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Abstract— Natural Language Processing (NLP) is a central regimen control of software engineering and Artificial Intelligence (Al), it
manages the collaborations among PCs and normal dialects. Man-made reasoning accentuates the displaying of human knowledge by
methods for machines. Sentence Textual Similarity (STS) is one of the centre components of Natural Language Processing (NLP).
STS survey the level of semantic likeness between two literary portions. In this day and age the correspondence is doing as short
content. Short content is utilized broadly in numerous structures, for example, News Headlines, Short Message Service (SMS), E-
sends, Tweets, Image Captions. Investigation of such crude printed information is average and uncover significant data. Short content
contains mind boggling and unpretentious data, it forces semantic and syntactic examination at an a lot further level than words or
reports. Consequently, there is a need of research to discover the likeness between the short messages.

Keywords— Artificial Intelligence, Natural Language Processing, Textual Similarity

I. INTRODUCTION

A neural framework is a PC structure exhibited subject to human cerebrum and troubled system. To
intertwine the human cognizance of typical language in finding the semantic printed closeness, a semantic
abstract comparability model is proposed which uses multi-layer perceptron model to get comfortable with
the lexical, syntactic and semantic features to deliver a neuron incorporate and to develop the multi-layer
perceptron model.

Semantic Textual Similarity (STS) measures the degree of semantic proportionality between two pieces
of substance. The scholarly parts are word phrases, sentences, areas or chronicles. In this recommendation,
sentences are considered as printed areas. The similarity is assessed using lexical, syntactic and semantic
information introduced in the sentences. Thusly, a closeness model ought to be created which joins the
lexical, syntactic and semantic features.

Lexical features measure the lexical equivalence between the two sentences. The standard course for
assessing the similarity is to recognize the words in the substance and alter the ten amount words lexically.
All the ordinary model structures the vector space model from the set of tokens embedded in the substance
by then find the cosine likeness between the vectors. The lexical likeness gauges work commendably for
greater records as that measure contains progressively ordinary words. Nevertheless, a great part of the
time lexical similarity measures are not sensible for short substance as they contain progressively
unobtrusive number of words in like way. It is difficult to find the equivalence between the short messages
when there have no ordinary words. The drawback with the vector space model is, that it never holds word
demand information.

Lexical closeness is moreover assessed using configuration planning computations. These counts
endless supply of the word game plan. A critical number of the examiners were used lexical similarity
evaluates in various applications, for instance, content chronicle packing and gathering, copyright
encroachment area, etc.

Syntactic features are used to check the structure and complex resemblance. For accomplishing syntactic
similarity linguistic structure tagger is required to mark the syntactic grouping for each word exists in the
substance. By then the marked corpus is divided into pieces. The pieces are balanced using heuristic
measures. Syntactic features are used in various applications, for instance, composed distortion
acknowledgment, Question taking note of systems, post-changing.

Semantic features deal with the significance of the words in the works. A word autonomously has
various ramifications. The significance of a word changes in different settings. Finding the significance of
a word is an irksome task. Semantic features are used in various employments of Natural Language
Processing (NLP, for instance, Machine translation evaluation, Text plot, Question taking note of system.
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Surveying the degree of semantic resemblance between two sentences is the structure square of various
NLP applications. Potential employments of NLP benefit from amazing Semantic Textual Similarity (STS)
techniques, for instance, Text overview where in STS is used in social occasion of semantic near sentences
[1], Machine translation appraisal: STS is used to check the degree of indistinguishable quality between
the machine delivered understanding and the referenced translation [2, 3], composed distortion
detection[4], question-answer evaluation[5], tweets search [6].

Content outline is the path toward solidifying the principal content by sparing the general significance. It
is difficult to summarize huge reports truly. Along these lines, there is a need of modified substance layout
gadgets. Customized content summation was finished by using extractive and abstractive framework
systems. Extractive layout technique incorporates picking the critical sentences, entries, etc., from the
main substance and connecting them. STS helps in social affair the similar substance and isolating the
layout. In abstractive diagram technique, inspect the substance and unite the substance into rundown.

Machine Translation (MT) is the system by which PC writing computer programs is used to unravel a
book from one trademark language, (for instance, Spanish) to another, (for instance, English). In MT
appraisal, STS measures the degree of proportionality between the human deciphered substance and the
machine deciphered substance.

Composed misrepresentation has become a relentlessly critical issue in the insightful world. The regular
manual area of composed distortion by human is irksome, not exact, and monotonous method as it is
difficult for any person to affirm with the present data. STS system is used to measure to what degree the
substance is replicated.

In Question noticing structure, the appraisal of answers depends upon the lexical, syntactic and semantic
similarity of the suitable reactions. Twitter is an Internet organization that offers a long range relational
correspondence and scaled down scale blogging organization that allows its customers to send and get
messages, called tweets. Tweets are content put together presents up with respect to 140 characters. The
tweets are requested depending upon the semantic printed closeness.

The objective of STS is to measure the degree of resemblance between a sentence pair in the range 0 to
5[7], where 0 shows both the sentences are inconsequential, 1 exhibits both the sentences are not
proportionate but instead discussing a comparable topic, 2 shows both the sentences are not equivalent yet
rather share a couple of nuances, 3 exhibits both the sentences are commonly indistinguishable anyway
critical information is missing or differentiated, 4 shows both the sentences are generally equivalent so far
some unimportant information changes and 5 exhibits both the sentences are thoroughly equivalent.

The objective of this assessment work is to improve the accuracy in measuring the semantic scholarly
likeness. The experts in evaluating the semantic artistic comparability used different approaches, for
instance, course of action based, vector space and Al. Game plan approaches calculates the closeness
between the words or articulations in a sentence pair and modifies the words or articulations that are
commonly similar, and subsequently take the quality or incorporation of courses of action as
comparability measure.

Vector space approach is a standard NLP incorporate structure approach addresses the sentence as sack
of-words, and the likeness is evaluated by the occasion of words or co-occasion of words or other
replacement words. Man-made intelligence approaches uses oversaw Al models to join heterogeneous
features, for instance, lexical, syntactic and semantic features of sentence pair. In this assessment wok
various combination of features are used to check the semantic artistic similarity between the sentence sets.
These features are isolated from the pair of sentences. In this work, a syntactic component and semantic
part is expelled from the sentence pair.

The guideline focuses of this investigation work are:

«  To study distinctive plan of features proposed by the experts for finding the semantic scholarly
similarity.
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«  To find the sensible features to extend the association between's the human clarified values given
for the sentence pair and the characteristics created by semantic artistic likeness model.

«  To study the hugeness of different features that can be expelled from the sentence sets for finding
the semantic printed similarity.

«  To develop another syntactic segment for assessing the syntactic association between the sentence
pair thusly extending the correctnesses in evaluating the semantic artistic resemblance.

«  To develop another semantic segment for assessing the semantic similarity between the sentence
pair in this manner extending the correctnesses in evaluating the semantic printed comparability.

«  To study different strategies proposed by various masters for assessing the semantic abstract
similarity with their advantages, issues, and constrainments.

*  To develop a multilayer perceptron model to address the burdens of the present strategies and to
extend the precision of semantic scholarly likeness.

«  The guideline objective is to gather asemantic textualsimilarity structure, which is produced subject
to different features isolated from the sentence sets and it evaluates the semantic artistic closeness between
the sentence pair. Therefore, incorporate extraction is the noteworthy development in finding the semantic
printed resemblance system. Recorded as a hard copy, the researchers proposed different features subject
to the various kind of datasets and applications. Segment 2 explains the present features and approaches in
evaluating the semantic printed similarity. This part moreover explains the enlightening record
characteristics and appraisal measure to surveying the display of Semantic Textual Similarity system.

»  Before building the backslide model, the features of a sentence pair are made. The sentence sets are
addressed as a vector of different features removed from the sentence pair..

Il. RELATED WORK

The methodologies for assessing Semantic Textual Similarity (STS) generally subject to vector, corpus
and feature. The vector-based procedure uses sack of-words to address the substance as a vector. The
corpus-based methods fuse Latent Semantic Analysis (LSA) [8] as a methodology for removing and
addressing the significant significance of substance, enlisting the similarity of words and sections by
separating the immense customary language content corpus.Feature-based techniques addresses a sentence
by delivering a great deal of features using lexical, syntactic and semantic information embedded in the
sentence.

The researchers comprehended that a singular component isn't sufficient to find the semantic printed
likeness. The fundamental and composite features are familiar with amass the component vector of a book
[9]. Basic features take a gander at solitary things of a book unit. Composite features are surrounded by
joining at any rate two basic features. The troublesome task in this procedure is finding the amazing
features that guides in assessing the semantic closeness and a required isclassifier to collect the model on
these features.

Mihalcea et.al., [10] has proposed two corpus base measures and six data based measures for finding the
semantic likeness among word and a method which combines the information isolated from the
equivalence of part words to process semantic closeness between two compositions.

Li et.al. [11], has proposed an independent procedure which enrolls the similarity between two messages
by combining both syntactic and semantic information. For getting the syntactic information the measure
used is word demand and syntactic information is evaluated with the guide of data base and corpus-base.

Islam et. al., [12] proposed a technique that evaluates the closeness between two messages by
normalizing three features, for instance, string likeness, ordinary word demand and semantic similarity.
The underlying two features string closeness and standard word demand similarity emphasis on syntactic
information however the semantic likeness highlight on semantic information and is resolved using corpus
estimations. These techniques for the most part engaged to recognize semantic similarities among the
words using data and corpus-based features. Some various procedures are locked in to recognize a
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progressively unmistakable number of features rather than setting up syntactic associations among the
terms present in the sentences

The beat systems in SemEval 2012 are generally centered around working up semantic relations among
the terms subject to the corpus. The hugeness of lexical, syntactic associations and data base features using
WordNet has not been thought of. In SemEval 2013 the dataset contains four interesting collections of data
that fuses HDL, FNWN, OnWN and SMT. The best model UMBC EBIQUITY-CORE [16] used LSA [17],
Knowledgesource (WordNet) and n-gram organizing systems for finding the degree of proportionality
between two sentences which scored a mean relationship of 0.6181 and achieved most raised association
for the datasets HDL and FNWN. The most raised association 0.8431 for OnWN dataset has achieved by
deft system which relies upon distributional closeness. The structure NTNU-CORE [18] used TakeLab
features, DKPro incorporates what's more with GateWordMatch feature and arranged the system using
Support Vector Regression(SVR) which achieved most noteworthy association 0.4035 for SMT dataset.

SemEval 2014 contains HDL, OnWN, Deftforum, Deft-news, Images and Tweet-news datasets. The

In SemEval 2013 and 2014, the centrality of word demand in its syntactic information has not tended to
by any of the beating structures. The datasets in SemEval 2015 are HDL, Images, Ans-understudy, Ans-
conversation and Belief. The best when all is said in done execution is cultivated by DLS@CU [22]
coordinated structure, which accomplishes a mean association of 0.8015. Two systems are created one is
solo structure which relies upon word courses of action between two data sentences and the other is an
independent structure which uses word plans and similarities between compositional sentence vectors as
its features. The independent DLS@CU [22] system has achieved a relationship 0.7879 for answer-
understudy dataset and the managed DLS@CU [22] structure has accomplished association 0.7390 for
Ans-conversation dataset. For Belief dataset IITNLP structure has accomplished the most important
relationship 0.7717. The structure Samsung [23] improved the UMBC-Pairing Words system by
semantically isolating distributional near terms, which achieves association of 0.8417 and 0.8713 for
highlights and pictures exclusively.

The beating system in SemEval 2016 is worked by Samsung_Poland_NLP_Team [24] with the most
raised relationship of 0.77807. The structure uses a troupe classifier, joining an aligner with a bidirectional
Gated Recurrent Neural Network and RAE with WordNet features. It similarly practiced a most raised
relationship 0.6923, 0.8274 and 0.8413 for the AnsAns, HDL and falsifying dataset exclusively. An
independent structure MayoNLP[25] has accomplished 0.74705 for Ques-Ques dataset, which is worked
by joining straightly a segment which relies upon lexical semantic nets with another component subject to
significant learning semantic model. The RICOH [26] system has achieved association of 0.8669, which is
an IR based structure that extends a normal IR-based arrangement by joining word game plan information.

In SemEval 2015 and 2016, the syntactic information is passed on using word solicitation and word
course of action. The ID of articulation substances and the relationship among the articulation components
using data and corpus base has not been tended to. In the present work, syntactic information as
articulations is perceived, along these lines the STS score has improved by and large on the SemEval 2016
dataset.

Out of the review it is perceived that the semantic association among the words that exists when seeing
sentences is finished using data base and corpus-based measures. The conspicuous confirmation of the
semantic significance of the word dependent upon the setting inside the sentence has not been tended to. In
the present work, semantic information is evaluated by recognizing the significance of the word dependent
upon the setting using the data base, thusly the STS score is improved on a very basic level on the
SemEval 2016 dataset.

111.PROPOSED METHOD AND IMPLEMENTATION

All Each sentence pair is addressed with lexical, syntactic and semantic features. Each individual
segment has a specific association with the sentence pair. Solitary component isn't adequate for assessing

VOLUME 14, ISSUE 5, 2020 1937 http://xadzkjdx.cn/



Journal of Xidian University https://doi.org/10.37896/jxul4.5/217 ISSN N0:1001-2400

the semantic similarity regard as there are less words in the sentences. Along these lines, there is a need to
use a multi-layer perceptron estimation which makes the new neuron incorporate and a multi-layer
perceptron model. The structure of proposed model is depicted in Figure 1.

In this model, lexical, syntactic and semantic features {F1,F2,... ,Fn} of sentence sets are given as
commitment to the model. A neural component NFi is delivered in each cycle i=1 to n. n is the amount of
the events the multi-layer perceptron model is readied.

The framework for finding the semantic comparability regard using the proposed model: Collect the
Sentence sets, Preprocess the sentence sets. Generate the lexical, syntactic and semantic features of the
sentence sets. The features created in the Step 2 are given as commitment to the dimensionality decline. In
the dimensionality decline steps, a great deal of features are picked. The picked features are given as
commitment to the multi-layer perceptron figuring to set up the model. The readiness is reiterated n
number of times. In each cycle a model is made and another neural component NFiis delivered. The
picked features of the testing dataset given to learned model to make the neural component and to assess
the semantic equivalence regard.

Training Phase
Selected .
Features i=lton
F —p| Dimensionality of
Reduction Training
—> dataset
F Yes
> — Pl
A
F—>
Dimensionality
Reduction
No
A 4
Selected Feat
elected Features
v
Multi-layer Perceptron
v
NF;
h 4 Testing Phase i=1ton
Selected Features of v
Testing dataset in each
iteration i > Learned Model i
A. Phrase Entity Aligni i
An expression su ) " portraying
words. The proposs : present in
v

Similarity Value

Figure 1: Semantic Textual similarity System
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each sentence. Besides, the semantic closeness score between two expression substances is determined
utilizing the information and corpus-put together component with respect to words. The expression
substances present in one sentence are lined up with the expression elements present in other sentence
dependent on their greatest semantic similitude score between them. At last, the STS between two
sentences is estimated by consolidating the semantic similitude scores of all adjusted expression elements.

An expression substance is shaped with zero or one determiner, at least zero descriptive words and a
thing. The semantic comparability is registered between each pair of sentence express elements utilizing
WordNet and earthy colored corpus. The system for adjusting the expression substances and for
registering the comparability between two expression elements is clarified in the calculation PEAlign_Sim.

An expression element framework (pe_matrix) of measurements mxn is built with the semantic
comparability esteems between state substances where 'm' and 'n' speaks to the quantity of expression
elements in the primary sentence and second sentence appropriately. Recognize the greatest worth ‘e’ from
the pe_matrix that demonstrates the most comparative expression substances from two sentences. At that
point these two expression substances are adjusted. The likeness esteem (sim) is refreshed with the
greatest worth 'e’. At that point the comparing line and segment of the most extreme worth are expelled
from the pe_matrix. The procedure is rehashed until all expression substances from these two sentences
are adjusted. The general expression substance comparability (pe_sim) between two sentences is
determined as the proportion between likeness esteem and to the most extreme number of expression
elements in the sentence pair.

Algorithm PEAlign_Sim(pe_matrix, m, n)
Phrase Entity matrix pe_matrix, size of the
matrix m,n
begin
sim «— 0
while pe_matrix is not empty

do
find i, j of
maximum element e in
pe_matrix
add e to sim
delete ith row and
jth column from pe_matrix
end while
pe_sim « sim/max(m,n)
return pe_sim
end

The following example demonstrate the procedure to calculate the similarity value between two
phrase entities.

s1: a little yellow dog jumping on a black cat.

s2: a yellow dog jumping on a shiny black kitten.
POS tagging:

sl: [[(a', 'DT", (little, '3J"), ('yellow', 33", (‘dog’, 'NN"], [(a', 'DT"), (‘black’, "3J"), (‘cat.’, 'NN"]]

s2: [[(a', 'DT"), ('yellow', '3J), (‘dog’, ‘NN, [(‘a, 'DT"), (‘shiny','dJ"), (black’, 'JJ"), (kitten.", 'NN"]]
In s1, there are two phrase entities:

PE11: a little yellow dog

PE12: a black cat
In s2, there are two phrase entities:

PE21: a yellow dog

PE22: a shiny black kitten
Where, PE11, PE12 are the phrase entities in sentencel and PE21, PE22 are the phrase entities in
sentence?2.
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PE Matrix:

sim = 0.9475+0.2514=1.1989

pe_sim=0.59945.

https://doi.org/10.37896/jxul4.5/217

PE11 PE12
PE21 0.9475 0.247
PE22 0.3829 0.251

Table 1 depicts the number of pairs used for training the model and evaluating the model.

TABLE | Mapping of Test set with training sets

ISSN No0:1001-2400

Test Set

No. of test pairs

Training Sets

No.of
training Pairs

Tota

training pairs

I No.of

Answer-
Answer

254

answer_students 2015

750

belief 2015

375

1125

Headlines

249

MSRpar 2012

1500

SMTnews 2012

750

deft_news 2014

300

headlines 2013

750

headlines 2014

750

headlines 2015

750

images 2014

750

images 2015

750

6300

Post-editing

244

deft_news 2014

300

deft_forum 2014

450

SMTnews 2012

750

1500

Question-
Question

209

deft_news 2014

300

deft_forum 2014

450

belief 2015

375

1125

Plagiarism

230

MSRpar 2012

1500

SMTnews 2012

750

deft_news 2014

300

headlines 2013

750

headlines 2014

750

headlines 2015

750

images 2014

750

images 2015

750

6300

B. Textual Similarity Model

The target of STS model is to quantify the level of proportionality in the range [0,5] between a sentence
pair, where 0 demonstrates both the sentences are unessential, 1 shows both the sentences are not
proportionate but rather examining about a similar theme, 2 shows both the sentences are not equal but
rather share a few subtleties, 3 demonstrates both the sentences are generally equal however significant
data is missing or contrasted, 4 shows both the sentences are for the most part comparable as yet some
immaterial data varies and 5 demonstrates both the sentences are totally equal.

The Lexical and syntactic highlights are consolidated utilizing relapse models, for example, Support
vector machine [34] and utilizing different outfit strategies, for example, irregular woods, packing and

boosting [35].
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Figure.2 Semantic textual similarity system

The regression algorithms are used to build the model as the degree of semantic similarity is a
continuous value scaled from 0 to 5. The importance of lexical, syntactic and semantic features, the
influence of the proposed syntactic feature ‘phrase entity alignment’ on semantic textual similarity are
evaluated by building a learnt model using various regression techniques.

For evaluating the model Pearson correlation coefficient is used as evaluation measure. Pearson
correlation coefficient is used to measure the relationship between two continuous valuedvariables. The
value will range from -1 to 1, where [- 1,0) indicates the variables are negatively correlated, O indicates
both the variables are independent and (0,1] indicates they are positively correlated. The value
approaching to 1 indicates the positive correlation is increasing between two variables. 1 indicates they are
perfectly correlated. The Pearson correlation coefficient 7’ is calculated between two variables x’and ‘y’
as follows:

n

206 =X)(y,~Y)
r=——22 Eq. (1)

Ji(xi -5 Ji(yi -3y

Where xi and yi represents ith value in vectors x and y respectively, n represents the number of values in
the vector, xand yare the mean values of x and y vectors respectively.

n
R
X— i

n Eq (2)

IVV.RESULTS AND DISCUSSION

The outcomes in Table 2 portray the significance of syntactic highlights and impact of PEA highlight to
ascertain the level of semantic printed similitude. To show the impact of PEA include, the trials are
conveyed with the blend of PEA and all other syntactic highlights.
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From the outcomes, it is seen that the PEA highlight improves the relationship between's framework
produced closeness worth and human explained esteem. The models introduced beneath shows the impact
of PEA on sentence sets.

S1: There are two interesting points. S2: a few interesting points.

The human clarified comparability esteem is 4for this sentence pair. The comparability esteem between
these two sentences utilizing all lexical and syntactic highlights without (WO) including PEA is 3.96 while
with (W1) incorporating PEA with every single other component is 4.10.

To discover the likeness between the reports cosine similitude is registered between the tf-idf vectors of
the archives. In this way, the consequences of tf-idf is additionally delineated in Table 3. The standard
framework is constructed utilizing one-hot coding. In one-hot coding each sentence is spoken to as a
vector. The vectors are worked by utilizing various words present in the two sentences. On the off chance
that a word in the vector is contained in the sentence, at that point the incentive in the vector is 1 in any

case 0.
TABLE 11l Comparison of system built using Lexical and Syntactic, Semantic and combined
features with standard tf-idf and with best performing system

Datasets
System N ion-
Answer Headlines Plagiarism Post-editing Question
Answer Question
Tf-idf 0.4426 0.6649 0.6636 0.8001 0.1120
Baseline 0.4113 0.5407 0.6960 0.8261 0.0384
uwB 0.6214 0.8188 0.8233 0.8208 0.7019
Lexical and Syntactic
features with | 0.6188 0.7543 0.8252 0.8408 0.5906
PEA(Proposed)

For measuring the similarity between two sentences the cosine similarity between two sentence vectors is
calculated. The comparison is done between tf-idf, baseline system, UWB system which is one of the top
performed system inSemEval 2016 and the modelsbuilt using lexical and syntactic features with PEA
Table .3. The results show that the correlation is improved when the model is built with lexical, syntactic,
semantic, and PEA feature. For Question_Question dataset the baseline system and the tf-idf system
performed toolow because these two systems work on lexical overlap features. But the sematic textual
similarity between the two questions depends on the meaning of the content words rather than the non-
content words. Therefore, the results in the Table 3 for Question_Question depicts that semantic features
have more influence than the other features. The plagiarism dataset contains lexical overlaps in the
sentence and the syntactic structure of the sentence. So, the lexical and syntactic features have more
influence for the plagiarism dataset.

For all the five datasets in SemEval 2016 corpus, it is observed that the proposed semantic textual
similarity system improved the correlation between system generated values and human annotations
present for the sentence pair in the dataset. The results in Table 5.1 depicts the comparison between the
existing systems and the proposed system which uses multi-layer perceptron algorithm in building the
model. The comparison is carried out between tf-idf, baseline system, UWB system which is one of the
top performed system in SemEval 2016 and the models built using lexical, syntactic and semantic
featuresusing regression algorithms, the systems built using the Deep Structured Semantic Model (DSSM),
Convolution Deep Structured Semantic Model (CDSSM)and the proposed semantic textual similarity
model. The results show that the correlation is improved with the proposed semantic textual similarity
system.
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Table IV: Comparison of Proposed Semantic Textual Similarity System and Existing Systems

Datasets
Answer-
System Answer Headlines Plagiarism Post-editing | Question-Question
Cosine for Tf-idf 0.4426 0.6649 0.6636 0.8001 0.1120
Baseline 0.4113 0.5407 0.6960 0.8261 0.0384
UwWB 0.6214 0.8188 0.8233 0.8208 0.7019
0.6206 0.7842 0.6842 0.8145 0.7022

Random Forest

. 0.6530 0.7386 0.6544 0.8312 0.6903
Bagging

. 0.6491 0.7654 0.5263 0.8457 0.6662
Boosting
SVM 0.5101 0.7229 0.7595 0.766 0.6122
DSSM 0.5895 0.7269 0 0.8178 0.7204
CDSSM 0.5112 0.7300 0.02 0.7837 0.6802
Proposed Semantic Textual 0.7032 0.8350 0.8404 0.8592 0.7499
Similarity System

V. CONCLUSIONS

The An epic component Phrase Entity Alignment has proposed and evaluated on SemEval2016 test
educational file. It parcels the sentences into a ton of articulations and connection is performed on the
articulations. The most near articulations are balanced and the similarity between the articulations are
assessed. The proposed incorporate is surveyed and differentiated and benchmark structure and top
performing system presented in SemEval 2016 workshop. From the got results, it is seen that the proposed
framework is playing out all around differentiated and other state of-workmanship models. It in like
manner recognized that the introduction of the proposed model is low for highlights dataset. The
conceivable clarification is that the highlights words are eye smart words and the words presented in the
highlights may not reflect the authentic substance presented in the article. According to STS task
definition the scores are given out subject to the fairness of thoughts and on the criticalness of the thoughts
that are absent or differentiating in the sentences. PEA perceives the thoughts anyway doesn't address the
hugeness of a thought and the relationship among the thoughts that exists inside a sentence which ought to
be tended to. To help up the display of the proposed system for highlights dataset, there is a need to
examine an increasingly broad combination of hotspots for semantic features.

In this work, a semantic artistic likeness system is proposed and surveyed on SemEval2016 test dataset.
In the proposed model the multi-layer perceptron count is used in this system to create the neural
component and to assess the degree of semantic printed equivalence. The proposed system is evaluated
and differentiated and benchmark system, top performing structure presented in SemEval 2016 workshop,
the models delivered from various backslide figurings that uses the lexical, syntactic and Semantic features,
Deep Structured Semantic Model (DSSM) and Convolution Deep Structured Semantic Model (CDSSM).

From the got results, it is seen that the proposed structure is playing out all around differentiated and
other state of-workmanship models. It in like manner recognized that the introduction of the proposed
model is performed well when differentiated and DSSM and CDSSM for all the datasets. In this work, two
new features are proposed, and a semantic artistic likeness structure is proposed. A syntactic component,
express component course of action which isolates the sentence into a great deal of articulations and
assessment is performed on the articulations. The most near articulations are balanced and the closeness
between the articulations are evaluated. This component kept an eye on the issue of semantic association
between the articulations and the word demand. The proposed syntactic component improved the accuracy
for all the datasets except for highlights dataset.

An epic semantic component, word sense with data base is proposed and surveyed on SemEval-2016
test dataset. The sentences are marked with sense, with the guide of data base. The closeness between the
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two sentences is assessed as the cosine similarity between the sense vectors of the sentences. This
component keeps an eye on the semantic association between the words in the sentence and it perceives
the setting of the word that is used in the sentence dependent upon various words present in the sentence.
The proposed semantic component improved the exactness for all the datasets. The proposed features are
adoptable for any caring backslide model. A semantic printed closeness system is proposed which uses the
multi-layer perceptron computation to make another component and amass the model to assess the degree
of semantic scholarly likeness. The new model takes less features diverged from significant sorted out
semantic models and convolution significant structures semantic model. Theproposed model
addresseshigh dimensionality and getting the associations between the features. This model tops in as an
added off model for different applications, for instance, question-answer appraisal, unimaginativeness
distinguishing proof, highlights, post changing.

In this work, the association 0f0.7032 for Answer-Answer dataset,0.8350 for Headlines, 0.8404 for
Plagiarism dataset, 0.8592 for Post-adjusting dataset and 0.7490 for Question-Question dataset is gotten.
All things considered, the philosophies for finding the semantic scholarly similarity achieve higher
relationship for all the datasets when diverged from the present models. As a future work, tests ought to be
performed to make the new features and the new semantic scholarly closeness system to extend the
association between's the foreseen characteristics and the human clarified values for the sentence pair.
Further it is planned to survey this procedure on different datasets similarly as to examine the application
unequivocal features to improve the introduction. It is proposed to develop a customary system which
delivered the application unequivocal component.

REFERENCES

[1] Vishal Gupta, “A Survey of Text Summarization Extractive Techniques”, Journal of Emerging Technologies in Web
Intelligence, Vol. 2, No. 3, August 2010.

[21 Banerjee, S. and Lavie, A,“METEOR: An automatic metric for MT evaluation with improved correlation with human
judgments”. In Proc. of the ACL Workshop on Intrinsic and Extrinsic Evaluation Measures for Machine Translation
and/or Summarization, pages 65-72, Ann Arbor, Michigan. 2005.

[3] JuriGanitkevitch, Benjamin Van Durme, and Chris Callison-Burch, Ppdb: The paraphrase database”. In Proc. of the 2013
Conference of the North American Chapter of the Association for Computational Linguistics: Human Language

Technologies, pages 758-764, Atlanta, Georgia. 2013.
[4]  Paul Clough, Robert Gaizauskas, Scott SL Piao, and Yorick Wilks, “Meter: Measuring text reuse”. In Proc. of the 40th Annual Meeting on Association
for Computational Linguistics, pages 152—-159. Association for Computational Linguistics, 2002.

[5] Erwin Marsi and EmielKrahmer,“Explorations in sentencefusion”, In Proc. of the European Workshop on Natural
Language Generation, pages 109-117. Citeseer,2005.

[6] Bharath Sriram, Dave Fuhry, Engin Demir, HakanFerhatosmanoglu, and Murat Demirbas, “Short text classification in
twitter to improve information filtering”, In Proc. of the 33 international ACM SIGIR conference on Research and
development in information retrieval, pages 841-842, 2010.

[71 A. Eneko, B. Carmen, C. Claire, C. Daniel, D. Mona, A. Aitor Gonzalez, G. Weiwei, G. Inigo Lopez, M. Montse, and M.
Rada, “Semeval-2015 task 2: Semantic textual similarity, english, spanish and pilot on interpretability”, In: Proc. of the
9th international workshop on semantic evaluation, Denver, Colorado, pp.252-263, 2015.

[8] P.D. Turney, “Mining the web for synonyms: PMI-IR versus LSA on TOEFL”, In: Proc. of the 12th European Conf. on
Machine Learning, Freiburg, Germany, pp.491-502, 2001.

[9] V. Hatzivassiloglou, J. Klavans, and E. Eskin, “Detecting Text Similarity over Short Passages: Exploring Linguistic
Feature Combinations via Machine Learning”, In: Proc. Joint SIGDAT Conf. on Empirical Methods in NLP and Very
Large Corpora, MD, USA, pp.203-212,1999.

[10] M. Rada and C. Courtney, and S. Carl, “Corpus based and knowledge-based measures of text semantic similarity”, In:
Proc. of the American Association for Artificial Intelligence, Boston, Massachusetts, pp.775-780, 2006.

[11] Y. Li, D. McLean, Z.A. Bandar, J.D. O’Shea, and K.Crockett, “Sentence similarity based on semantic nets and corpus
statistics”, IEEE Transactions on Knowledge and Data Engineering. Vol.18, Issue 8, pp.1138-1150, 2006.

[12] A. Islam and D. Inkpen, “Semantic text similarity using corpusbased word similarity and string similarity”, ACM
Transactions on Knowledge Discovery from Data, Vol. 2, No. 2, Article 10, July 2008.

[13] E. Gabrilovich and S. Markovitch, “Computing SemanticRelatedness using Wikipedia-based Explicit Semantic Analysis”,
In Proc. of the 20th International Joint Conf. on Artificial Intelligence, Hyderabad, India, pp.1606-1611, 2007.

[14] G. Weiwei and D. Mona, “Weiwei:A simple unsupervised latent semantics based approach for sentence similarity”, In
Proc. First Joint Conf. on Lexical and Computational Semantics, Montreal, Canada, pp.586-590, 2012.

VOLUME 14, ISSUE 5, 2020 1944 http://xadzkjdx.cn/



Journal of Xidian University https://doi.org/10.37896/jxul4.5/217 ISSN N0:1001-2400

[15]
[16]
[17]

[18]

[19]

[20]

[21]

[22]
[23]

[24]

[25]
[26]
[27]
[28]

[29]

[30]

[31]

[32]
[33]

[34]
[35]

[36]

[371

B. Sumit, S. Shrutiranjan, and K. Harish, “sranjans: Semantic Textual Similarity using Maximal Weighted Bipartite Graph
Matching”, In Proc. First Joint Conf. on Lexical and Computational Semantics, Montreal, Canada, pp.579-585, 2012.

H. Lushan, A.L. Kashyap, F. Tim, M. James, and W. Johnathan, “UMBC EBIQUITY-CORE: Semantic Textual Similarity
Systems”. In Proc. Second Joint Conf. on Lexical and Computational Semantics, Georgia, USA, pp.44-52, 2013.

S. Deerwester, S. T. Dumais, G. W. Furnas, T. K. Landauer, and R. Harshman, “Indexing by latent semantic analysis”,
Journal of the American Society for Information Science, Vol. 41, Issue 6. pp:391-407, 1990.

E. Marsi, H. Moen, L. Bungum, G. Sizov, B. Gambéck, and A. Lynum, “NTNU-CORE: Combining strong features for
semantic similarity”, In Proc. Second Joint Conf. on Lexical and Computational Semantics, Georgia, USA, pp.66—73,
2013.

M.A. Sultan, B. Steven, and S. Tamara, “DLS@CU:Sentence similarity from word alignment”, In Proc. of the 8th
International Workshop on Semantic Evaluation, Dublin, Ireland, pp.241-246. 2014.

A.L. Kashyap, H. Lushan, Y. Roberto, S. Jennifer, S. Taneeya, G. Sunil, and F. Tim, “Meerkat Mafia: Multilingual and
Cross-Level Semantic Textual Similarity Systems”, In Proc. of the 8th International Workshop on Semantic Evaluation,
Dublin, Ireland, pp.416-423, 2014.

A. Lynum, P. Pakray, B. Gamback, and S. Jimenez, “NTNU: Measuring Semantic Similarity with Sublexical Feature
Representations and Soft Cardinality”, In Proc. of the 8th International Workshop on Semantic Evaluation, Dublin, Ireland,
pp.448-453, 2014.

M.A. Sultan, B. Steven, and S. Tamara, “DLS@CU: Sentence Similarity from Word Alignment and Semantic Vector
Composition”, In Proc. of the 9th International Workshop on Semantic Evaluation, Denver, Colorado, pp.148-153, 2015.
H. Lushan, M. Justin, C. Doreen, and T. Christopher, “Samsung: Align-and-Differentiate Approach to Semantic Textual
Similarity”, In Proc. of the 9th International Workshop on Semantic Evaluation, Denver, Colorado, pp.172-177, 2015.

R. Barbara, P. Katarzyna, C. Krystyna, W. Wojciech, and A. Piotr, “Samsung_Poland NLP_Team: Necessity for diversity;
combining recursive autoencoders, WordNet and ensemble methods to measure semantic similarity”, In Proc. of SemEval-
2016, San Diego, California, pp.602-608, 2016.

N. Afzal, Y. Wang, and H. Liu, “MayoNLP: Semantic Textual Similarity based on Lexical Semantic Net and Deep
Learning Semantic Model”, In Proc. of SemEval-2016, San Diego, California, pp.674-679, 2016.

H. Itoh, “RICOH: IR-based Semantic Textual Similarity Estimation”, In Proc. of SemEval2016, San Diego, California,
pp.691-695, 2016.

Clive Best, Erik van der Goot, Ken Blackler, Teofilo Gar- “ cia, and David Horby, “Europe Media Monitor - System
description”, In EUR Report 22173-En, Ispra, Italy, 2005.

Paul Clough and Mark Stevenson,“Developing a corpus of plagiarised short answers”, Language Resources and
Evaluation, Vol. 45, No. 1, pp.5-24, 2011.

Christopher D. Manning, Mihai Surdeanu, John Bauer, Jenny Finkel, Steven J. Bethard, and David McClosky,“The
Stanford CoreNLP natural language processing toolkit”, In Association for Computational Linguistics (ACL) System
Demonstrations, pp. 55-60, 2014.

Lucia Specia,“Exploiting objective annotations for measuring translation post-editing effort”, In 15th Conference of the
European Association for Machine Translation, EAMT, pp. 73-80, Leuven, Belgium, 2011.

Philipp Koehn, Hieu Hoang, Alexandra Birch, Chris Callison-Burch, Marcello Federico, Nicola Bertoldi, Brooke Cowan,
Wade Shen, Christine Moran, Richard Zens, Chris Dyer, Ond rejBojar, Alexandra Constantin, and Evan Herbst, “Moses:
Open source toolkit for statistical machine translation”, In Proc. of the 45th Annual Meeting of the ACL on Interactive
Poster and Demonstration Sessions, ACL 2007.

Stack Exchange, Inc. 2016. Stack exchange data dump. https://archive.org/details/ stackexchange.

Gunes Erkan and Dragomir R. Radev, “LexRank:Graph-based lexical centrality as salience in text summarization”, J. Artif.
Int. Res., Vol. 22, No. 1, pp. 457-479, 2004.

V.Vapnik, “The Nature of Statistical Learning Theory”, Second Edition, Springer, New York, 2001.

L.Breiman, “Bagging. Technical Report No. 4217, Partially supported by NSF grant DMS 9212419, Department of
Statistics. September 1994.

P. Huang, X. He, J. Gao, L. Deng, A. Acero, and L. Heck, “Learning Deep Structured Semantic Models for Web Search
using Clickthrough Data”, In: Proc. ACM International Conf. on Information and Knowledge Management, San Francisco,
California, USA, pp.2333-2338, 2013.

Y. Shen, X. He, J. Gao, L. Deng, and G. Mesnil, “A Latent Semantic Model with ConvolutionalPooling Structure for
Information Retrieval”, In: Proc. ACM International Conf. on Information.

VOLUME 14, ISSUE 5, 2020 1945 http://xadzkjdx.cn/



