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Abstract - It is an era of fast movement, where people
wants to know the essence of any document (technical or non-
technical) at the first glance in a fast manner. This motivates
for the proposed GUI based unsupervised extractive
summarization model Quick Glance, which summarizes the
user input. The proposed approach uses BERT based pre-
trained sentence embedding vectors and attention model to
derive attention score for each sentence present in the user
input. Next, Principal component analysis is applied on the
attention scores to automatically to evaluate the importance
of each sentence and to determine the number of sentences to
be extracted Experimental results show that the proposed
model is user friendly and exhibits acceptable performance
and is highly recommendable for non - critical application like
review, news glance and so on.

Key Words: Text Summarizer, BERT, PCA ,Extractive
Summarization, Linear Programming

1. INTRODUCTION

In the modern era, where a vast amount of information is
accessible online, it is crucial to offer an enhanced system for
swiftly and effectively extracting the information. It is quite
challenging for humans to manually extract the summary
from a lengthy written document. Finding appropriate
documents from the many documents accessible and
learning essential information from them presents a
challenge. Automatic text summary is crucial for resolving
the aforementioned two issues.

The technique of extracting the most significant information
from a document or group of related texts and condensing it
into a concise version while maintaining its overall meanings
is known as text summarizing. a briefer version of the
information in the original text. Automatic text summary
aims to deliver the source textin a concise, semantically-rich
form. The main benefit of adopting a summary is that it
shortens the reading process.

Choosing to read an article mainly depends on the size of it
and the time to be spent on reading it. If the article contains
less critical information and contains large amount of textual
data, people tend to skip it due to its less important
information and large amount of time required to consume
it. Here, the articles with less critical information contain
repetitive contents, which could be shrunken. Butit requires
deep understanding of the semantics present in the
document in order to extract the most informative piece of

data which can reduce the time that being spent on reading
an article. So that many different information can be
acknowledged on the time that being spent on reading a
single article.

2. LITERATURE SURVEY

McDonald et.al [2] proposed the first ILP method for
extractive summarization. It generates summaries by
maximizing relevance (i.e, importance) of the selected
sentences and minimizing their redundancy (i.e.,
similarity).McDonald et.al [2] represented each sentence asa
bag-of-words vector with TF-IDF values. The importance
scores are computed by using the positional information of
the sentences and the similarity between each sentence
vector and the document vector. The cosine similarity is used
to compute the similarity between sentence vectors.

Berg-Kirkpatricket.al[3]constructed an ILP
summarization model based on the notion of concept, which
is a set of bi-grams. The distinctive characteristic of this
model is that it extracts, and compresses sentences
simultaneously. The model not only selects bi-grams with
high importance but also chooses whether to cut (delete)
individual subtrees from each sentence's parsing tree. The
objective function of this model is the following:
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where b; and ciare binary variables that indicate the
selection of the ithbi-gram as a summary and its deletion
from the parsing tree. wiand uiindicate the weights of bi-
grams and possible subtree cuts, respectively. Additionally,
the model has a constraint of maximum allowed summary
length, which is determined by the user. The weights are
estimated by soft margin support vector machine
optimization with bi-gram recall loss function. Therefore, the
model is trained in a supervised manner, which requires
gold-standard summaries.

Galanis [4] also presented a supervised extractive
summarization model that extracts sentences and concepts
by maximizing sentence importance and diversity (i.e.,
minimizing redundancy). To represent sentences in a
structured form, they leveraged various features, such as
sentence position, named entities, word overlap, content
word frequency, and document frequency. The model has a
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constraint of user-defined maximum summary length.
Furthermore, support vector regression (SVR) was used to
estimate sentence importance.

Boudin[5]proposed a purely concept-based extractive
summarization model. The objective function of this model is
the following:

max » wi-c¢;i+py fi-t,
DXEED)
: _

where wiis the weight of a concept, fiis the frequency of
the non-stop word k in the document set, cis a binary
variable indicating whether the conceptiis selected, and tiis a
binary variable indicating the presence of the non-stop word
k in the summary. This variable was introduced because the
frequency of a non-stop word is a good predictor of a word
appearance in a human-generated summary. To obtain the
concept weight, heuristic counting (such as the document
frequency of each concept) was used, or the supervised
model was trained. The model also has a user-determined
maximum summary length. It differs from others by applied
sentence pruning. Sentences with fewer than 10 words were
removed to improve computational efficiency.

Liu[6] proposed a simple weighting-based unsupervised
extractive summarization method. For the i-thsentence in a
document (i), they calculated sentence scores by leveraging
term frequency, similarity, positional information, and
sentence length. In particular, term frequency, position score,
and sentence length score are calculated as follows:
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where tf{w) denotes the term frequency of the word w, n
represents the total number of sentences, pi refers to the
position of §;, x;is the length of S;, and p and o denote the
mean and standard deviation of the total sentence length,
respectively. For a given sentence vector Es and title vector
Et, similarity score is defined as the cosine similarity of two
vectors:

A
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The vectors of each sentence and article title are built
based on the term frequency weighting schema. Therefore,
the final sentence score is calculated as follows:

Senscore; = M TF; + Ay Position;
+ AsSimilaritv; + haLength;,

where A1, A2, A3, and A4 are user-defined hyper-
parameters. Liu et.al [6] generated a summary by selecting
sentences with the highest score until the total summary did
not exceed the user-defined summary length.

3. PROPOSED MODEL

Proposed Quick Glance architecture depicted in figure 1
uses Jang et.al [1] two-step procedure for text summarization
It involves document representation and representative
sentence selection. Document can be represented as a
continuous sentence vector, with the usage of pre-trained
Bidirectional Encoding Representations from Transformers
(BERT) [8] model . Importance of the sentence is determined
using ILP and PCA to pick representative sentences for the
summary.

1

Position encoding |

Sentence
Representation

Raw text
Document
o representation

Pre-trained
sentence
embedding PCA

model

(BERT)
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(e et )

L
| Sentence vector | Extractive summary

Figure 1: Proposed System Architecture

The input document, undergoes a pre-processing step
which involves tokenizing the white space, a lower-case
conversion, removing the punctuations, numbers and empty
strings from each token.

Since, the document consists of n sentences having
the sequential information, representing the document as a
sequence of sentences as follows:

D=[s1,2,...,sn]

where D denotes the document and sk refers to its k-th
sentence. Let a sentence be represented as a column vector.
Thus, Duasi, the basic representation of D, becomes the
following matrix:

Dbasic = [sv1,sv2,...,svn]

where svi denotes the pre-trained sentence vector of sk
.Dasic is a d x n matrix, where d is the embedding dimension.
It is possible to use any sort of sentence embedding method
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to generate svi. Here, the pre-trained sentence embedding
model BERT (Bidirectional Encoding Representations from
Transformers) as proposed by Devlin et.al [8] is used, since it
has a good memory to know the positional sequence. It has
pre-defined vectors for each word in a sentence. It also has
the vector for sub-word if the word doesn’t exists. BERT
generates contextualized represents of sentence asa T x dy,
matrix, where T is the number of tokens and dy is the
dimension of the hidden states. As the representation of a
sentence should be a vector, the average of the BERT
representations is considered to obtain the dimension ds.

Although the matrix Dyasiccontains the intrinsic
meaning of each sentence, it lacks positional information,
which plays a critical role in natural language tasks.
Therefore, positional encoding is used to effectively reflect
sequential information, which employs cosine and sine
functions. In particular, the positional encoding matrix PE is
calculated as follows:

PEpos2i) = sin(pos/100002i/d )
PE (pos.2i+1) = cos(pos/100002/4)

where pos is the position, and i is the dimension. Then, the
final input embedding matrix Demp is calculated as the
addition of Dyasic and PE.

Demb = Duasic + PE

To obtain a deeper representation of the document,
scaled dot product attention as proposed by Vaswani et.al [7]
is used , wherein the attention weights can be calculated
without training parameters. The matrix Q is regarded as a
set of queries. Likewise, the matrices K and V are the sets of
keys and values, respectively. Then, the result of the scaled
dot product attention is as follows:

Attention(Q, K, V) = softmax( Q K™ /v d)V
where dy is the dimension of queries and keys.
Deep representation Dgeep 0f the documentis calculated as
Daeep = Attention (Demb,Demb,Demb)

where Dgeep has dimension d xn, the same dimension as
that of Demb. Therefore, the matrix Dgeep can be considered the
sequence of the deep representation vectors of the sentences
constituting the document.

Ddeep = [SVdeep,l,SVdeep,Z; .. ;SVdeep,n]

The proposed QUICK GLANCE automatically
determines the number of appropriate summary sentences
for each document by PCA, and thus the importance of each
sentence can be quantitatively evaluated. PCA is a method for
reducing high-dimensional data to lower dimensions. The
principal components (PCs) extracted by PCA are composed

of a linear combination of the original variables. Hence, PCA
has been widely used for dimensionality reduction because it
is possible to explain the entire dataset through a few PCs.
The purpose of PCA is to maximize the variance of y = Xw,
which is the projection of the original data X, where Xisann
x p matrix and w is a vector of size p x 1. n is the number of
observations and p is the number of variables. For a centered
dataset X, PCA is performed by the following optimization:

Max Var(Y) =wTYw
stllw]||=1

where ) is the covariance matrix of X. Solving the above
equation for w yields the eigenvectors e of the covariance
matrix. Therefore, when the i-th largest eigenvalue A; and its
corresponding eigenvector e; are given, the i-th PC is
calculated as follows:

yi=enXi+epXo+... + eipo

Furthermore, by the following equation, the variance of y;
is Ai.

Var(yi) =eTidei = A

As the total population variance is }'Pi-1A; , the variance
preservation ratio of y; is

ai = Aif YPi=1A

where «o; is the variance preservation ratio of Y; . This
implies that a PC y; preserves (100 x a;)% of the total
variance. As Dgeep has sentence vectors as column vectors,
each sentence vector is considered as a variable and the
dimension of the vector, d, as the number of observations.
Therefore, PCA reduces the number of sentences in a
document by extracting the PCs. Each PC(i.e.) principal
sentence, could be considered a vector of condensed
sentences that contains as much information of the original
document as possible. Subsequently, a user-defined specific
hyperparameter (3 - the variance preservation ratio that
automatically decide the appropriate number of summary
sentences N. Therefore, it could be considered that at least
B% of the total information is preserved in N selected
sentences. Then the sentence importance score is calculated
based on the correlation between the sentence vectors of
Daeep and the PS’s. As a PSis a high-level vector that efficiently
condenses the intrinsic information of the document, greater
similarity of a sentence vector to a PS implies higher
importance of the sentence. Therefore, sentence importance
score is defined by:

imp(si) = Z k#iCOS(SVdeep,i; PSk)

where imp(si) is the sentence importance score of
sentence s;and cos denotes cosine similarity.
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The optimization problem is formulated as in
McDonald et.al [2], because the minimum extraction unitis a
sentence, not a concept. The requirements for the
formulation are sentence importance scores and similarity
scores between sentences. The similarity between the
sentences s; and s; is defined as the cosine similarity of their
deep sentence representation vectors as follows:

sim(si,sj) = coS(SVdeep,iSVdeep,))

Then, the appropriate number of summary sentences (the
length of summary sentences) for each document is
automatically determined through PCA as follows:

Yhi=1Xi= N

where N is the appropriate number of summary
sentences.

In order to reduce the time complexity of QUICK-
GLANCE from O(n2 ), sentence pruning is performed to
remove unimportant sentences. The sentences to be
extracted are those which should have high sentence
importance scores and low redundancy scores. Therefore, the
pruning score of a sentence s; is defined by

\ imp(s;)
Pr — score(s;) = 1

T Lt sim(sj, ;)
where imp(s;) is the sentence importance score of

sentence s;, sim(s;,sj) is the similarity between the sentences
Si,Sj-

4. RESULTS AND DISCUSSIONS

Quick Glance Text summarization application provides
Graphical User Interface on the Web using Django Web
Framework. Input from user can be sent to the application
as shown in Figure 2 in 3 different ways .

e Direct text using Textbox

e Parsed text from any given URL

e Textual data from a .txt file
The data from the textbox and .txt file can be retrieved using
simple forms and read() method from Django. Whereas the

parsed text from the URL has to be retrieved using Web
scraping through BeautifulSoup.

€ 2 0 O kahot *E D &6 W -
EBQuick Glance
Use any of the three mediums to send input

Figure 2 : GUIl Homepage

The given text will be paragraphs by default, so it has to be
converted into sentences for text extraction. NLTK is used for
converting the given text into sentences. Using a split()
function is a good idea, but with a huge amount of text which
may include several quotes and special characters, it’s will
not always provide a good result. So, nltk.load() has been
used.

After the text has been converted to sentences, it must be
cleaned. It includes removing the punctuation, removing the
needless spaces, converting all text to lower case, removing
the number tokens. The processed text will be forwarded to
further steps. The cleaned text is shown in Figure 3.
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Figure 3 Cleaned Text
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Positional encoding is used to effectively reflect sequential
information. The positional encoding method employs cosine
and sine functions to calculate the position of the word in the
sentence. Result of positional encoding of given textis shown
in Figure 4.

([ 0.08000090+09 1.00890808¢+09 0.0080890e+90 ..
.5808989e+00]
1§382386e-

g . 1,08000000=+00
g
g
99999958
g
-0

Positional Encoding:
9. 66000600e+00
[ 8.41470985¢-81

§.28430762e-01 ... 9.9999999Ue-61

1.02427522¢-84
[ 9.09297427e-01 -
3

2. 04855043e-8u

1
1]
1 9.27990830-01 ...
1]

1610683 7e- 9.99999978¢-61

. 12369799e-03
9.99999365e-61]
8.13853930e-61 -7.51787991e-1 ...
9.99999245e-61]
9.07046781e-01 1.25281247e-1 ...
9.99999113e-61]]

-9.67 9.99999334e-f1

9.99999268e-1

9,99999678e-1

Figure 4 :Positional encoding

Attention can attend a semantically important concept or
region of interest and to find the relative strength of attention
paid on multiple concepts. It can switch attention among
concepts dynamically according to task status and improves
the focus on particular sentence. The calculated attention
score for the given input is shown in Figure 5

Attention: [[-0.01296376 0.75655575 0.80257756 ...
0.99572824]
[ 0.3643u821 0.4387853
1.16595048]
[ 0.23134379 -0.17609876 1.01460U56 ...
1.14927814]

0.91045655 0.38104523
1.15003223 ... 0.93387324 0.30177774

1.01161774  0.29661554

[-0.72289044 0.69350871 -9.84313947 ...
1.3410762 ]

[-0.59430045 0.79377577 -9.32U85062 . ..
0.72696647]

[ 0.3729566
1.353083 1]

0.73094768 0.0u4381297

06.52733183 -0.04U147T79

0.96766086 ©0.30165624 ... 0.78898542 0.02480833

Figure 5 :Attention Scores

Method used for dimensionality reduction because it is
possible to explain the entire dataset through a few PC’s
(Principal Components) and the same has been shown in
Figure 6

PCA: [[-0.35303293 -0.3534824

-0.36433566 -0.38934905 -0.40098216 -0.39970898

-0.38148502]

[ 0.48749304 0.39471812 0.26645061 0.07986354 -0.17529672 -0.32751779
-0.62544159]

[ 0.45685729 0.18959625
0.59995223]

[-0.43873679 0.08549422

-0.13821236 -0.38464857 -0.42672979 -0.21502675

0.43423821 0.45238287 -0.34816919 -0.45027879
0.28812307]

[-0.00967492 -0.04088359
-0.1357158 |

[ 0.33106422 -0.27566287
0.03202409]

[-0.35610758 0.77351814

-0.02983428]]

0.08678599 0.13086214 -0.70595691 0.67585819

-0.56387552 0.68303246 -0.08067072 -0.14961354

-0.51294319  0.07593485 -0.01677336 0.06934579

Figure 6 : Principal components

In ILP, sentence scores and similarity scores between
sentences are calculated whereas sentence pruning helps to
reduce unimportant sentences and time complexity

The summary of the given document is achieved and is
displayed in the GUI's homepage as shown in Figure 7

[ itz

Figure 7 : Output after summarization
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5. CONCLUSION AND FUTURE WORK

A user-friendly text summarizer, the QUICK GLANCE is
proposed efficiently by retaining the intrinsic information.
Experimental results revised that the Quick Glance provides
well organized summary with needed information for non-
critical applications like review, news glance etc., in a user-
friendly manner.

Here, the appropriate number of sentences in the
summary will be decided by PCA using a variance
preservation ratio B. In future, PCA can be replaced with
Linear Discriminant Analysis (LDA), and non-negative matrix
factorization (NMF). As of now, the summarized output is
displayed in the GUI's Homepage. Future works can include
that the output can also be sent to the user’s valid mail. It can
be also implemented as a mobile application which will help
the students for quick grasping of the context.
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