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Abstract: Automatic Text Summarization is the process of generating automatic summaries from a document by
extracting its principal statements and preserving the overall semantics of the text at the same time. Text
Summarization is a potential solution to the problem of information overload the world is facing at the moment.
Numerous text summarizers already exist in the literature, but they fail to preserve the semantics of the text. This
research uses this semantic feature as a fundamental technique to find high quality summaries of documents. We
use the distributional Semantic Model called word2Vec and compare the results with other state-of-the-art
summarizers. We evaluated our results using ROUGE on DUC 2007 dataset. This system outperformed all other
reference summarizers proving that using semantics as a feature increases the efficiency of the system.

IndexTerms — Text Summarization, Distributional Semantic Model, word2Vec, Semantic Analysis

1. INTRODUCTION
Text analytics aids in extracting information from text. Text summarization produces short summaries and
hence is a critical task in the Text analytics area. Text summarization is the process by which text is
condensed for immediate consumption. It is used on many levels for proper understanding and efficient
utilization of lengthy textual documents. It is the task of extracting imperative sentences from the document
to generate automatic text summaries by enduring the overall semantics of the text. Thus, short summaries
provide an abstract of the document, which is easy to comprehend for a user.
The task of Text summarization is efficient in many ways viz:
i. Reduces the reading time of the researcher during the selection of related articles.
ii. Various companies can use automatic Text summarization to effectively produce summaries in less time
for decision making, financial Research and stock market information.
iii. It can be beneficial for e-learning systems to produce condensed reports related to a particular subject
or topic.
iv. It can aid in sentiment analysis by providing summaries of both the positive and negative posts.
Abstractive, Extractive, and Hybrid are the three categories of summaries deduced from text. Sentence
extraction is employed in extractive summarization [1][2][3]. The process of summarization begins with
the extraction of sentences. The chosen subset is the document's significant set of sentences and, thus, the
summary of the text. The statistical features like the position of a sentence, frequency of phrases or words,
and subject phrases that indicate significant sentences in the text are employed to select the subset. The re-
generation of retrieved information generates the abstractive Summaries. These summaries are premised
on statistical features like the position of a sentence, frequency of phrases or words, subject phrases arduous
rules [4]. The limitation of it is that it is highly dependent on the stylistic features and arduous rules and
completely overlooks the semantics of the text. Hybrid summarization involves the combination of
Extractive and abstractive summaries.
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Automatic summarizers employ two learning schemes: supervised and unsupervised to generate automatic
text summaries. The supervised learning approach produces satisfactory results but needs a massive amount
of labelled training data, which is tedious and arduous to get. In contrast, unsupervised algorithms make
use of linguistic and statistical aspects to obtain a summary. The linguistic and statistical features are
premised on the specific intrinsic features of the text document like the position of a sentence, frequency
of phrases or words, subject terms and sentence length, but ignores the critical and principal features of text
data.

The main drawback of existing methods is that they concentrate on statistical attributes and ignore the text's
semantics. Traditionally, these automatic summarizers are built on the assumption that statistical features
are central to the summarization task and thus they miss an essential attribute of the text that is its meaning.
Text summarization is the process by which text is condensed for immediate consumption. Text
summarization is used for centuries, but automated text summarization was introduced in the early '90s.
Since then, it has evolved in multiple forms. It uses various methods and means. These methods include
extractive and abstractive summarization. In literature, text summaries lack an essential aspect used in
human communication: text semantics. This Research aims to use text semantics as a feature to improve
text summaries. Our system will use text semantics at the fine-grained level and then use the semantic
features and the other surface features to produce better text summaries. We aim to enhance the system
accuracy and evaluate the system against the existing baselines to prove our research goal.

In this System, we combine the two approaches, i.e., supervised and unsupervised approaches to produce
the hybrid abstractive summarizer. Our system has 4 steps:1) Preprocessing to remove noise and
inconsistencies, 2) to capture semantics by use the semantic distributional models viz Word2Vec, 3) to use
vectors generated by each model for transforming sentences into separate three big-vectors of highly
semantic extension, 4) clustering premised on semantic coherence and 5) Ranking algorithms rank
sentences in each cluster to produce summaries by picking top sentences from each cluster. The remainder
of the synopsis is structured into the consecutive sections: Section 2 discusses the Literature survey. Section
3 discusses the methodology employed. Section 4 presents results obtained, Section 5 presents conclusions
and future work followed by references.

2. LITERATURE SURVEY
This portion covers the various aspects and methodologies employed in text summarization by artificial
text summarizers and their relative pros and cons. This in-depth review of feature identification methods,
techniques, and applications aims to draw conclusions and identify unresolved issues.
2.1. Supervised Learning Techniques
As a result of the recent development in machine learning techniques, machine learning methods generate
extractive summaries. These methods employ manually selected significant features for training supervised
learning methods to build a model. It is then utilized to classify sentences to arbitrate whether or not the
sentence should be included in the summary. Naive Bayes and Support Vector Machines (SVM) models
are employed with the derived features like content, event, relevance and topic, [5] to generate extractive
summaries. [6] built an extractive summarizer with extracted linguistic and statistical attributes from the
source document by employing machine learning methods. The sorting of sentences in the document could
enhance the extractive summary results [7].
2.2. Unsupervised Techniques
Luhn took an excellent initiative in this field at the beginning of the 1950s. Luhn demonstrated that the
importance of words in a document is directly proportional to their frequency. He also concluded that the
most frequent terms are either descriptive or topic terms. Thus, the sentences bearing these more significant
terms must be appended in summary [8]. [9] incorporated more features in Luhn’s work that enhance the
score of significant sentences for text summarizing. The groundwork of abstract summarizers was set by
[10] and proposed the concept of language generators. They also address that summaries could be generated
by incorporating the sentences in the summaries that are not included in the document’s text. [11] use
ranking algorithms for sentence scoring of a single document and employs the statistical approaches
suggested by Edmundson. To obtain a better summary [12] used Latent Semantic Analysis to determine
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the coherence between the sentences and topics. TextRank proposed by [13] to generate extractive
summaries of documents using the cumulative weighted correlation among phrases.

2.3. Query-based Technique In this technique, the document's text is scanned for the query keywords of
the user. The sentences with query phrases are assigned high ranks than sentences by single query words.
The higher-scoring sentences incorporated with other integral components are the summary's output. The
outcome of these summarizers is the fusion of all the extracts [14]. [15] employed two methods: a query
expansion approach and graph basis summarization to elucidate limited content in the original queries.

Instead of using external resources like WordNet[16], they employed the document set on which the
summarization is done to expand queries .SVR (Support Vector Regression) is employed by [17] to
determine the relevant sentences in a document for summary as output for the user query. [18] employed
MMR (Maximal Marginal Relevance) to combine relevant query and novel content for the text
summarizing task.

2.4. Graph and Network Techniques [19] introduced graph-based approaches construct extractive single-
document summaries by employing supervised and unsupervised learning schemes. The objective was to
determine the relevant sentences by extracting statistical attributes using supervised and unsupervised
methods and to analyze the coherence among sentences using graph approach. [20] computed the similarity
adjacency networks of words to determine authorship. They identified the author by using text as a graph.

For summarization of multiple documents, [21] use multi-layer graph methods where nodes represent

sentences and edges represent the relation between the two sentences.
2.5. Neural Network Techniques With the development in deep learning techniques and lower costs of
memory, these techniques have gained a lot of popularity. The neural-network summarizers achieve better
performance with the least human intervention if adequate training data is acquired than traditional
automatic summarizers [22]. [23] employed continuous vectors based on a neural network to generate
extractive summary and computed better results and thus laid the ground to utilize neural networks for text
summarization.[24] are the first to propose an abstractive summarizer that generates text summaries by
using CNN (Convolutional Neural Networks). [25] built an abstractive summarizer using CNN and other

Neural Networks to extend the work presented by [24]. [26] employed a RNN (Recurrent Neural Networks)
with attentional encoder decoder to generate an abstractive summary. [27] presented COPYNET, a
sequence-to-sequence learning algorithm that copies text segments in source document at particular time
intervals. [28] used neural networks with a pointer-generator technique to respond to the off-vocabulary
issue. [29] build a large comprehensive Chinese corpus for the summary generation. [30] presented neural
network premised on distraction technique that permits to distract among various different segments of the
input text. [31] presented a neural network method based on semantic relevance that generates semantically
significant summaries of Chinese data.[32] employs a bidirectional LSTM encoder to generate an extractive
summary.

[39] capture semantics of text are and preserved it as a crucial component for summarization. The system
captures semantics and produces high-quality summaries using the distributional semantic model
Word2Vec. All the sentences are represented in their semantic extensions using word2vec by forming big-
vectors. ROUGE is employed to assess the performance of a summarizer on the DUC-2007, and the results
are compared with four existing baselines. The system generates summaries of the length of 25% and 50%
of the original document.

The main limitation of the machine learning-based and neural network approaches outlined above is that
they require massive data and effort to generate high-quality summaries. Moreover, the existing automatic
summarization methods concentrate on statistical attributes and ignore the text's semantics. Traditionally,
these automatic summarizers are built on the assumption that statistical features are central to the
summarization task, and miss an essential attribute of the text that is its meaning. This Research aims to
use text semantics as a feature to improve text summaries and will use text semantics at the fine-grained
level and then use the semantic features and the other surface features to produce better text summaries.
We aim to enhance the accuracy and evaluate the system against the existing baselines to prove our research
goal.

3. METHODOLOGY

This section describes the system for text summarization to produce the hybrid abstractive summarizer by
utilizing both supervised and unsupervised approaches. Our system will use text semantics at the fine-
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grained level and then use the semantic features and the other surface features to produce better text
summaries. Our system has 4 steps:

1) Preprocessing to remove noise and inconsistencies,

2) to capture semantics by the use of the semantic distributional model viz Word2Vec

3) to use vectors generated by the model for transforming sentences into separate bigvectors of highly
semantic extension,

4) clustering premised on semantic coherence and

5) Ranking algorithms rank sentences in each cluster to produce summaries by picking top sentences from
each cluster.
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Fig. 1 Overall working of the model

3.1. Preprocessing

Preprocessing is the primary and first step in our classification process. It cleans data for uniformity,
removes noise and inconsistencies. Our Preprocessing algorithm has the following steps:

i. Removing URL’s: URL’s are meaningless and, thus removed to reduce noise from the main text.

ii. Tokenization: Each sentence is split into words (tokens). We use Stanford Core NLP [33] for this process.
iii. Removing punctuation and numbers: Punctuations and numbers do not add any meaning during the
classification task and hence removed.

iv. Removing Stop-words: Stopwords are meaningless and do not emphasize any sentiment and, are thus,
removed to reduce noise from the main text.
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v. Lowercase: For the sake of uniformity, the text is converted to lower case. vi. Lemmatization: Next,
lemmatization is applied to words to reduce them to their stems. It is done using Stanford core NLP package
[33].
3.2. Procuring semantics by employing various Semantic Distributional Models:
For capturing the meaning of text, we employed semantic distributional models. Since distributional
semantic algorithms are trained on large scale datasets and are thus generic and used on different domains,
these algorithms do not require any lexical and linguistic tuning and hence act as excellent semantic models.
These algorithms are independent of other sources for procuring semantic extensions of text. The
distributional models are premised on the distributional hypothesis, which states that words used in the
same context have similar meanings. The following t models are employed to capture the semantic
similarity of text as text semantics are valuable and applicable in different methods like [35][36]. i.
Word2Vec: Word2Vec[34], a two-layer neural network, processes textual data and produces vectors for
each given word. Word2Vec uses a neural network architecture to transform input text into a series of word
tokens and produces vectors as output after processing. These generated vectors are rich semantically and
act as feature vectors. By utilizing these two layers of the neural network and series of computation, the
algorithm converts data into the format popularly known as vector space dimensional model. Word2Vec
has two architectures: CBOW Continuous bag-of-words () and Skip-gram model. CBOW predicts the
current word from its context and skip-gram predicts the context given the word.
3.3. Big- Vectors Formation We use word vectors generated by the model for transforming sentences into
separate big-vectors [36]. All the tokens of the sentence are fed to the three semantic model viz Word2Vec.
Then, the retrieved word vectors from each model are concatenated to generate their respective big-vector.
Thus, the three different big-vectors are used for transforming each sentence in the text into its highly
semantic extension.
3.4. Clustering
We will use a clustering algorithm to group each semantically coherent retrieved big-vectors into primary
clusters. K-means [37] clustering is used for clustering premised on semantic coherence.

3.5 Ranking Algorithm
The extracted summary is generated using our new ranking algorithm, by ranking the sentences in each
cluster. The ranking algorithm employs different statistical attributes like cumulative cosine coherence,
Cue phrases, length of sentence, noun and verb phrases, sentence position, Tf Idf and Proper Noun for
extraction of top n sentences from each semantically rich cluster.) Ranking algorithm rank sentences in
each cluster to produce summaries by picking top sentences from each cluster, normalizes them, and then
sums these scores to get the normalized score.

4. EXPERIMENTAL SETUP AND RESULTS

4.1 Dataset

We use the primary dataset acquired from the ACQUAINT corpus from the DUC-2007i (Document
Understanding Conference) [38]. The DUC is a set of summarizing activities, and since 2001, the NIST
(National Institute of Standards and Technology) has been working on a colossal text corpus to evaluate
automatic summarizers. This dataset contains News articles from the Xinhua News Agency and the New
York Associated Press. There are fortyfive separate topics in it, and each topic has significant 45 documents
linked with it. The NIST has developed four principal summaries of roughly 250 words for each issue that
serve as a baseline for other text summarizers

4.2 Baselines

We evaluated our results against the following state-of-the art existing systems given as:

GENSIM summarizer is an implementation of the TextRank algorithm TextRank is a graph-based ranking
system that calculates the importance of a sentence in the text, presented as a vertex, iteratively from the
graph's global state. If a vertex is linked to another vertex, the linking vertex receives one vote, increasing
the vertex's connectivity to other vertices and hence its rank.
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PKUSUMSUM is a Java summarization framework with ten summarization algorithms and support for
several languages. It also supports three summarization tasks viz: Single-document summarization, multi-
document summarization, and Topic-based multi-document summarization. It includes reliable and diverse
summarization approaches, and its performance is sufficient to serve as a benchmark for our review. It
provides various summarizing methods such as, Centroid, LexPageRank, and TextRank. We employed a
single-document summarizer with the LexPageRank algorithm for summarization in our evaluation These
systems use various summarizing techniques, therefore comparing our system's performance to theirs leads
to a full and extensive comparison. Furthermore, because these systems are open source, experiments can
be readily reproduced.

Average Summarization result of 50% summary length

Metric  Rouge Type Prop. Appr Gensim PELISUMSLUM
Pr ROUGE-1 01120004 ) 008 (D.013)  OuOFS [(Dul3)
ROFLME-2 0.140 (0051 ) s (0027 L0449 [OuDE |
ROFLME -1 0110006 ) O2d (0.012)  Ou0ZE [OUsD5 )
ROLNE-S0d 0.1 D007 ) 0021 (D.009)  OuDzd [OusS)
R ROFLNE-1 0248 (0.066) 0521 (0.188) L6495 DU |
ROWUGE-2 0791 (0.111) D875 0.066) ULES0 [Oud )
ROLME-L 0.451 (DL114) 0557 (L0585 ) OLS08 [ O )
RO E-S04 0.354 (0.01ZF) 047e{0.103) OLd2T [0S )
F1 ROFLME-1 D154k 005 ) OuEF (00237  OU1 34 [(0ui? )
ROWUGE-2 0230 (0047 | OB (0.045) U092 (014 )
ROLME-L 0171 00N0) O0aS (0.027) U053 (O
ROLGE-S14 D153 0,019) 00359 (0.171) Ou04S [(0uDTi)

As evident from the results of the summarization experiment, our proposed system performs better than the
state-of-art baselines and confirm the competitive efficiency of the proposed algorithm

As expected, recall values rise as summary length increases, but still remain lower than the
PKUSUMSUM.. Thus, we conclude usage of semantic features allows our system to generate better
summaries. As far as the evaluation of the summaries is concerned, the macro-average of the F-scores of
different ROUGE metrics is 18.25%, while as those for the other baselines is 6% for Gensim, 15% for
PKUSUMSUM for 25% summary length.

The use of semantics as a feature for text summarising system is attributed to higher F-scores of our system,
and thus we conclude that the system's performance for producing summaries increases with the use of
semantics. Furthermore, as compared to other baselines, we obtained higher precision and F-scores during
the system evaluation. Our approach has a poor recall since it rejects some sentences that are statically
different but semantically similar.

5. CONCLUSIONS AND FUTURE SCOPE
The research proposes a text summarization technique based on the distributional hypothesis for capturing
the semantics of the text in order to produce better summaries using text summarization. Our proposed
technique outperforms the baselines in terms of appropriateness, dependability, and throughput, as
determined by evaluation and comparative analysis. Our main conclusions are:
(1) capturing semantics and using it as a feature for summarization helps to improve the precision of our
summaries.
(2) combining semantic features along with other features tend to produce consistently good summaries.
(3) usage of distributional semantic hypothesis tends to produce good results in summarization work as
well. The primary disadvantage of the proposed system is that using distributional semantic model is
computationally expensive and time consuming.
Our future research will deal with (1) using more than one distributional semantic models for capturing
semantics in the text so that semantics are captured at the fine grain level;
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(2) Improvement of ranking algorithms by exploring more semantic features to be incorporated into our
ranking algorithms, as semantic features tend to improve overall system performance;
(3) testing the technique on more than one dataset.
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