label, s the item which are interested in labeling, f; the i-
th feature, and A; the corresponding feature weight. The
conditional log-linear model used by Osborne [10] can be
stated as follows:

p(f..|.g;=$m (Z Af-f;(cs))-. o)

Z(s) = > _.exp (>_; Mifi(e, s)).

Where

In this domain, there are only two possible labels: either the
sentence is to be extracted or it is not. The authors added a
non-uniform prior to the model, claiming that a log-linear
model tends to reject too many sentences for inclusion in a
summary

E. Neural Networks and Third Party Features

In 2001-02, DUC issued a task of creating a 100-word
summary of a single news article. However, the best
performing systems in the evaluations could not outperform
the baseline with statistical significance. This extremely strong
baseline has been analyzed by [11] and corresponds to the
selection of the first n sentences of a news wire article. This
surprising result has been attributed to the journalistic
convention of putting the most important part of an article in
the initial paragraphs. After 2002, the task of single-document
summarization for news wire was dropped from DUC. Svore
et al. [12] propose an algorithm based on neural nets and the
use of third party datasets to tackle the problem of extractive
summarization, outperforming the baseline with statistical
significance.

1. EXPERIMENTS AND RESULTS

Domain independent summarization techniques generally
apply sets of general features which can be used to identify
information-rich text segments. Recent research focus has
drifted to domain-specific summarization techniques that
utilize the available knowledge specific to the domain of text.
For example, automatic summarization is on text generally
attempts to utilize the various sources of information [13].
Machine Learning techniques from closely related fields such
as information retrieval or text mining have been successfully
adapted to help automatic summarization. Apart from Fully
Automated Summarizers (FAS), there are systems that aid
users with the task of summarization (MAHS = Machine
Aided Human Summarization), for example by highlighting
candidate passages to be included in the summary, and there
are systems that depend on post-processing by a human
(HAMS = Human Aided Machine Summarization). There are
various open source summarization tools available. The

experiment is done with a open source tools. The content is
taken from Automatic summarization Wikipedia.

C A astoeummarier com

Automatic Text Summarizer

tart generating your online summary

Figure 2: Automatic Text Summarizer

This project is to Summarize the articles, splitting the most
important sentences and ranking a sentence based on
importance. This tool is accessible by an API, integrate our api
to generate summaries for a given text on your website or
application. The experiment for summarization is done on
Wikipedia for Automatic summarization.

Figure 3: Automatic summarization on en.wikipedia.org
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Figure 4: Generating Text Summarizer
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Figure 5: Result of Extractive Automatic Text Summarization

A word that seems multiple times throughout a text might have
many alternative co-occurring neighbors. for instance, in an
exceedingly text concerning machine learning, the unigram
"learning"” would possibly collocate with "machine",
"supervised", "un- supervised", and "semi-supervised" in four
completely different sentences. Thus, the "learning" vertex
would be a central "hub" that connects to those alternative
modifying words. Similarly, if the text contains the phrase
"supervised classification", then there would be a position
between "supervised" and "“classification". If "classification"
seems many alternative places and so has several neighbors, its
importance would contribute to the importance of "supervised"
within the final post-processing step, Thus the result with key
phrases "supervised learning" and "supervised classification"
is obtained .

IV. CONCLUSION

The rate of knowledge growth as a result of the globe Wide net
has needed a requirement to develop economical and correct
summarization systems though analysis on summarization
started concerning fifty years past, there's still an extended
path to run during this field. Over time, attention has drifted
from summarizing scientific articles to news articles, email
correspondence messages, advertisements, and blogs. Each
theoretic and extractive approach is tried, looking on the
appliance at hand. Usually, theoretic summarization needs
significant machinery for language generation and is tough to
duplicate or reach broader domains. In distinction, straight
forward extraction of sentences has made satisfactory leads to
large-scale  applications, specially in  multi-document
summarization. The recent quality of effective news wire
summarization systems confirms this claim. This survey
emphasizes  extractive  approaches to  summarization
victimization applied mathematics strategies. Since plenty of
attention-grabbing work is being done aloof from the thought
analysis during this field, tend to found relevant to future
analysis, although they focus solely on little details associated

with a general summarization method and not on building a
whole summarization system. Finally, some recent trends in
automatic analysis of summarization systems are surveyed.
The low inter-annotator agreement figures discovered
throughout manual evaluations counsel that the long run of this
analysis space heavily depends on the power to search out
economical ways that of mechanically evaluating these
systems and on the event of measures that area unit objective
enough to be usually accepted.
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