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Abstract | Although several models for automatic text summarization exist, there are
still limitations — like the anaphora problem that occurs during summariza-
tions. To overcome such limitations, this paper proposes the Added dropout-
Deleted Layer norm-Bidirectional Encoder Representations from Transform-
ers (Ad-DL-BERT)-based extractive text summarization (ETS). Primarily, the
input document’s sentences are prepared for accurate summarization by pre-
processing; then, the unwanted sentences are removed. With the Auto encoding
using the Topic Description and Several priors (ATDS) approach, any sen-
tences under the same topic are clustered afterwards. Moreover, keywords for
summarization are extracted with an AnaphoraPOS (An-POS) extractor. For
removing the redundant sentences, the rankings with Exponential Linear Unit-
Generative Adversarial Network (ELU-GAN) and saliency score assignment
processes are performed thereafter. Also, assignments for sentences are per-
formed to enhance the coherency, sorting, and cosine-similarity score. Lastly,
the Ad-DL-BERT-generated summary and the proposed technique’s perfor-
mance are evaluated on the document understanding conference (DUC2002)
data set. Regarding the clustering time, execution time, recall-oriented un-
derstudy for the gisting evaluation (ROUGE-1) scores of recall, F-measure,
and precision, the experimental outcomes exhibited the proposed technique’s
dominance over the conventional approaches.
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1. Introduction

Recently, the process of going through entire texts on major platforms for getting
relevant information has taken more time. To understand an overall digital files in
less time, researchers are developing technological approaches that can summarize
the text data automatically [29]. The process of diminishing the amount of text to
get the most significant parts from the actual text and providing it to users is called
text summarization (TS). The summarization process is automatically carried out
by the ATS method [9] [11]. ATS is grounded on three types; namely, input-centric
summarization, context-centric summarization, and output-centric summarization.
Input-centric TS is categorized as single-document or multi-document summariza-
tion (DS) [19]. A single document is given for summarization in single-DS, while
multiple documents are given at a time to get summarized texts in multi-DS.

Grounded on the output, the summaries are classified as extractive and abstrac-
tive. The ETS technique is successful in delivering a summary by utilizing the most
significant words that are present in the actual text, which delivers the most relevant
information accurately [14]. In an abstractive TS system, the tokens are extracted;
also, the summary is formed by utilizing some natural language-generation mech-
anisms [5]. Since abstractive TS must deal with issues such as natural language
generation, semantic representation, vocabulary building, et cetera, the ETS system
produces better summaries in contrast to abstractive TS [7]. For the term ”frequency
identification,” different similarity measures (namely, cosine similarity) are wielded in
the term frequency in ATS [23].

To summarize the text, most approaches like neural networks (NNs), sequence-
to-sequence modeling, machine learning (ML), reinforcement learning, and fuzzy
logic [20] are utilized; however, none of these are perfect. Thus, an opportunity
is provided to continue finding breakthroughs in this area of automation. One of the
significant limitations is that sentences are discarded for lack of context, which dras-
tically affects the quality of the produced summary. To overcome this issue, BERT-
based summarization models have been developed [25]. Owing to certain limitations
like anaphora problems, however, such models cannot perform well; to resolve these
limitations, this paper proposes a novel Ad-DL-BERT-based technique for automatic
single DS with semi-supervised ELU-GAN and anaphora feature extraction.

To summarize texts automatically, much research was conducted, and several
models [18] have been developed. However, some limitations in the previous models [4]
that have failed to solve some problems have been detected; these are stated as follows:

1) TS approaches used several features to extract the exact keyword and the relevant
sentences for a summary. In the case of summarization, these approaches faced
a problem in sorting sentences and ordering them accurately.

2) The sentences that are selected for a summary may go verbatim due to the
anaphora problem; this can result in incoherent summary results. Previous
methods have attempted to resolve this problem and have been left owing to
mismatches between anaphors with their antecedents.
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3) While scoring, semantically and syntactically incorrect sentences are ignored;
this created an issue, as these metrics fail in evaluating grammatically incorrect
sentences.

By analyzing these problems, the proposed framework aims to deploy a multi-
domain anaphora-solved ATS model to generate summaries for texts more accurately.

The remaining paper is structured as follows: related works are discussed in Sec-
tion 2; the proposed mechanism is displayed in Section 3; the outcomes are delineated
in Section 4; and, finally, the paper is wrapped up in Section 5.

2. Literature survey

An extractive multi-document TS system that was grounded on graph-independent
sets was established by [28]. The presented system removed nodes from summaries,
which were the set of sentences that were analogous to the nodes in the independent
set on the graph model. Better ROUGE performance outcomes were attained by the
developed model. Owing to limited ROUGE-2 score values, however, a summary for
400 words could not achieve better performance than the existing works could.

An ETS technique with tagged LDA (latent Dirichlet allocation)-centered topic
modeling was employed by [21]. Extractive lexical knowledge-rich topic modeling for
Hindi novels and stories was developed by the implemented approach, where differ-
ent sentence-weighting schemes were available for independent variants. As per the
results, the implemented approach had confessed optimal outcomes. Nevertheless,
the essence of the summary deteriorated without semantic feature extraction and
a co-reference resolution (CR).

Extractive document summarization (EDS) that is grounded on dynamic feature-
space mapping was unveiled by [10]. Here, both supervised and unsupervised ap-
proaches were leveraged in a single framework for EDS purposes. The outcomes
exhibited such behavior that, when contrasted with conventional techniques, the de-
ployed model obtained high ROUGE scores; yet, some of the significant sentences
were missed in the summaries (owing to the unresolved anaphora problem).

Extractive multi-DScentered on multi-objective optimization with K-Medoid
clustering was deployed by [3]. The main topics in the text were discovered by
the clustering-centric technique, while the three objectives were optimized by the
evolutionary multi-objective optimization mechanism. For the ROUGE-1 evaluation,
the summarized results achieved an F-measure score of 38.9%; however, the cluster-
ing process that was wielded in the model took more time, which caused high time
complexity when the model was trained.

An enhanced TS approach with an ensemble approach was discussed in [26]; it was
grounded on fuzzy and long short-term memory (FLSTM). To produce an abstractive
summary, fuzzy logic and bidirectional LSTM (Bi-LSTM) were hybridized. As per the
empirical outcomes, FLSTM outperformed all of the other techniques. Nevertheless,
certain sentences that contribute to the summary might be omitted in FLSTM since
it requires more memory bandwidth.
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A Persian ATS that was grounded on neural named entity recognition (NER) was
established by [15]. The model was comprised of three stages: supervised NER model
training, named entities of the text recognition, and a summary generation. The
NER model attained an overall improvement of 10.2% on the ROUGE-2 recall score
without the use of any handcrafted features. However, reliable performance could not
be attained by the ROUGE-2 scores on the pasokh single document.

A combined topic modeling with classification techniques for extractive multi-
document TS was implemented by [22]. Primarily, the corpus of sentences was min-
imized with the latent Dirichlet allocation (LDA) technique. Then, important sen-
tences were decided by various classifiers; among these, one representative sentence
was chosen. For generating the summary, all of the representative sentences were
organized in descending order. The prevailing models were outperformed by the ex-
perimental results on the DUC2002 and DUC2006 data sets; on DUC2006, however,
the compared model overpowered the ROUGE2 performance of the developed model.

A single-document Arabic TS scheme was investigated by [1]. A formulation was
generated for efficient summarization that was centered on diversity, coverage, and
sentence importance. The experiential outcomes exhibited the introduced scheme’s
strength regarding the precision, recall, and F-score metrics when analogized with
other prevailing works. The total score value’s contribution was affected by the ran-
dom selection of the weight values of the extracted features (regardless of of the fact
that is was a better model for Arabic TS).

Unsupervised NNs for Arabic TS that were based on document clustering and
topic modeling were developed by [2]. With extreme-learning machines, a new docu-
ment was clustered; then, topic modeling was applied to the documents to identify the
topics. Afterwards, every single document was signified by a matrix and was trained
by utilizing various unsupervised NNs in the topic space. As per the outcomes, the
models that was trained on topic representation enhanced the summarization perfor-
mance. Nevertheless, the technique failed in obtaining a satisfactory F-measure value.

An unsupervised technique for extractive multi-DScentered on the centroid sys-
tem and sentence embedding was recommended by [16]. Grounded on the three scores
(namely, sentence position-, sentence novelty-, and sentence content-relevance scores),
the relevant sentences were selected by the suggested technique. The outcomes exhib-
ited that, when contrasted with the conventional techniques, the suggested technique
attained more-promising and -outstanding outcomes. However, the centroid approach
was sensitive to centroid initialization.

A multi-document ETS framework that was grounded on the firefly approach
was developed by [27]. For effective summarization, the fitness function of the topic-
relation factor, readability factor, and cohesion factor were wielded in the firefly al-
gorithm. As per the outcomes, the developed model outperformed the other adopted
algorithms. Nevertheless, the performance of the presented system was affected by
the redundancy in the summarized sentences.
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A single-document TS technique that was addressed with a cat swarm optimiza-
tion (CSO) algorithm was demonstrated by [6]. Generating good summaries concern-
ing information, readability, content coverage, and anti-redundancy was the CSO’s
objective. The presented approach attained a 25% enhancement on the ROUGE-1
score and a 5% improvement on the ROUGE-2 score; however, more time was taken
to generate good summaries (owing to the complexity of the CSO algorithm).

In this work, the authors have proposed a model for both extractive and abstrac-
tive summarization that is called an automatic feature-rich model architecture that
is comprised of hierarchical bidirectional LSTM (long short-term memory) [8]. Ob-
servation of the results showed that the model outperformed the existing techniques
having ROUGE score equal to 37.76% and retaining high generality.

Here, the authors designed a fitness function that was based on genetic pro-
gramming to generate the automatic text summarization. The experimental results
displayed that the grouping of lexical and semantic information (LDA+Doc2Vec+
TF-IDF) achieved excellent outcomes in finding key ideas to form a summary [13].

In this paper, the authors have demonstrated an approach for an extractive text
summarization using NLP with an optimal DL (ETS-NLPODL) model [12]. A re-
search analysis of the various parameters reflected that the ETS-NLPODL approach
achieved excellent performance as compared to other models regarding a diverse set
of performance measures.

3. Proposed methodology

Since ATS makes it easier to understand a large amount of information and reduces
the time for understanding the content in a large document, it is becoming a pop-
ular approach. When summarizing the document automatically, however, numerous
complexities are faced during the sentence arranging and accurate summarizing. To
overcome this issue, this paper proposes a novel Ad-DL-BERT approach-based ATS
framework (which is displayed in Figure 1).

3.1. Input data

Primarily, the text document from the DUC2002 data set was taken as the input
data of the proposed ATS framework. The input data set (I) was mathematically
expressed as follows:

I={5,5,....,5.}orS,t=1,2,....n (1)
where S,, illustrates the n* document in I.

3.2. Preprocessing

To obtain efficient summarized results, the input document (s;) is preprocessed. Here,
I is preprocessed by stemming, part-of-speech (POS) tagging and CR processes.
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Figure 1. Schematic outline of proposed ATS framework

3.2.1. Stemming

Helping to reduce text dimensionality, stemming is the process of stripping suffixes.
By neglecting the suffixes, the stems of the texts are wielded. Stemming is signified
as follows:

chang « change, changed, changes, changing, changer (2)

Here, words such as change, changed, changes, changing, changer are stemmed as
chang. To reduce the text dimensionality, the other texts are likewise stemmed.

3.2.2. POS tagging

The process of tagging POS texts is called POS tagging, which will help the summa-
rization model recognize the POSs of a text. The POS-tagged texts tag POSs such
as article, adjective, noun, pronoun, verb, adverb, and so on. These tagged POSs are
wielded for training the summarization model, which identifies the POS during the
testing process.

3.2.3. CR process

During the CR process, the linguistic expression that refers to the same entity in
a document is identified without any error. This aids in increasing the text quality
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with minimum redundancy; thus, grammatically incorrect sentences cannot get en-
tities. Afterwards, such sentences without entities are removed from the document.
The preprocessed document (P) is given as follows:

P:{p17p27"'7pi} Or Pa, @:1,2,...,i (3)

where p; signifies the i*" preprocessed sentence.

3.3. Unwanted-sentence removal

By evaluating the WordNet similarity matrix with the utilization of semantic role
analysis, the unwanted (repeated) sentences are removed after the document is
preprocessed.

3.3.1. Semantic role analysis

From the preprocessed document, a word’s semantic role in the sentence is labeled
using a semantic role parser. This is to make the machines understand the role of
a word within the corresponding sentence, which aids in summarizing the sentence
effectively. The semantic role analysis process is explicated with an example as follows:

Anasoldherpropertytojohn fortwogoldcoins —  [agent(or)source] [Theme] [Goal]
fortwogoldcoins (4)

Here, [Ana] is considered to be the agent(or)source, [soldherproperty] is labeled the
[Theme] of the sentence, and [tojohn] is labeled as the goal of the sentence. Similarly,
the entire document P is labeled for semantic role analysis. After the semantic role
labeling, the document (D) is epitomized as follows:

D:{dl,dg,...,dr},de,EZ1,2,...,F (5)
where dr symbolizes the T'*" semantically role-labeled sentence.

3.3.2. Similarity matrix construction

After the semantic roles are labeled, the WordNet tool is utilized for evaluating
the similarity scores between the sentences. With the predicted similarity scores by
WordNet, a similarity matrix is constructed, and those sentences with the same simi-
larity scores are eliminated. The similarity score (J) evaluation is signified as follows:

O (les (deydet1))

* =2 5(d) + 6 (desy)

(6)

Here, © () displays the depth function of synset in the WordNet (which is a special
kind of interface for looking up words). lcs exemplifies the least-common subsumer.
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Afterwards, the similarity score matrix is constructed with the similarity score § for
the entire document. Similarity score matrix (M) is represented as follows:

61,151,1 o 51,7"7‘

02,1022+ 02 rr

M = (7)

5rr,15r7",2 T 5rr,rr

Here, 6 ,» represents the similarity score that is predicted between sentences 1 and
rr in document D. The same similarity scores were removed from the similarity
matrix to avoid repetitions of sentences. After the sentence removal, document (O)
is exemplified as follows:

O = {s¢1,8¢a, ..., 8¢o } or $Cep, 8T = 1,2, ...;0 (8)
where sc, implies sentence o after the unwanted sentence removal.

3.4. ATDS clustering

Document (O) is given for topic modeling and further clustered utilizing the ATDS
model. During the topic modeling, the topic for the word is determined as the most-
often-repeated word in the document. Thereafter, the topic-assigned document is
given for clustering by utilizing auto-encoders. During the clustering, those sentences
under a single topic are categorized in a single cluster. For the main topic and the sub-
topics, clusters are created; hence, a large number of clusters are generated. The topic
modeling for O is given as follows:

wor[ofp(2))

where S, (0O) exemplifies the ¢'" topic in document O, ¢; specifies the ['*-most-
repetitive word, and p (%) implies the likelihood of the occurrence of word w, in
document O. By doing this throughout the document, topics 3, are obtained. After

the topics are identified, the words are clustered under the corresponding topics by

using the auto-encoder model.
In the auto-encoder model, input sentence scg,- is mapped to hidden unit # with
non-linear mapping function A () as follows:

eScsrdsr+B
he = A (scs) = 11 cwerscatB (10)

where wy, signifies the weight value for input sc,,., and B notates the bias value. After
the hidden unit performs the mapping, the decoder reconstructs the input from hg,
as follows:

eWhhsr+Bh

Clr (11)

- 1 4 ewnhsr+Bn
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where C,,; elucidates the cluster output, and wp, B epitomize the decoding
weight and bias vectors, correspondingly. For minimizing the reconstruction error,
the weight and bias parameters are resolved by the following optimization problem:

o 2 o
1
L=min> Y flscsr = Curll —x. 3 A (sur) - Al (12)
sr=1 sr=1
A = argmin HAI (de) — )\i_lH ? (13)

where A’ () implies the non-linear mapping function at iteration I, and )\é_l is the
cluster center k at iteration I — 1. A} is the nearest cluster center to the sentence
scsr in the encoder layer. By doing this, a set of samples are clustered under a single
cluster. To obtain optimal clusters, A’ () is optimized first; then, the cluster centers
are updated as follows:

Do . AT (scqy)

M= L 14
N "

where Rifl exemplifies a set of samples that belong to cluster k£ at iteration I — 1.
Therefore, the final topic clusters are represented as follows:

C={ci,co,....cn}torecy, n=12,....m (15)

Here, the obtained cluster set is notated as C, and the clusters of the m®* topic is
symbolized as ¢,,.

The pseudo code of the ATDS clustering is given as follows:
Input: Document O
Output: Clusters
Begin
Initialize w., sentencessc,,, bias values (B, By,)
For document O do
Perform topic modeling 5, (O)
End For
For each topic do
Perform clustering of sentences
For input sentences{scs, jdo

Perform non-linear mapping A (scs,.)
ewWhhsr+Bp

Perform decoder reconstruction Cy, = Tewnfar®By

If (L == Threshold){

Update clusters Cs,

} Else {

Optimize A’ () and update cluster centers using AL}
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End If
End For
End For

Return clustered document C'
End

3.5. Feature extraction

After the clustering, the following features: phrase frequency; word; sentence length;
position in the document having certain phrases; saliency features; Noun Anaphora;
verb/adverb anaphora; zero anaphora and one anaphora were extracted from the
clusters using the An-POS feature extractor. The features are extracted to frame
the keywords, which are significant for TS. Therefore, extracted feature set (F') is
exemplified as follows:

F=A{fi,fos.... fotor fz, 2=1,2,...,p (16)

Here, f, implies the ' extracted feature.

3.6. Sentence ranking

After the features are extracted, the sentences are ranked using ELU-GAN to de-
termine whether the sentence should be present in the summary or not; this helps
to avoid the rankings of repetitive sentences. The semi-supervised generative adver-
sarial network (GAN) works based on two units: a generator, and a discriminator.
The generator creates a random input, which is then converted into a data instance.
By comparing the original features with the generated features, the discriminator
performs a similarity evaluation. For similar sentences, the ranking will not be pro-
vided [24]. Nevertheless the learning of long sentences reduces the coverage in the
existing GAN. Therefore, the activation of the GAN was modified to an exponential
linear unit (ELU) in the proposed ELU-GAN in order to overcome this problem.

Primarily, the features are given as inputs in ELU-GAN; with the features, the
sentences are ranked according to the learned features. The value function of ELU-
GAN is modeled as T (¢,§). Here, ¢,§ symbolize the generator and discriminator
of ELU-GAN. (is designed to minimize loss function [log (1 —§ (¢ (N))) |. Here, N
exemplifies the generated feature value. The generator generates fake data, and the
discriminator discriminates the data to determine the real features, which is a min-
max game on T (¢, F); this is formulated as follows:

minmaz T (C,8) = Bewyr.) 098 (V)] + Bepr llog (1= (C(N) ] (17)

where E,.,¢,) illustrates the expectation of incoming data to the discriminator,(e)
is the correspondence to the probability distribution of real features (p(f.)), and
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Ee~p(ny specifies e correspondence to the probability distribution of generated fea-
tures (p (N)). The discriminator in the ELU-GAN is a classifier that uses the ELU
to perform Equation (17). The ELU is represented as follows:

_ e if e>0
U_{ C(exp(e) —1)if e <O (18)

where U elucidates the ELU activation function, and ¢ implies a random distribution
constant. With ELU’s activation, the discriminator determines the following:

. p(f:)
5= eV 19)

5* (e) or a, exemplifies the discriminator-ranked output, and p () implies the proba-
bility distribution. Therefore, the final sentence-ranked document (A) is expressed as
follows:

A={a1,as,...,a¢} oray,,v=1,2,...,¢ (20)

where a, symbolizes the ¢** ranked sentence (feature).

The pseudo code of ELU-GAN is given as follows:
Input: Extracted features {fi, fa,..., fo} or f.
Output: Ranked features (sentences)
Begin
Initialize features, ¢, §, discriminator input e
Generate samples in the generator by minimizing [log (1 — F (¢ (N))) ]
For each input feature of the discriminator e do
Evaluate ming mazp T (¢, 5)
Activate the hidden neurons using ELU
If (e < 0){
Compute ¢ (exp(e) — 1)
} Else {
Compute output with e
}
End If
End For
Return §* (e) or a,
End

3.7. Saliency score assignment

After all of the sentences are ranked for each sentence a,, a saliency score is assigned
that is grounded on the number of keywords that are found in sentence a,. The
saliency score assignment is given as follows:

0 if k=0
55(“”){ 1% if k>0 (21)
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where ss (a,) exemplifies the saliency score of a,, V exhibits the saliency score based
on keywords, and k epitomizes the keywords. By performing this, each sentence car-
ries a unique score value. Thereafter, the sentences with high saliency scores are
only considered for summary, and the sentences with ss(a,) = 0 are neglected.

3.8. Sentence sorting

After the sentences with high saliency scores are extracted, there is a possibility that
the sentences that comprise the same saliency score are the same sentences that might
repeat during the summarization. To resolve this problem, the sentences are re-ranked
and sorted in reverse order by utilizing the rear-entry xtreme tree (REXT) sorting
algorithm. In the REXT algorithm, each sentence is considered as the node of a tree,
which is mathematically expressed as follows:

G:{y17y27"'7y7ln} OryT’T:1727"'7nn (22)

Here, G is the tree (text file), and y,,, indicates the nn'" node (sentence) of G. The
score value is calculated to rank the sentences, which can be represented as follows:

1

— nn
n + Z w(T—l,T)J(yT—l) (23)

o(yr) = -

T=7—1

where nn describes the total number of nodes, N signifies the constant damping
factor, o () specifies a score value, and w;, ,_; implies the weight of the edge di-
recting from node y,_1 to node y,. This ranking process is continued until all
of the nodes are ranked. If the re-ranked values are not very similar to other nodes,
the sentences are added to the summary. Then, the nodes are sorted in reverse or-
der with o (y,). If similar ranks are found, one of the similar-ranked sentences is
eliminated; this solves the redundancy problem. Hence, the sorted document (sd)
is represented as follows:

sd = {R1,Rs,..., RBw} or Rq (24)

where 9y implies the W sorted sentence.

3.9. Cosine-similarity score

The sorted sentences are then assigned with a cosine-similarity score, which aids in
determining the content relevance of the sentence. Cosine-similarity score () with
cosine-similarity score function V () are calculated as follows:

Ra Ra+1
= —_ 2
p=V B Ren) = o B ] (25)
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3.10. Summary generation

After obtaining the cosine-similarity score, the index with a non-zero similarity score is
given to Ad-DL-BERT to obtain an extractive summarized output. Owing to reliable
sentence embedding, BERT’s [17] performance gives better-summarized results than
the other algorithms. In the BERT model, however, processing with more layers
is a time-consuming problem; hence, a dropout layer is added (which removes the
unwanted layers in BERT'). This removal and adding of layers is named Ad-DL-BERT,
and the working steps of Ad-DL-BERT are given in Figure 2.

Input 7. = {Z .

E Input Layer | [CLS] | | TO: ] | 10, | ............ | TOc | | [SEP] ” [cLS || TO: | | TO: | .......................... i

I 0| | o e o | | o o -y

+ + o+ + + + + 4+ +
poe (B [ [ 3] [ ][ | [ | [ | [B0 ] oo
+ + o+ + + + + o+ +
e [ B[ [ ] [ ][ [ ][] [ ] o
I BERT Transformer Layer ‘
Comextal [ | | (=[x [ % | [3 |- .

Embeddi

I e S A S D B

Classification
layer

i 1 i

Figure 2. Ad-DL-BERT model

To summarize the scored sentences, Ad-DL-BERT predicts the next sentence in
the sequence automatically from left to right or right to left. Ad-DL-BERT is com-
prised of the input layer, embedding layer, BERT transformer, contextual embedding
layer, and output layer.

Input. Ad-DL-BERT’s input layer is the cosine-similarity score’s predicted sentences;
these are represented as follows:

N={Z1,Z9,...,Z¢} or Z (26)

where A\ implies the input document, and the final sentence in the document is sig-
nified as Z.. In the input layer, the tokens of each word of a sentence Z.. are deter-
mined and represented within the different classes; these are symbolized as [CLS], and
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each [CLS] is separated by separation function [SEP]. The token of Z.. is signified
as follows:
Zee = [T01,To3,...,Tog] (27)

Embedding layers. The tokens from the input layer are given to the embedding
layer, which performs the token embedding, segment embedding, and position em-
bedding. Embeddings are the representations of words in vector form.

1) Token embedding. Here, the words are transformed into a fixed dimensional
vector with [CLS], and [SEP] is added to the beginnings and ends of the sen-
tences.

2) Segment embedding. The segment embedding for a word is useful in classify-
ing the different inputs with binary coding.

3) Position embedding. Position embedding is utilized for differentiating the
contextual meaning of a word in sentences because the position of the word
differs from the meanings of the sentences.

BERT transformer encoder layer. The token, segment, and position embeddings
are summed up and given to the BERT transformer encoder layer, which is comprised
of 12 transformers with 122 attention mechanisms and millions of parameters. The
transformers are a combination of a set of encoders and decoders. Different attention
layers are encompassed in the encoders and decoders. The encoder encodes the words,
and the decoder determines the significant keywords and gives contextual embeddings
{X1,Xa,..., Xy}

Summarization (classification) layers. Here, any strong links between the sen-
tences are determined, which aids in the summarization. The summarization layer
is comprised of a simple classifier model, where the dropout layer is added with the
classifier’s fully connected layer (which deletes the insignificant hidden layer neurons),
and the output is predicted at the sigmoid output layer. The dropout regulariza-
tion and sigmoid output layer are signified as follows:

¢
DL = % <tar — Z 1/vam19m> (28)
in=1

where DL indicates the dropout regularization, tar illustrates the target output score,
i, epitomizes the dropout rate of the neuron (sentence) in, v;, elucidates the weight
value of the neuron, and ¥;,, exemplifies the incoming neuron. With DL, the neurons
of the hidden layers are regularized, and the output sentences of the dropout layer
are represented as &,4. Afterwards, the scores of the sentences in the document are
estimated in the sigmoid output layer, and the high-scored sentences are given as
summarized output; this is expressed as follows:

5\ - ¢ ('Uoutgwd) (29)

where A implies the summarized output score value, and ¢ () specifies the sigmoid
function.
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4. Results and discussions

This section discusses the outcomes that were obtained during the experimental evalu-
ation. The experiments were performed on the working platform of Python. The link
for the data set that was used is as follows: https://ieee-dataport.org/documents/
sentence-embeddings-document-sets-duc-2002-summarization- task.

4.1. Data set description

The proposed system’s experiments were conducted on the DUC2002 data set.
DUC2002 was comprised of 59 clusters that contained 567 English documents of
news reports. Figure 4 elucidates the extractive summarization that was obtained on
the DUC2002 data set (from Figure 3) with Ad-DL-BERT.

the cardigan welsh corgi is one of two separate dog breeds known as welsh corgis that
originated in wales | the other being the pembroke welsh corgi . it is one of the oldest herding
breeds .

cardigan welsh corgis can be extremely loyal family dogs . they are able to live in a variety of
settings , from apartments to farms . for their size , however , they need a surprising amount
of daily physical and mental stimulation . cardigans are a very versatile breed and a
wonderful family companion .

pembrokes and cardigans first appeared together in dog shows in 1925 when they were
shown under the rules of the kennel club in britain . the corgi club was founded in december ,
1925 in carmarthen in south wales _ it is reported that the local members favored the
pembroke breed , so a club for cardigan enthusiasts was founded a year later -Irb- 1926 -
rrb- . both groups have worked hard to ensure the appearance and type of breed are
standardized through careful selective breeding . pembrokes and cardigans were officially
recognized by the kennel club in 1928 and were lumped together under the heading welsh
corgis . in 1934 | the two breeds were recognized individually and shown separately .
cardigans are said to originate from the teckel family of dogs , which also produced
dachshunds .

they are among the oldest of all herding breeds , believed to have been in existence in wales
for over 3,000 years .

there is an old folktale that says that queen victoria was traveling down a country road one
day until her carriage came up on a fallen tree branch . while wondering how she would get
across , a fairy came out of nowhere and , in order to assist the queen , produced two corgis
out of thin air . one was the pembroke welsh corgi and the other the cardigan welsh corgi .
the two corgis moved the tree for the queen , and they say that is why the breed is currently
prized by the british queen , elizabeth ii .

another old folktale features a cardigan welsh corgi battling an ancient dragon .

cardigans have never had the same popularity as pembrokes , probably due to the influence
of the royal family . however , they have found their own place in many parts of the world .
cardigan welsh corgis can compete in dog sports also known as dog agility trials , obedience
. showmanship , flyball , tracking , and herding events .

the phrase ** cor gi " is sometimes translated as ** dwarf dog " in welsh . the breed was often
called " vard-long dogs " in older times . today 's name comes from their area of origin :
ceredigion in wales .

modern breed .

Figure 3. Input document
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the cardigan welsh corgi is one of two separate dog breeds known as welsh corgis that
originated in wales , the other being the pembroke welsh corgi . it is reported that the local
members favored the pembroke breed , so a club for cardigan enthusiasts was founded a
year later -lrb- 1926 -1rrb- . pembrokes and cardigans were officially recognized by the
kennel club in 1928 and were lumped together under the heading welsh corgis . cardigans
are said to originate from the teckel family of dogs , which also produced dachshunds . while
wondering how she would get across , a fairy came out of nowhere and , in order to assist
the queen , produced two corgis out of thin air . the two corgis moved the tree for the queen
. and they say that is why the breed is currently prized by the british queen , elizabeth ii .
cardigan welsh corgis can compete in dog sports also known as dog agility trials , obedience
. showmanship , flyball , tracking , and herding events .

Figure 4. Summarized output

4.2. Performance analysis

For proving the proposed technique’s superiority over the prevailing approaches, the
outcomes of the models were evaluated in three segments: clustering, sentence rank-
ing, and summary generation.

4.2.1. Performance analysis of summary generation

Here, proposed summary-generation model Ad-DL-BERT’s performance was compar-
atively analyzed with conventional summarization models like BERT, BERTSUM,
LSTM, and recurrent neural network (RNN) concerning the execution times and
the bi-lingual evaluation understudy (BLEU) scores. Moreover, the ROUGE scores
of recall and precision were evaluated. The similarity score between the predicted
summarized results and the human-generated ground truth was calculated by the
ROUGE score.
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Figure 5. Graphical analysis of execution time

The time that was taken for executing the summarization process was called the
execution time. Figure 5 unveils the proposed Ad-DL-BERT’s execution-time analysis
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as compared to BERT, BERTSUM, LSTM, and RNN. Here, the time that was taken
for executing the summarization task by the proposed technique was 19.75277s, which
was lower than conventional BERT (47.27682s), BERTSUM (57.06456s), and RNN
(74.06782s). This displayed that, as the dropout layer was added to the BERT model,
the input document was summarized in less time than in the other conventional
approaches.

The average recall values that were calculated for the ROUGE-1 scores are ex-
emplified in Table 1. Here, the recall value of the existing BERT model was higher
(94.83782%) among the existing algorithms. Still, the added dropout layer in the
existing BERT increased the recall value by 1.191% more than conventional BERT.
With Ad-DL-BERT, the summarization could therefore be done efficiently after the
anaphora problem was solved in the proposed technique.

Table 1

ROUGH-1 recall score

Algorithms Recall [%)
Proposed Ad-DL-BERT | 95.96736
BERT 94.83782
BERTSUM 92.38565
LSTM 88.92923
RNN 87.82121

Figure 6 displays the average precision values of the proposed summarization and
baseline summarization techniques for the ROUGE-1 score on the DUC-2002 data set.
The pictorial representation shows that the precision value of RNN (87.821%) made it
less reliable for the summarization model. However, the highest precision value of the
proposed Ad-DL-BERT (95.967%) made it more reliable for the proposed ATS model.

RNN

LSTM

BERTSUM

Algorithms

BERT

Proposed Ad-DL BERT

80 85 90 95 100
Precision (%)

Figure 6. Precision level for ROUGE-1 score
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Grounded on the recall and precision values, the F-measure was calculated; the
calculated F-measure result is pictorially epitomized in Figure 7. Here, the poor
F-measure for the ROUGE-1 score was obtained by RNN among the existing tech-
niques, followed by the LSTM and BERTSUM models. Yet, the proposed model
achieved 9.35, 7.914, and 3.876% higher F-measure levels, respectively; this exhib-
ited the quality of the summary that was generated by the proposed Ad-DL-BERT.

98 -
96 -

94 A
92 A
90 -
88 -
86 -
84 -
82 -

Proposed Ad BERT BERTSUM LSTM
DL BERT

F-Measure (%)

Algorithms

Figure 7. F-measure analysis

The similarity between the automatically predicted summary and the reference
manually generated summary was measured by the BLEU score. The BLEU score
values of the proposed Ad-DL-BERT and the conventional BERT, BERTSUM, LSTM,

and RNN models are depicted in Figure 8.

BLEU Scores
0.8 4
0.6 4
0.4 1
0.2 4
0.0
Proposed Ad-DL BERT BERT BERTSUM LSTM RNN

Techniques

Figure 8. BLEU score analysis
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Here, the BLEU score that was obtained by the proposed Ad-DL-BERT was
0.904, which was higher than that of traditional BERT (0.812), BERTSUM (0.738),
LSTM (0.667), and RNN (0.452). This increased value of the proposed Ad-DL-BERT
showed the proposed technique’s superiority.

4.2.2. Performance analysis of clustering

Regarding the clustering time and clustering accuracy, proposed clustering model
ATDS’s performance was assessed in comparison with the conventional auto-encoder
clustering (AEC), k-means algorithm (KMA), fuzzy c-means (FCM), and Clustering
LARge Applications (CLARA) techniques.

The clustering accuracy results of the proposed ATDS approach and the tra-
ditional clustering approaches like AEC, KMA, FCM, and CLARA are exemplified
in Figure 9. In the topic model, the results were given to the AEC model, which
increased the clustering accuracy by 2.22, 4.87, 6.50, and 8.90% more than the AEC,
KMA, FCM, and CLARA techniques, correspondingly. With the proposed ATDS ap-
proach, the sentences under the corresponding topics were, therefore, clustered more
accurately in the proposed model than in the existing approaches.
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Figure 9. Analysis of clustering accuracy

An analysis of the clustering time is demonstrated in Table 2. The time that
was taken for clustering those sentences that were relevant to the corresponding topic
is called the clustering time. Here, the clustering time of the proposed ATDS was
39.3436, 61.0012, and 72.7266 s lower than the prevailing AEC, FCM, and CLARA
techniques respectively. This lowest amount of time that was taken by the proposed
ATDS scheme proved the time efficiency during the clustering.
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Table 2
Clustering-time evaluation

Algorithms Clustering time [s]
Proposed ATDS 125.1461
AEC 164.4896
KMA 173.1130
FCM 186.1473
CLARA 197.8727

4.2.3. Performance analysis of sentence ranking

This segment analyzes the sentence ranking performance of the proposed ELU-GAN
and the conventional GAN, RankNet, LambdaRank, and LambdaMart techniques
grounded on the sentence-ranking time.

The time that was taken by a system to rank the sentences based on the num-
ber of keywords is called the sentence-ranking time. Figure 10 elucidates a graphical
representation of the time that was taken to rank the sentences by the proposed and
existing approaches. As per the graph, the time that was taken by the proposed
ELU-GAN was 48,567 ms, which was 12,864, 25,337, 32,295, and 37,980 ms less than
the existing ranking techniques (GAN, RankNet, LambdaRank, and LambdaMart),
respectively. This lowest value that was obtained by the proposed ELU-GAN (ow-
ing to the embedding of ELU in the GAN model) proved the time efficiency of the
proposed ranking model.

Sentence Ranking Time

75000 A

T0000 1

65000

Time (ms)

60000 4

55000

50000

Proposed ELU-GAN GAN RankNet LambdaRank LambdaMan
Techniques

Figure 10. Time analysis for sentence ranking
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4.3. Comparative analysis with related works

Here, the proposed Ad-DL-BERT’s ROUGE-1 recall score was compared with the
existing works of [15], [23] and [24].

The ROUGE-1 recall score of the proposed Ad-DL-BERT summarization model
and the existing works on the DUC-2002 data set are exemplified in Table 3. The
proposed summarization model was efficiently trained with anaphora-extracted fea-
tures with ATDS clustering and ELU-GAN-ranked sentences, which improved the
ROUGE-1 recall score to 95.96%. For the works of [15], [23] and [24], the ROUGE-1
recall scores were 67.33%, 48.39%, and 48.80%. This showed the reliability of the
proposed Ad-DL-BERT model for ATS and proved the quality of the summarized
text by Ad-DL-BERT.

Table 3
Comparative analysis of ROUGE-1 recall score on DUC-2002 data set

Works Recall [%)]
Proposed Ad-DL-BERT 95.96
[24] 67.33
[15] 48.39
[23] 48.80

5. Conclusion

This paper proposed a novel ETS approach with Ad-DL-BERT based on An-POS ex-
tracted features. The sentences were clustered by ATDS clustering; also, ELU-GAN
was used for the sentence ranking. The proposed techniques’ performances were es-
timated on the DUC-2002 data set. As per the experimental outcomes, grouping
the sentences that were grounded on topic was minimized to 39.3436 s with the pro-
posed ATDS approach, and the clustering accuracy was maximized to 95.68%. With
the proposed Ad-DL-BERT model, the ROUGE-1 recall and precision scores were in-
creased to 95.96%, and the execution time was reduced to 19.75277 s (which was lower
than the existing BERT, BERTSUM, LSTM, and RNN techniques). This proved that
Ad-DL-BERT gave a more accurate summary than any of the other algorithmsdid.
Moreover, the reliability of the proposed technique for ATS was confirmed by the
comparative assessment of the ROUGH-1 recall score. Hence, the overall analysis
proved that the proposed approaches were most suitable for extractive automatic sin-
gle DS. The proposed system was evaluated with English language documents; thus,
the proposed technique can also be extended for other languages in the future.
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