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A Survey on Short Text Similarity Measurement
Methods
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Abstract

Measuring similarity between two text snippets is an essential yet challenging task in many Natural
Language Processing problems. Various methods have been proposed over the past years to measure
text similarity. This survey reviews more than 150 of these papers, classifies them into three categories,
and discusses their pros and cons. The first category includes lexical methods that only focus on the
surface similarity of the text pairs. In edit-based lexical methods, texts are considered as a sequence of
characters; while in set-based and vector-based methods, they are treated as tokens. There are some
methods that consider texts as a mixture of characters and tokens as well. Some recent studies use
modern deep learning techniques for detecting lexical similarity in alias detection and near-duplicate
detection tasks. The edit-based method is a good choice for similarity detection at the word and phrase-
level, but it is not suitable for sentence similarity calculation. The hybrid method outperforms other
methods in lexical similarity measurement because of taking care of similarity in both word and
character levels. The second category includes semantic methods that take into consideration the
meaning of the words using either a pre-prepared knowledge base like WordNet or corpus-based
methods. These methods define sentence-level similarity as an aggregation of word-level similarities.

* Corresponding author Ol Hloouge 34-%-:95*

OY 2l Vol V.Y JLlo gy ranllan £ o5 @ VEV/\+/VF ¢ Licil G )b @ VFY/UD 1bpdy G, @ VENVTY e Syl fu b @


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

Some knowledge-based methods calculate the word similarity based on the length of the path between
the two words in the knowledge base, while some recent studies use novel WordNet embedding methods.
The high cost of creating and maintaining the knowledge base is one of the main disadvantages of these
methods. On the other hand, corpus-based methods calculate the words relatedness based on the
distributional hypothesis. The count-based and predict-based approaches are some representative
methods in this category. Recent studies show that using modern deep learning techniques like
Transformers and Siamese networks to create a contextual word/document embedding outperform
other methods in the semantic similarity measurement. The final category includes the hybrid methods
that take advantage of different methods. Some methods in this category use syntactic parsing. However,
high-quality syntactic parsers are not present for many languages and using them has some side effects
on the overall speed of the system. Furthermore, this study also identifies the main datasets and
evaluation methods that can be utilized for the short text and sentence similarity measurement.

Keywords: short text similarity, lexical similarity, semantic similarity, natural language processing,
sentence embedding, transformer
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(Figure- 1). Comprehensive taxonomy of short text similarity approaches
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(Figure- 3): Word embedding approaches based on machine
learning techniques
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(Table-1). Sentence similarity measurement methods based on word embeddings
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(Figure- 4): Direct sentence embedding approaches
AU g ©)goa Sez I8 1 adgi —F-Y-T-)
Y-\¥ JlL ,o ParagraphVector L Doc2Vec ¢!
gy cnl o DAL as )l 5 ol Sangyy g
g oo pll 00,88 oy 55 90 oS 5 b b (2Ll
O g SlelS oty 5l Jol> a5 PV-DM ls 5,
plad smion 3l Jeol> a5 PV-DBOW jls 5 5 ol
PSS R PR g B T COWRP LIV EUPET SN CRITE VIR N L g
($555) mimzr (gekeosy b Lajpe oliwl s0ls (g,
Gl 5l cwles,S )15 1) e #5 YYY als
3wl solwl ege sloo IS o Doc2Vec
btz 18] ()b jlas] cagehe pbalin S
V] alise cosls! Sluls g [VVe]oT3 @bl o
Cesloazs &l 1 sl (g lailiwl Sbj,l andlas

o Y4V Jls o Skip-Thought ¢8I ;o
sly Word2Vec oo ,680l SkipGram L b ool
orals b oI aSsy0b V] 09 (s5luans SMlex
WS o 1 Of ool ez s jge Alex
5 &8s dasmolis SICK oosls (g5, oaliplxl oLl

A5 g Gy Jld g eszn lagSl o>

Ohigel e oSN pl s el DMlax (Sl gdj

OY ola ¥ o)kl VFeY JLe


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

oligs Ugie Rl SO YY) 22 6190

B T R R N N I Ty

L (bt pliin] glocwsp  poie) SBERT
(bes) ollS iy, po i) [VYV] DefSent

LB (gie pliss miwiigolin o 30 9 05l0 s oo

AR 0 ul.,...; ]) Ql Cdo

5 5 Fiplin gba g, -F
Slp serge slagty, gl omia slagie o
9 bl g ot Wl olae 5 (i) (riwgplic
Gloiss, ) ppe Kiws b oylil slSe yles
Slp & aee olaghy, Olex (rielqolis
@ olre g B glaghs; elyl bl 5 spSo e
Slalllas 51 S o sl K0S b byl oS
Jelo i slaghy) Sl Ble slaghy, pedle 5
adl ccanlons ooletnl j8 Dlex g9 sl
3979 gl (oled slp SLdSL g0 sl S oS
wlp ol cep ol GRS la s asly
Jsaz 50 s e el ety 5 | (iwigelie
Doz (riwgplie (o255 slaghy, 5l s d (1)

Cewloads &l)l plas o ls s> ol en a

oliaS (ygin (Fawaline (5010 ac gozxo
oS oy oz kel il e
973 s igaline slaei ;o8 2L k)l s 2l
.b.wy OM‘S)‘A?W)J .))L.\JL».M)‘ zé‘bdsgw &
sl 8,5 o gla s alex 5 el Ll
Ol 0 d57se oy M GomiSen 5 VeSS a (g
como 5l ekl ey [VYATVE] 55 oLl
Ja...uj.: )Ja.u))ﬁ.o sols el wl...n ‘QS'LGH Lfl'bw)’
ol el (Kl g 00l (6,105 iz py danine o3
Bghaid) Sl e Sl ol bl Glyea
S ez S8 e 8158 ) il g e
Jo plarle 4 5 e cadin deloged Wb
S DDV Logd a5 VLS asla
sloo,S Slooged  (n 5 sl
ooldacgaze ;o odddid 5S4 ool riwigoliv
(e Sz ool aS iy pas Lol STS-B

LS)‘K%M*-?)‘.

Gyn htel ol Sedice ools Lz b io I ol
Sggmia gl KuGa e 90 alid (e

UL EFL pU L 50 oSl 0l Sagas &45 .cawloads
Wl o olie Hlaws LS a5 cuslons yacie
Cawlools ylid 03 5l rwgalice

g 6l obg, VYA Jls o GenSen (5451
25 5B ol bl oyt 5l o shaneniz Lol
e S ol VY] cdles S wil)) calises Jslans
oz gt Gbol s oz 52 5ok oS5
ok gl 5 5976 S5z (edle Laz i (y3elym
M50, 6N AL 2 GRU (g lene il oslaial b (oo
Ao slosls dcgeme jo ol SIS 5 celiS i, g
Cawloads sy

ipgh o dawss YoVA Jls ;0 T USE (5451
g Sl Gaa DDA clleas wl) 5SS
GrSol Ojgoas oolatul gly (oolailinl (6,35 5,
S5 €5 5 iy ol 5 ol oo b 5 Jla
lie s s3I clons slaiy il
GRIBl  SllS anln g ey5hei s (s lene 5l oolinad
3oolainl b g (6931 a5 Jl> jo caiils 35 a5 cds
Cnl 0,18 58 el e s (Kodn (i385 TDAN oSl
i s b ol el Wlee an 1 g,
sy 5 SlallSe o guly sleii (el Do
s Sl Gl S e Sty DMl
J5e5 oS i (yuizmed g 00l ploul SemEval-201700ls
@ "Talk-t0-BoOK usgyw ;o ¢35 ool 5l slasens ;|
il (IS osie 5 gline spier sk
Cewlos S

oads &8l,l Y+ 14 Jls ,o Sentence-BERT (45!
5 0 ol a5 5l osliul b cugalive ali 6,050k & s
" 5:55 el & Zolgs o 5 BERT al y sl sl
e [VVa] sl 0 NLI ools 5l solaiwl b oI
g b Lis DB, WS ol 65,5
Saday 500 slaghs; b awlie ;0 5 (riwgplie
By IS b a5 sbay 1edos S Iy I3
Sl 7O 5l slaboz im0 acgazme (yle ;o ail)8 ()l
51 ooliziul b 4l iy 4 ROBERTa § BERT slasSJl o
3315 dsgazme (59, o8I (nl (2B Ceslosn; g ()
A Camnd g Mo, S 31 Sl g 00l o, 5 STS
BERT slojlon 5l x50eSle psiine slaghs,
G5 pl oSy 4 Sldlas Sy o el OldS Sl5lay

7 Saturation

8 Homogeneity

9 Inter-Coder Reliability & Agreement
0 Kappa

OV by ¥ o,k VFeY JLs

! General Purpose Sentence Representation
2 Universal Sentence Encoder

% Deep Averaging Network

4 https://books.google.com/talktobooks/

5 Siamese Network

® Fine-Tuning



https://books.google.com/talktobooks/
http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

Sl bl g cpplin pae bamoplis yas Lol
[yeo].cul SRS e 90 dioudian wlid Bases lis

oS (ygho (oS ¥ (Fmiaaline WYL (o) 2 :() - Jgu)
(Table- 2): Hybrid short text similarity measurement methods

slel Lo sl dlone 893 sl &y Cplie Soplie Cplie e [ U
Pearson i sl skl sl S579 e Sy | gl bl Oy g5
SemEval . . LCS, UKP
0.823 2012-en Regression - - ESA Resnik Ngram 2012 [122]
WordNet
Support
SemEval NER , ~ S Takelab
0.813 2012-en Vecto_r Number. LSA EL Y] Ngram | 2012 [123]
Regression B0l
WordNet »LCS
Gaussian WSD L .
0.866 SZ%TE \éil Processes - - - ’ ' @M 2013 Pl[lle;‘\{]ar
Regression bpogss | s ASLE
Pagerank als
Support Syntactic
SemEval NER, _ ; LCS, Severyn
0.881 2012-en Vector number Tree LSA-ESA Resnik Ngram 2013 [125]
Regression kernel
Tree
SemEval LSTM Tai
0.86 2014-SICK-en LSTM Stanford 2015 [126]
PCFG
SemEval2014- He
0.869 SICK-en CNN POS - GloVE - - 2015 [127]
olls DLS-
0.801 Semeval Regression | ST - Word2Vec | PPDB o205 cw2
S oo [128]
traditional and
0.851 SemEval- dee Lemma, CoreNLP Paragram B Ngram, 2017 ECNU-1
' 2017-en P POS parser Phrase BOW [129]
ensemble
SemEval- « B B “« _ « R
0.74 2017-ar 2017 | ECNU-2
alo> £9 b
AN Stanford . Wali
- oy - CEROEIW
0.92 Ar—asbi] SVM Madamira 4l Jaccard | 2017 [130]
S]]
0776 STS-B-Test- ensemble ~ ~ Word2Vec Babel- Ngram, 2019 UESTS
en system Synset. Leven. [131]
STS-B-Test- | DECoMPOS. word DAM
0.773 en Attention - - Glove - ngram 2019 [132]
Model NN overlap
. [134] ConceptNet o
0785 STS-B-Test- weighted NLTK SpaCy PSIC SET o B 2020 SimiT
en average Lemma [133]
WordNet L Word2Vec
attention with »5 Luo et al
0.855 STS2015-en deV\;enlg:rtlc - Sl Word2Vec - - 2020 [135]
P y Stanford
. C&C,
08813 = RG65-en weighted - word | Word2Vec - - 2020  Farouk
average [136]
order
0.681 SemEval2017 Feature- ) Madamira Fasttext, B D'II':‘II%T” 2020 Aln[17|r]nan
(MRR) CQA-ar Fusion DNN WTMF !
Jaccard
Jaccard On BioPortal Alam
0.61 BIOSSES-en Words - - - ontology Jaccard | 2020 [137]
Metaset API

! Retrofitting

OY ola ¥ o)kl VFeY JLe

&


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

oligs Ugie Rl SO YY) 22 6190

kel
Pearson

0.823

0.813

0.866

0.881

0.86

0.869

0.801

0.851

0.74

0.92

0.776

0.773

0.785

0.855

0.8813

0.681
(MRR)

0.61

0.62

News, Image
Caption,
Student

Answer-en

byl sols

SemEval
2012-en

SemEval
2012-en

SemEval
2012-en

SemEval
2012-en

SemEval
2014-SICK-en

SemEval2014-
SICK-en

SemEval
2015-en

SemEval-
2017-en

SemEval-
2017-ar

alo> £4-
ar-asbes)

STS-B-Test-
en

STS-B-Test-
en

STS-B-Test-
en

STS2015-en

RG65-en

SemEval2017
CQA-ar

BIOSSES-en

News, Image
Caption,
Student

Answer-en

SVM,
NB,
KNN

Al bgu
sl Skl

Regression

Support
Vector
Regression

Gaussian
Processes
Regression

Support
Vector
Regression

LSTM

CNN

Regression

traditional and
deep
ensemble

SVM

ensemble
system

Decompos.
Attention
Model NN

weighted
average

attention with
weight
dependency

weighted
average

Feature-
Fusion DNN

Jaccard On
Words
Metaset

SVM,
NB,
KNN

Three
level
alignment -
Lancaster
stemmer
slall 4525
s S
NER, ~
Number.
NER Syntactic
Tree
number
kernel
Tree
~ LSTM
Stanford
PCFG
POS -
Lemma, B
NER

Lemma, CoreNLP

POS parser
~ Stanford,
Madamira
NLTK
Lemma SpaCy
»l5
- Sl
Stanford
C&C,
- word
order
- Madamira
Three
level
alignment -
Lancaster
stemmer

Word2Vec,
Glove

99700 Sy

ESA

LSA

LSA-ESA

GloVE

Word2Vec

Paragram
Phrase

Word2Vec

Glove

WordNet

)Wui..‘\b

Resnik

WordNet
E®3059

0dl

WordNet
sWSD L

CRPCENY)
Pagerank

Resnik

PPDB

[134] ConceptNet
‘G)wam 6‘)‘3
WordNet L Word2Vec

Word2Vec

Word2Vec

Fasttext,
WTMF

Word2Vec,
Glove

BioPortal
ontology
API

WordNet

Jaccard,
Cosine,
Common
Word
Count

il

LCS,
Ngram

Ngram

»sLcs

BJ-SUS

LCS,
Ngram

Slels

Ngram,
BOW

Jaccard

Ngram,
Leven.

word
ngram
overlap

Dirichl.,
Tfldf,
Jaccard

Jaccard

Jaccard,
Cosine,
Common
Word
Count

2021

2012

2012

2013

2013

2015

2015

2015

2017

2017

2017

2019

2019

2020

2020

2020

2020

2020

2021

Majumder
[138]

/rb—ﬁ pL}
0l g

UKP
[122]

Takelab
[123]

Pilehvar
[124]

Severyn
[125]

Tai
[126]

He
[127]

DLS-
cu2
[128]

ECNU-1
[129]

ECNU-2

Wali
[130]

UESTS
[131]

DAM
[132]

SimiT
[133]

Luo etal
[135]

Farouk
[136]

Almiman

(7]

Alam
[137]

Majumder
[138]

<

! Retrofitting

OV by ¥ o,k VFeY JLs


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

o> @byl sy, sl gt acgee
3 e oo CeaS o yhgy cpl [0 0gd 0ai8 SIS
o5 o 2 sl eadohiin mWs
byl Glelae (B 5o 0ed geand )l
S sbar il o935 Cueal 5l 55 saddll)] by
Fowlie Ll 1 S osllas mli feade sleidn

gl Hais a0 o2 )oKl

sl sl jbee
1

| |
Sta 35y (o ez Bl g
S alo b 29,5 S sols b (29,5
Pearson || Accurac ||

Correlation 4

Spearman || Precision/Recall
Correlation F-measure

Mean Squared
Error (MSE)

Mean Absolute
Deviation (MAD)

Oz (Fmelin (5l Gl g )y Elgil (B - JS)
(Figure- 5): Text similarity measurement evaluation methods

ol 2l fdxi -#

O aelie 89> 3 (V) Jouz b Gl
CatsS g o b 60, ailinl g ol] 80ls acgaze ¢ us, 8
e 5l ool b llllas 5l (S5 o ks il cenlie
Sloolbacgazms (plow Glapld )b wsin;
Vot ez b ks dlex 7o) )lamhsem >
oloul [ S0s5 & g0y (Jolre pué g Jolro e glino @
30 [YPlCus (opws )0 seges Djgods a5 ol
Lobdl (egdge calid plulid 6lp Koo slasdllas
5 Sgazme bolddcgese DOC2VEC i, ol 5l colarul
Slnl ()b ggdgapa )l 5l 9y50 wo ol (ool
3 Jasbinl oolsdcgore ddgi Oyge 4o [V 0] caslons
Bl 352y b pgte (rwcplivn Ay jo (o)l
RVCESVSIIN | 4 J IR ERNC 1P O T R N
[3V] ParsBERT L 5| o) 90miy p e (slagS]
3 O 9 Sl slahs) (2l o) 2 sl de;
Adaples ool 3 0 cw)l8 ygie i yplive Alus

YA )‘ U“"" OMLSM))" Yo dCgoxo 4O
g5 oby ool dex 51 Sl S5 L ocoldacgese
Ll 5l s bms a5 Wogoads ooliiwl aliske (gl )18
Prnte o ( Jgaz) yo leais e alﬂ &gl
O (Prmwdalin die) ,0 d9>ge B0l acgess
32 ot oles b ol jastiee 3 )lge Cuwloads o Lol obigS
ool e cailoaisenls LI,8 SentEval 15l acgese
B o g oad Qb LS Ojgod oolvacgass
Jlo )0 ez ass Hlop b)) gl o jlaslinl )15
DVEF] calonss 1)) Sgn s & 5 Lansgs Yo VA

sl bl a0
T Sk byl lp Gl slaghy,
mglin Al 0 Glte  slapn,sS
@) Ko 0 by, opl Hloges a5 wleaiass 5,54
dL.Ja.)‘ Er a Ltbu,uj) w‘ )l (54”) Cewlodlds djb‘
B35 ;0 Sgrge ez p b oddigmte Ll 330
o 25 dmslbre b 'cds Jlae )b 5l G5
Slr yiie sy Gl a5 il o0 Toluye (2Sike
oS Yot camgish gie ololis Ul & ans Ll
sl o 2bsl slaghy, 5l (Fr 50 SRS o
ek 3l oo b ol 5 Sepn sl LI (o
anlls solo b g, lajlinl (Sope Fy dwlxe
A50SS5 bl 4 LSS @ g0
Eo ol ol Jelaie sl g, dles .os,ﬁ:‘so:\bloﬂ
Tl b gym (Shned £ Jlre 4 ol o
.0)5 o)u‘
Flio jo Lol ol g Jlore a4y Cas (5 i Slasl

Oyl Hlre (uizmen Cllbdinly: e e
wlols 5o ) s Sen 3lge codl Lol
[yev]ws

ub p & 8 slbalie Il sy

Sl g 63959 e G daxie sla miwiqplive

* Accuracy

2 Mean Squared Error

% paraphrase Identification
4 Spearman

5 Outlier case

OY ola ¥ o)kl VFeY JLe


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

oligs gl FRimsdlub SO YY) 12 SI9 10

gy

OHlos  wcdglin Lol (Eols acgozxo (Y- Jgu)
Table 3. Main sentence similarity datasets

Jw Slows 80guxo | . | G
Slasy b3 ; 0010 ac ;
Sl ey | el ow | &Y e
oy | TS [y¢Al RG65
Va£0 o) --f PO | S
alox (Rubenstein and Goodenough)
= [Y¥a] MSRP
Yoo v -\ OA S | alex [yral
(Microsoft Paraphrase Corpus)
* V0] SICK
vy - V-0 | S| ke (Sentences Involving Compositional
Knowledge)
Y-\$ - .-¥ \YA- e alo> [vy-] Dictionary Definition Samples
* [Vf0] STS-B
ARRNY - -f AFYA el | ales [ ]
(SemEval 2012-2017)
Y.y I -f YEVY e alos> [Yfa] SemEval-2017- Arabic

1.00 0.9%97 092 093 093 092
0.90
0.80
0.70
0.60
0.50
0.40
0.30
0.20
T O = 0N OV A L D ¥ 0 V- O W Z UV U O © O M ¥ =
2288582538085z b bos 2 EE
o £ NG 50?202 w32 a0 5wl Jaolda
o © %) o EDz.DE_Q__I._ [2a) |_>.><
= 3 5 g € ST 2z 282 EBoopmk E
: £ =z 2 J =
o = £ = 2 ‘ﬁc';)|_' o L E
5 R = -
S oo 2
[~ I %] !
Y] &
<
>
(%]
Pearson  Sowwod jlaxo wlw! 3 STS-B o lailcwl 6ols acgozmo 59y p 2l (eIl o, Ay lio :(F - )

(Figure-6 ): Pearson correlation of the different models on STS-B dataset

A slaghs, eadplsl glaow,n Gb

oSl cnl om0 L @@L e (Rl cqelie
ol glapzy oSl dody, ol lom szl
cir mline @loaSs 5l eolial b olise calos
(e g e e ySy elelp st o ags
oS ) (6 lolie Sgnge wilaules (S 5 sl by,
Coles o ames plas g3 5l G i glie
oolainl b joomedive) (pline caled olulid sla g,
b yoygiuss Srlome b Broe (oras slaasid |
igiline Al o 1, Ll cp e wlatudlys
ilo Ed @y (oS L5 42 0l e

OY 2le Vo kel 1P Jlu

2 e BB o lslis] dolsacgase Do Jodoas

dgee $3; 2 e Tl a3 58I VA
S e A eyt STSB il il ol
i cmizan 5 axlllaad ge SYlia 5| ecilisie slagSl
PaperWithCode 0] oL 5l e obcgulin

=

M o o ua.>l....a U‘“’L""‘ P9 o C‘JM‘

Sl OIS Hloges o Sloy cuSF A4 gy

Vi wlodds

! https://paperswithcode.com/sota/semantic-textual-similarity-
on-sts-benchmark


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

d,k8 olsl Lo OlelST plulid 5 (e slao Soy
Bes Gilepllnds 5 oddsi (o9 e jo aaz il a8
5 Cewloads JUBI iy Joe )0 pg0 bond 4 (OLalS
(e 5 Gree 5oL slaghy, 5l el Sladlas
55 ol SaaSid g Lo ygies S e sty
op oy wale oy by Slls alulis ol
@l 5 Caslond (5o 0,0 bsS (gte shlay 4
o &b n pboelie oS sSeix dee SIS
Cesla by
O obows lp a5 e Sbllas (pgw 09,5
5 2lme 9 Bl Glaghy, w55 4 2l oYL
5 sl Jdos slaghs, L ol oS 5 o8 o
S el bl 4 b Wl oie @
975 Lapl) ooled slp SeaSL 98 sl S ks
Sy ($978 Sl 65 A S0 g 5l g 0l
S ogbar wimd oo Al Ciliedy 55 1) (el
oy o, o)z &b
Slatlys b yeysius s Ll » glee riwgalis
S 0lsS (gt (Friwipplive 9> 53 | @l Cn e

cOMﬁL?L;‘

8-Refrence &Llo -A

[1] W. Liu et al, “Semantic Matching from
Different Perspectives,” 2022, [Online].
Available: https://arxiv.org/abs/2202.06517.

[2] D. B. Bisandu, R. Prasad, and M. M. Liman,
“Data clustering using efficient similarity
measures,” J. Stat. Manag. Syst., vol. 22, no.
5, pp. 901-922, 2019, doi:
10.1080/09720510.2019.1565443.

[3] E. Zafarani-Moattar, M. R. Kangavari, and A.
M. Rahmani, “A Comparative Study on
Transfer Learning and Distance Metrics in
Semantic Clustering over the COVID-19
Tweets,” pp. 1-22, 2021, [Online]. Available:
http://arxiv.org/abs/2111.08658.

[4] H. A. Mohamed Hassan, G. Sansonetti, F.
Gasparetti, A. Micarelli, and J. Beel, “BERT,
ELMo, use and infersent sentence encoders:
The Panacea for research-paper
recommendation?,” CEUR Workshop Proc.,
vol. 2431, no. September, pp. 6-10, 2019.

[5] S. Abujar, M. Hasan, and S. A. Hossain,
“Sentence similarity estimation for text
summarization using deep learning,” in
Advances in Intelligent Systems and
Computing, 2019, vol. 828, no. January, pp.
155-164, doi: 10.1007/978-981-13-1610-
4 16.

[6] A. A. Aliane and H. Aliane, “Evaluating
SIAMESE Architecture Neural Models for

2011-2015, 24

G —Y

5 ol slasls 5l (5o oligS (e (i el
gl &5 (sl b b il n Plas 5155k
ol IS ane; cpl 5o was SYlie gz o Conl
St dguge Jlooas (LS )l Kiargh a5 cunl 4SS
o leslaiul b as) ol ;0 99250 slap )Xl
b Ok ol b b e sl slacd i
5 elolis ( Lol dlie ol gas aslllas ol o oiinn
wLm‘).) QMLSAAJ))-’ Y e (:a)y )|03.o.» FESR W) o
Cawloads &1, (- JSs) o jlaxs! Jle

2022,7

<2011, 35 '

2021, 16

2020, 23

2016, 8 2019, 23

2017,5 2018,9

0o owy p OY o 29595 10903 (Y - JSCX)
Hass! Jle bl
(Figure- 7): Distribution of articles over years

3 el ganates )3 35z ge duste by,
|y laibs, ool ol Spots loas &l (1 - )
@By Jsl 05,5 19,5 (saatus 05 A )5 (lT o0
b Jolod g ad cplie 5) 2 oS 5 aiten
Olsedr e bls, cnl po S oo S,e8 e g0
2oL olls jl slacgeme U bawss 5l (glais,
9 ol Sl S5 g padan gl
S laaiss 5l (S 50 (b ogh eaid Sl
ool xSl g slaghsy Sl gty o
ORL slp e bty ool 5l Ceslodd (6510 0 00
Lol e b mnl slacusyzgs olops cnslie
Sy sa oolatul ' (g, S5
@lbxe bLijl 4 o5 ain olagts; pgo 095
O OllS o gloe bLs )W)y azgi 50 e wlalS
oils oL 5l eslaiwl Lot oo oolaiwl oged g0
Julos 5 siie b eoledS S0 B 0 sadoslel i 5|

! Near duplicate

OY ola ¥ o)kl VFeY JLe

e

~


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

oligs Ugie Rl SO YY) 22 6190

[20] M. A. Jaro, “Advances in record-linkage
methodology as applied to matching the 1985
census of Tampa, Florida,” J. Am. Stat.
Assoc., vol. 84, no. 406, pp. 414-420, 1989,
doi: 10.1080/01621459.1989.10478785.

[21] S. B. Needleman and C. D. Wunsch, “A
general method applicable to the search for
similarities in the amino acid sequence of two
proteins,” J. Mol. Biol., vol. 48, no. 3, pp.
443453, 1970, doi:
https://doi.org/10.1016/0022-2836(70)90057-
4,

[22] M. Bilenko and R. J. Mooney, “Adaptive
duplicate detection using learnable string
similarity measures,” Proc. ACM SIGKDD
Int. Conf. Knowl. Discov. Data Min., pp. 39—
48, 2003, doi: 10.1145/956750.956759.

[23] A. McCallum, K. Bellare, and F. Pereira, “A
conditional random field for discriminatively-
trained finite-state string edit distance,” Proc.
21st Conf. Uncertain. Artif. Intell. UAI 2005,
pp. 388-395, 2005.

[24] D. Tam, N. Monath, A. Kobren, A. Traylor, R.
Das, and A. McCallum, “Optimal transport-
based alignment of learned character
representations for string similarity,” in ACL
2019 - 57th Annual Meeting of the
Association for Computational Linguistics,
Proceedings of the Conference, 2020, pp.
5907-5917, doi: 10.18653/v1/p19-1592.

[25] P. Shrestha, “Corpus-Based methods for Short
Text Similarity,” Rencontre des FEtudiants
Cherch. en Inform. pour le Trait. Autom. des
Langues, vol. 2, 2011, [Online]. Available:
http://hal.archives-ouvertes.fr/hal-00609909.

[26] M. A. Al-Ramahi and S. H. Mustafa, “N-
Gram-Based Techniques for Arabic Text
Document Matching; Case Study: Courses
Accreditation,” Basic Sci. Eng., vol. 21, no. 1,
pp. 85-105, 2012, [Online]. Available:
http://journals.yu.edu.jo/aybse/Issues/\VVoI21N
01_2013/07.pdf.

[27] M. O. Alhawarat, H. Abdeljaber, and A. Hilal,
“Effect of Stemming on Text Similarity for
Arabic Language at Sentence Level,” Peer]
Comput. Sci., vol. 7, pp. 1-18, 2021, doi:
10.7717/PEERJ-CS.530.

[28] D. Gusfield, “Algorithms on stings, trees, and
sequences: Computer science and
computational biology,” Acm Sigact News,
vol. 28, no. 4, pp. 41-60, 1997.

[29] R. A. Wagner and M. J. Fischer, “The string-
to-string correction problem,” J. ACM, vol.
21, no. 1, pp. 168-173, 1974.

[30] A. E. Monge and C. P. Elkan, “The field
matching problem: Algorithms  and
applications,” Proc. Second Int. Conf. Knowl.
Discov. Data Min., no. Slaven 1992, pp. 267-
270, 1996.

[31] William W Cohen, Pradeep Ravikumar, and

Stephen, “A Comparison of String Distance

Metrics for Matching Names and Records,”

Proc. IJCAI-2003 Work., pp. 73--78, 2003.

OV by ¥ o,k VFeY JLs

Arabic Textual Similarity and Plagiarism
Detection,” ISIA 2020 - Proceedings, 4th Int.
Symp. Informatics its Appl., 2020, doi:
10.1109/1S1A51297.2020.9416550.

[7]1 A. Almiman, N. Osman, and M. Torki, “Deep
neural network approach for arabic
community question answering,” Alexandria
Eng. J., vol. 59, no. 6, pp. 44274434, 2020,
doi: 10.1016/j.aej.2020.07.048.

[8] P. Huang et al., “Learning Deep Structured
Semantic Models for Web Search using
Clickthrough Data,” Lect. Notes Comput. Sci.
(including Subser. Lect. Notes Artif. Intell.
Lect. Notes Bioinformatics), vol. 9626, no.
2012, pp. 115-128, 2016, [Online]. Available:
http://dl.acm.org/citation.cfm?doid=2983323.
2983818.

[9] C. Sung, T. I. Dhamecha, and N. Mukhi,
Improving short answer grading using
transformer-based pre-training, vol. 11625
LNAI. Springer International Publishing,
2019.

[10] M. Hasanain, F. Haouari, R. Suwaileh, and Z.
S. Ali, “Overview of CheckThat! 2020
Arabic:  Automatic  Identification and
Verification of Claims in Social Media,” pp.
22-25, 2020.

[11] W. H. Gomaa and A. A. Fahmy, “A Survey of
Text Similarity Approaches,” Int. J. Comput.
Appl., vol. 68, no. 13, pp. 13-18, 2013.

[12] M. Farouk, “Measuring Sentences Similarity:
A Survey,” Indian J. Sci. Technol., vol. 12,
no. 25, pp. 1-11, 2019, doi:
10.17485/ijst/2019/v12i25/143977.

[13] M. Alian and A. Awajan, “Semantic Similarity
for English and Arabic Texts: A Review,” J.
Inf. Knowl. Manag., vol. 19, no. 4, 2020, doi:
10.1142/S0219649220500331.

[14] S. K. Gaddipati, “R & D Project Comparative
Evaluation of Transfer Learning Models in
Semantic Text Similarity Sasi Kiran
Gaddipati,” no. November, 2020, doi:
10.13140/RG.2.2.34085.12003.

[15] A. Abo-Elghit, A. Al-Zoghby, and T. Hamza,
“Textual Similarity Measurement Approaches:
A Survey (1),” Egypt. J. Lang. Eng., vol. 0,
no. 0, pp. 0-0, 2020, doi:
10.21608/ejle.2020.42018.1012.

[16] D. W. Prakoso, A. Abdi, and C. Amrit, “Short
text similarity measurement methods: a
review,” Soft Comput., vol. 25, no. 6, pp.
4699-4723, 2021, doi: 10.1007/s00500-020-
05479-2.

[17] D. Chandrasekaran and V. Mago, “Evolution
of Semantic Similarity-A Survey,” ACM
Comput. Surv., vol. 54, no. 2, pp. 1-35, 2021,
doi: 10.1145/3440755.

[18] R. W. Hamming, “Error Detecting and Error
Correcting Codes,” J. Franklin Inst., vol. 196,
no. 4, pp. 519-520, 1923.

[19] P. A. V. Hall and G. R. Dowling,
“Approximate  String Matching,” ACM
Comput. Surv., vol. 12, no. 4, pp. 381-402,
1980, doi: 10.1145/356827.356830.


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

measures of text semantic similarity,” in Aaai,
20086, vol. 6, no. 2006, pp. 775-780.

[47] Y. Li, H. Li, Q. Cai, and D. Han, “A novel
semantic similarity measure  within
sentences,” in Proceedings of 2012 2nd
international conference on computer science
and network technology, 2012, pp. 1176—
1179.

[48] D. Croft, S. Coupland, J. Shell, and S. Brown,
“A fast and efficient semantic short text
similarity metric,” in 2013 13th UK workshop
on computational intelligence (UKCI), 2013,
pp. 221-227.

[49] N. Adel, K. Crockett, A. Crispin, D. Chandran,
and J. P. Carvalho, “FUSE (Fuzzy Similarity
Measure) - A measure for determining fuzzy
short text similarity using Interval Type-2
fuzzy sets,” IEEE Int. Conf. Fuzzy Syst., vol.
2018-July, 2018, doi: 10.1109/FUZZ-
IEEE.2018.8491641.

[50] J. R. Firth, “Personality and language in
society,” Sociol. Rev., vol. 42, no. 1, pp. 37—
52, 1950.

[51] K. Lund and C. Burgess, “Producing high-
dimensional semantic spaces from lexical co-
occurrence,” Behav. Res. Methods,
Instruments, Comput., vol. 28, no. 2, pp. 203—
208, 1996, doi: 10.3758/BF03204766.

[52] T. K. Landauer and S. T. Dumais, “A Solution
to Plato’s Problem: The Latent Semantic
Analysis Theory of Acquisition, Induction,
and Representation of Knowledge,” Psychol.
Rev., vol. 104, no. 2, pp. 211-240, 1997,
[Online]. Available:
http://www.indiana.edu/~pcl/rgoldsto/courses/
concepts/landauer.pdf.

[53] J. O’Shea, Z. Bandar, K. Crockett, and D.
McLean, “A comparative study of two short
text semantic similarity measures,” Lect.
Notes Comput. Sci. (including Subser. Lect.
Notes  Aurtif. Intell. Lect. Notes
Bioinformatics), vol. 4953 LNAI, no. May
2014, pp. 172-181, 2008, doi: 10.1007/978-3-
540-78582-8 18.

[54] V. Rus, N. Niraula, and R. Banjade,
“Similarity measures based on Latent
Dirichlet Allocation,” Lect. Notes Comput.
Sci. (including Subser. Lect. Notes Artif.
Intell. Lect. Notes Bioinformatics), vol. 7816
LNCS, no. PART 1, pp. 459-470, 2013, doi:
10.1007/978-3-642-37247-6_37.

[55] P. D. Turney, “Mining the web for synonyms:
PMI-IR versus LSA on TOEFL,” Lect. Notes
Comput. Sci. (including Subser. Lect. Notes
Artif. Intell. Lect. Notes Bioinformatics), vol.
2167, pp. 491-502, 2001, doi: 10.1007/3-540-
44795-4 42,

[56] R. L. Cilibrasi and P. M. B. Vitanyi, “The
Google similarity distance,” IEEE Trans.
Knowl. Data Eng., vol. 19, no. 3, pp. 370—
383, 2007, doi: 10.1109/TKDE.2007.48.

[57] E. Gabrilovich, S. Markovitch, and others,
“Computing semantic relatedness using

[32] J. Wang, G. Li, and J. Fe, “Fast-join: An
efficient method for fuzzy token matching
based string similarity join,” Proc. - Int. Conf.
Data Eng., pp. 458-469, 2011, doi:
10.1109/ICDE.2011.5767865.

[33] G. A. Miller, “WordNet: a lexical database for
English,” Commun. ACM, vol. 38, no. 11, pp.
39-41, 1995.

[34] M. Shamsfard, “Developing FarsNet: A lexical
ontology for Persian,” GWC 2008, p. 413,
2007.

[35] W. Black et al., “Introducing the Arabic
wordnet project,” in Proceedings of the third
international WordNet conference, 2006, pp.
295-300.

[36] R. Rada, H. Mili, E. Bicknell, and M. Blettner,
“Development and application of a metric on
semantic nets,” IEEE Trans. Syst. Man.
Cybern., vol. 19, no. 1, pp. 17-30, 1989.

[37] Z. Wu and M. Palmer, “Verbs semantics and
lexical selection,” in Proceedings of the 32nd
annual meeting on  Association for
Computational Linguistics -, 1994, pp. 133-
138, doi: 10.3115/981732.981751.

[38] C. Leacock and M. Chodorow, “Combining
local context and WordNet similarity for word
sense identification,” WordNet An Electron.
Lex. database, vol. 49, no. 2, pp. 265-283,
1998.

[39] Y. Bin, L. Xiao-Ran, L. Ning, and Y. Yue-
Song, “Using Information Content to Evaluate
Semantic Similarity on HowNet,” in 2012
Eighth International Conference on
Computational Intelligence and Security, Nov.
2012, pp. 142-145, doi: 10.1109/C1S.2012.39.

[40] D. Lin and others, “An information-theoretic
definition of similarity.,” in Ieml, 1998, vol.
98, no. 1998, pp. 296-304.

[41] S. Banerjee and T. Pedersen, “An adapted
Lesk algorithm for word sense disambiguation
using WordNet,” in International conference
on intelligent text processing and
computational linguistics, 2002, pp. 136-145.

[42] J.-B. Gao, B.-W. Zhang, and X.-H. Chen, “A
WordNet-based semantic similarity
measurement combining edge-counting and
information content theory,” Eng. Appl. Artif.
Intell., vol. 39, pp. 80-88, 2015.

[43] G. Zhu and C. A. Iglesias, “Computing
semantic similarity of concepts in knowledge
graphs,” IEEE Trans. Knowl. Data Eng., vol.
29, no. 1, pp. 72-85, 2016.

[44] C. Saedi, A. Branco, J. Antdnio Rodrigues,
and J. Silva, “WordNet Embeddings,” pp.
122-131, 2019, doi: 10.18653/v1/w18-3016.

[45] S. Jimenez, F. A. Gonzalez, A. Gelbukh, and
G. Duenas, “Word2set: WordNet-Based Word
Representation  Rivaling  Neural  Word
Embedding for Lexical Similarity and
Sentiment Analysis,” IEEE Comput. Intell.
Mag., vol. 14, no. 2, pp. 41-53, 2019, doi:
10.1109/MC1.2019.2901085.

[46] R. Mihalcea, C. Corley, C. Strapparava, and
others, “Corpus-based and knowledge-based

OY ola ¥ o)kl VFeY JLe

&


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

oligs Ugie Rl SO YY) 22 6190

i

<

[70] Z. Wang, H. Mi, and A. Ittycheriah, “Sentence
similarity learning by lexical decomposition
and composition,” COLING 2016 - 26th Int.
Conf. Comput. Linguist. Proc. COLING 2016
Tech. Pap., no. challenge 2, pp. 1340-1349,
2016.

[71] E. Moatez, B. Nagoudi, D. Schwab, S.
Similarity, E. Moatez, and B. Nagoudi,
“Semantic Similarity of Arabic Sentences
with Word Embeddings Embeddings,” 2018.

[72] N. H. Tien, N. M. Le, Y. Tomohiro, and I.
Tatsuya, “Sentence modeling via multiple
word embeddings and multi-level comparison
for semantic textual similarity,” Inf. Process.
Manag., vol. 56, no. 6, 2019, doi:
10.1016/j.ipm.2019.102090.

[73] A. Mahmoud and M. Zrigui, “Sentence
Embedding and  Convolutional ~ Neural
Network for Semantic Textual Similarity
Detection in Arabic Language,” Arab. J. Sci.
Eng., vol. 44, no. 11, pp. 9263-9274, 2019,
doi: 10.1007/s13369-019-04039-7.

[74] S. Kim, I. Kang, and N. Kwak, “Semantic
Sentence Matching with Densely-Connected
Recurrent and Co-Attentive Information,”
Proc. AAAI Conf. Artif. Intell., vol. 33, no.
February, pp. 6586-6593, Jul. 2019, doi:
10.1609/aaai.v33i01.33016586.

[75] G. Chen, X. Shi, M. Chen, and L. Zhou, “Text
similarity semantic calculation based on deep
reinforcement learning,” Int. J. Secur.
Networks, vol. 15, no. 1, pp. 59-66, 2020, doi:
10.1504/1JSN.2020.106526.

[76] Z. Sadat Hosseini Moghadam Emami, S.
Tabatabayiseifi, M. lzadi, and M. Tavakoli,
“Designing a Deep Neural Network Model for
Finding Semantic Similarity between Short
Persian Texts Using a Parallel Corpus,” in
2021 7th International Conference on Web
Research, ICWR 2021, 2021, pp. 91-96, doi:
10.1109/ICWR51868.2021.9443108.

[77]1 S. V. Moravvej, M. Joodaki, M. J. Maleki
Kahaki, and M. Salimi Sartakhti, “A method
Based on an Attention Mechanism to Measure
the Similarity of two Sentences,” in 2021 7th
International Conference on Web Research,
ICWR 2021, 2021, pp. 238-242, doi:
10.1109/ICWR51868.2021.9443135.

[78] A. Mahmoud and M. Zrigui, “BLSTM-API:
Bi-LSTM Recurrent Neural Network-Based
Approach for Arabic Paraphrase
Identification,” Arab. J. Sci. Eng., vol. 46, no.
4, pp. 4163-4174, 2021, doi: 10.1007/s13369-
020-05320-w.

[79] M. E. Peters et al., “Deep contextualized word
representations,” NAACL HLT 2018 - 2018
Conf. North Am. Chapter Assoc. Comput.
Linguist. Hum. Lang. Technol. - Proc. Conf.,
vol. 1, pp. 2227-2237, 2018, doi:
10.18653/v1/n18-1202.

[80] A. Radford, T. Narasimhan, T. Salimans, and

I. Sutskever, “[GPT-1] Improving Language

Understanding by Generative Pre-Training,”

Preprint, pp. 1-12, 2018, [Online]. Available:

OV by ¥ o,k VFeY JLs

Wikipedia-based explicit semantic analysis.,”
in 1JcAl, 2007, vol. 7, pp. 1606-1611.

[58] D. M. Blei, A. Y. Ng, and M. 1. Jordan,
“Latent dirichlet allocation,” J. Mach. Learn.
Res., vol. 3, pp. 993-1022, 2003.

[59] T. Mikolov, K. Chen, G. Corrado, and J. Dean,
“Efficient estimation of word representations
in vector space,” l1st Int. Conf. Learn.
Represent. ICLR 2013 - Work. Track Proc.,
pp. 1-12, 2013.

[60] Y. Bengio, R. Ducharme, P. Vincent, and C.
Jauvin, “A neural probabilistic language
model,” J. Mach. Learn. Res., vol. 3, no. Feb,
pp. 1137-1155, 2003.

[61] A. B. Soliman, K. Eissa, and S. R. El-Beltagy,
“AraVec: A set of Arabic Word Embedding
Models for use in Arabic NLP,” Procedia
Comput. Sci., vol. 117, pp. 256-265, 2017,
doi: 10.1016/j.procs.2017.10.117.

[62] M. M. Fouad, A. Mahany, N. Aljohani, R.
Ayaz, and A. S. Hassan, “ArWordVec:
efficient word embedding models for Arabic
tweets,”  Soft Comput., 2019, doi:
10.1007/s00500-019-04153-6.

[63] J. Tissier et al., “Dict2vec: Learning Word
Embeddings using Lexical Dictionaries To
cite this version: HAL Id: ujm-01613953
Dict2vec : Learning Word Embeddings using
Lexical Dictionaries,” 2017.

[64] A. M. Alargrami and M. M. Eljazzar, “Imam:
Word Embedding Model for Islamic Arabic
NLP,” 2nd Nov. Intell. Lead. Emerg. Sci.
Conf. NILES 2020, pp. 520-524, 2020, doi:
10.1109/NILES50944.2020.9257931.

[65] J. Pennington, R. Socher, and C. D. Manning,
“GloVe:  Global vectors for  word
representation,” EMNLP 2014 - 2014 Conf.
Empir. Methods Nat. Lang. Process. Proc.
Conf.,  pp. 1532-1543, 2014, doi:
10.3115/v1/d14-1162.

[66] P. Bojanowski, E. Grave, A. Joulin, and T.
Mikolov, “Enriching Word Vectors with
Subword  Information,”  Trans.  Assoc.
Comput. Linguist., vol. 5, pp. 135-146, 2017,
doi: 10.1162/tacl_a_00051.

[67] M. J. Kusner, Y. Sun, N. I. Kolkin, and K. Q.
Weinberger, “From word embeddings to
document distances,” in 32nd International
Conference on Machine Learning, ICML
2015, 2015, vol. 2, pp. 957-966.

[68] T. Kenter and M. De Rijke, “Short text
similarity with word embeddings,” Int. Conf.
Inf. Knowl. Manag. Proc., vol. 19-23-Oct-, pp.
1411-1420, 2015, doi:
10.1145/2806416.2806475.

[69] H. He and J. Lin, “Pairwise Word Interaction
Modeling with Deep Neural Networks for
Semantic ~ Similarity Measurement,” in
Proceedings of the 2016 Conference of the
North American Chapter of the Association
for Computational Linguistics: Human
Language Technologies, 2016, pp. 937-948,
doi: 10.18653/v1/N16-1108.


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

[94] M. Abdul-Mageed, A. R. Elmadany, and E. M.
B. Nagoudi, “ARBERT & MARBERT: Deep
bidirectional transformers for Arabic,” ACL-
IJCNLP 2021 - 59th Annu. Meet. Assoc.
Comput. Linguist. 11th Int. Jt. Conf. Nat.
Lang. Process. Proc. Conf., no. i, pp. 7088—
7105, 2021,

[95] A. Abdelali, N. Durrani, F. Dalvi, and H.
Sajjad, “Interpreting Arabic Transformer
Models,” 2022.

[96] A. Alsaleh, E. Atwell, and A. Altahhan,
“Quranic Verses Semantic Relatedness Using
AraBERT,” Proc. Sixth Arab. Nat. Lang.
Process. Work., vol. 3, pp. 185-190, 2021.

[97] K. Lo, “SciBERT: A Pretrained Language
Model for Scientific Text,” 2019.

[98] J. Lee et al, “BioBERT: a pre-trained
biomedical language representation model for
biomedical text mining,” Bioinformatics, vol.
36, no. 4, pp. 1234-1240, 2020.

[99] I. Chalkidis, M. Fergadiotis, P. Malakasiotis,
N. Aletras, and I. Androutsopoulos, “LEGAL-
BERT: The muppets straight out of law
school,” arXiv Prepr. arXiv2010.02559, 2020.

[100] F. Zhuang, F. Wei, H. Huang, L. Zhang, and
Q. Zhang, “PromptBERT : Improving BERT
Sentence Embeddings with Prompts,” 2022.

[101] T. Gao, A. Fisch, and D. Chen, “Making Pre-
trained Language Models Better Few-shot
Learners,” 2020.

[102] A. Neelakantan et al., “Text and Code
Embeddings by Contrastive Pre-Training,”
2022.

[103] H. Wang, Y. Li, Z. Huang, Y. Dou, L. Kong,
and J. Shao, “SNCSE : Contrastive Learning
for Unsupervised Sentence Embedding with
Soft Negative Samples,” 2022.

[104] Z. Zhang, X. Han, Z. Liu, X. Jiang, M. Sun,
and Q. Liu, “ERNIE: Enhanced Language
Representation with Informative Entities,” in
Proceedings of the 57th Annual Meeting of
the Association for Computational
Linguistics, 2019, pp. 1441-1451, doi:
10.18653/v1/P19-1139.

[105] Y. Sun et al., “ERNIE 2.0: A continual pre-
training framework for language
understanding,” AAAI 2020 - 34th AAAI
Conf. Artif. Intell., pp. 8968-8975, 2020, doi:
10.1609/aaai.v34i05.6428.

[106] Z. Yang, Z. Dai, Y. Yang, J. Carbonell, R.
Salakhutdinov, and Q. V. Le, “XLNet:
Generalized autoregressive pretraining for
language understanding,” Adv. Neural Inf.
Process. Syst., vol. 32, no. NeurIPS, pp. 1-11,
2019.

[107] C. Raffel et al., “Exploring the limits of
transfer learning with a unified text-to-text
transformer,” J. Mach. Learn. Res., vol. 21,
2020.

[108] Q. Le and T. Mikolov, “Distributed
representations of sentences and documents,”
31st Int. Conf. Mach. Learn. ICML 2014, vol.
4, pp. 2931-2939, 2014.

ahttps://www.cs.ubc.ca/~amuhamO01/LING530
Ipapers/radford2018improving.pdf.

[81] A. Vaswani et al., “Attention is all you need,”
Adv. Neural Inf. Process. Syst., vol. 2017-
Decem, no. Nips, pp. 5999-6009, 2017.

[82] 1. Solaiman et al., “Release strategies and the
social impacts of language models,” arXiv
Prepr. arXiv1908.09203, 2019.

[83] G. I. Winata, A. Madotto, Z. Lin, R. Liu, J.
Yosinski, and P. Fung, “Language Models are
Few-shot  Multilingual =~ Learners,” in
Proceedings of the 1st Workshop on
Multilingual Representation Learning, 2021,
pp. 1-15, doi: 10.18653/v1/2021.mrl-1.1.

[84] N. Muennighoff, “SGPT: GPT Sentence
Embeddings for Semantic Search,” pp. 1-17,
2022.

[85] J. Devlin, M. W. Chang, K. Lee, and K.
Toutanova, “BERT: Pre-training of deep
bidirectional transformers for language
understanding,” NAACL HLT 2019 - 2019
Conf. North Am. Chapter Assoc. Comput.
Linguist. Hum. Lang. Technol. - Proc. Conf.,
vol. 1, no. MIm, pp. 4171-4186, 2019.

[86] Y. Liu et al, “RoBERTa: A Robustly
Optimized BERT Pretraining Approach,” no.
1, 2019, [Online]. Available:
https://aclanthology.org/2021.ccl-1.108.

[87] V. Sanh, L. Debut, J. Chaumond, and T. Wolf,
“DistilBERT, a distilled version of BERT:
smaller, faster, cheaper and lighter,” pp. 2—6,
2019, [Online]. Available:
http://arxiv.org/abs/1910.01108.

[88] Z. Lan, M. Chen, S. Goodman, K. Gimpel, P.
Sharma, and R. Soricut, “ALBERT: A Lite
BERT for Self-supervised Learning of
Language Representations,” pp. 1-17, 2019,
[Online]. Available:
http://arxiv.org/abs/1909.11942.

[89] N. Peinelt, D. Nguyen, and M. Liakata,
“BERT: Topic Models and BERT Joining
Forces for Semantic Similarity Detection,” no.
section 5, pp. 7047-7055, 2020, doi:
10.18653/v1/2020.acl-main.630.

[90] H. Al-Theiabat and A. Al-Sadi, “The Inception
Team at NSURL-2019 Task 8: Semantic
Question  Similarity in Arabic,” 2020,
[Online]. Available:
http://arxiv.org/abs/2004.11964.

[91] M. Farahani, M. Gharachorloo, M. Farahani,
and M. Manthouri, “ParsBERT: Transformer-
based Model for Persian Language
Understanding,” Neural Process. Lett., vol.
53, no. 6, pp. 3831-3847, 2021, doi:
10.1007/s11063-021-10528-4.

[92] W. Antoun, F. Baly, and H. Hajj, “AraBERT:
Transformer-based  Model for  Arabic
Language Understanding,” 2020, [Online].
Available: http://arxiv.org/abs/2003.00104.

[93] G. Inoue, B. Alhafni, N. Baimukan, H.
Bouamor, and N. Habash, “The Interplay of
Variant, Size, and Task Type in Arabic Pre-
trained Language Models,” 2021, [Online].
Available: http://arxiv.org/abs/2103.06678.

OY ola ¥ o)kl VFeY JLe

&


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

oligs Ugie Rl SO YY) 22 6190

i

&

[120] H. Tsukagoshi, R. Sasano, and K. Takeda,
“Comparison and Combination of Sentence

Embeddings  Derived  from  Different
Supervision Signals,” 2022.
[121] H. Tsukagoshi, “DefSent: Sentence

Embeddings using Definition Sentences,” pp.
411-418, 2021.

[122] D. Bér, C. Biemann, |. Gurevych, and T.
Zesch, “Ukp: Computing semantic textual
similarity by combining multiple content
similarity measures,” in * SEM 2012: The
First Joint Conference on Lexical and
Computational Semantics, 2012, pp. 435-440.

[123] F. Saric, G. Glava§, M. Karan, J. Snajder, and
B. D. Basic, “TakeLab: Systems for
measuring semantic text similarity,” *SEM
2012 - 1st Jt. Conf. Lex. Comput. Semant.,
vol. 2, no. January, pp. 441-448, 2012.

[124] M. T. Pilehvar, D. Jurgens, and R. Navigli,
“Align, disambiguate and walk: A unified
approach for measuring semantic similarity,”
ACL 2013 - 51st Annu. Meet. Assoc. Comput.
Linguist. Proc. Conf., vol. 1, pp. 1341-1351,
2013.

[125] A. Severyn, M. Nicosia, and A. Moschitti,
“Learning semantic textual similarity with
structural representations,” ACL 2013 - 51st
Annu. Meet. Assoc. Comput. Linguist. Proc.
Conf., vol. 2, pp. 714-718, 2013.

[126] K. S. Tai, R. Socher, and C. D. Manning,
“Improved Semantic Representations From
Tree-Structured Long Short-Term Memory
Networks,” in Proceedings of the 53rd Annual
Meeting of the Association for Computational
Linguistics and the 7th International Joint
Conference on Natural Language Processing
(Volume 1: Long Papers), 2015, vol. 1, pp.
1556-1566,

[127] H. He, K. Gimpel, and J. Lin, ‘“Multi-
perspective sentence similarity modeling with
convolutional neural networks,” Conf. Proc. -
EMNLP 2015 Conf. Empir. Methods Nat.
Lang. Process., no. September, pp. 1576-
1586, 2015,

[128] M. A. Sultan, S. Bethard, and T. Sumner,
“DLS@CU: Sentence Similarity from Word
Alignment and Semantic Vector
Composition,” no. SemEval,

[129] J. Tian, Z. Zhou, M. Lan, and Y. Wu, “ECNU
at SemEval-2017 Task 1: Leverage Kernel-
based Traditional NLP features and Neural
Networks to Build a Universal Model for
Multilingual and Cross-lingual Semantic
Textual Similarity,” pp. 191-197, 2018,

[130] W. Wali, B. Gargouri, and A. Ben Hamadou,
“Enhancing the sentence similarity measure
by semantic and  syntactico-semantic
knowledge,” Vietnam J. Comput. Sci., vol. 4,
no. 1, pp. 51-60, 2016,

[131] B. Hassan, S. E. Abdelrahman, R. Bahgat,

and 1. Farag, “UESTS: An Unsupervised

Ensemble Semantic  Textual Similarity

Method,” TEEE Access, vol. 7, pp. 85462—

85482, 2019,

OV by ¥ o,k VFeY JLs

[109] S. Akef, M. H. Bokaei, and H. Sameti,
“Training Doc2Vec on a Corpus of Persian
Poems to Answer Thematic Similarity
Multiple-Choice Questions,” in 2020 10th
International Symposium on
Telecommunications: Smart Communications
for a Better Life, IST 2020, 2020, pp. 146-
149, doi: 10.1109/1ST50524.2020.9345918.

[110] M. Alshammeri, E. Atwell, and M. A.
Alsalka, “Detecting Semantic-based Similarity
between Verses of the Quran with Doc2vec,”
Procedia CIRP, vol. 189, pp. 351-358, 2021,

[111] A. M. Abdelghany, H. M. Abdelaal, A. M.
Kamr, and P. M. Elkafrawy, “Doc2Vec: An
approach to identify Hadith Similarities,”
Aust. J. Basic Appl. Sci., no. March, pp. 46—
53, 2020, doi: 10.22587/ajbas.2020.14.12.5.

[112] R. Kiros et al., “Skip-thought vectors,” Adv.
Neural Inf. Process. Syst., vol. 2015-Janua,
no. 786, pp. 3294-3302, 2015.

[113] F. Hill, K. Cho, and A. Korhonen, “Learning
distributed representations of sentences from
unlabelled data,” 2016 Conf. North Am.
Chapter Assoc. Comput. Linguist. Hum. Lang.
Technol. NAACL HLT 2016 - Proc. Conf,,
pp. 1367-1377, 2016, doi: 10.18653/v1/n16-
1162.

[114] F. Hill, K. Cho, A. Korhonen, and Y. Bengio,
“Learning to Understand Phrases by
Embedding the Dictionary,” Trans. Assoc.
Comput. Linguist., vol. 4, no. April, pp. 17—
30, 2016, doi: 10.1162/tacl_a_00080.

[115] M. Pagliardini, P. Gupta, and M. Jaggi,
“Unsupervised  Learning of  Sentence
Embeddings Using Compositional n-Gram
Features,” in Proceedings of the 2018
Conference of the North American Chapter of
the Association for Computational
Linguistics: Human Language Technologies,
Volume 1 (Long Papers), 2018,

[116] A. Conneau, D. Kiela, H. Schwenk, L.
Barrault, and A. Bordes, “Supervised learning
of universal sentence representations from
natural language inference data,” EMNLP
2017 - Conf. Empir. Methods Nat. Lang.
Process. Proc., pp. 670-680, 2017, doi:
10.18653/v1/d17-1070.

[117] S. Subramanian, A. Trischler, Y. Bengio, and
C. J. Pal, “Learning general purpose
distributed sentence representations via large
scale multitask learning,” 6th Int. Conf. Learn.
Represent. ICLR 2018 - Conf. Track Proc.,
no. 2016, pp. 1-16, 2018.

[118] D. Cer et al., “Universal sentence encoder for
English,” EMNLP 2018 - Conf. Empir.
Methods Nat. Lang. Process. Syst. Demonstr.
Proc., pp. 169-174, 2018, doi:
10.18653/v1/d18-2029.

[119] N. Reimers and 1. Gurevych, “Sentence-
BERT: Sentence embeddings using siamese
BERT-networks,” EMNLP-IJCNLP 2019 -
2019 Conf. Empir. Methods Nat. Lang.
Process. 9th Int. Jt. Conf. Nat. Lang. Process.
Proc. Conf.,


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-10-31 ]

[ DOI: 10.61186/jsdp.20.3.103 ]

scanlines” Solid Earth, vol. 11, no. 6, pp.
2535-2547, 2020.

[148] H. Rubenstein and J. B. Goodenough,
“Contextual  correlates of  synonymy,”
Commun. ACM, vol. 8, no. 10, pp. 627-633,
1965.

[149] W. B. Dolan and C. Brockett, “Automatically
constructing a corpus of  sentential
paraphrases,” 2005.

[150] M. Marelli et al., “A SICK cure for the
evaluation of compositional distributional
semantic models.,” in Lrec, 2014, pp. 216—
223.

[151] F. Mashhadirajab, M. Shamsfard, R.
Adelkhah, F. Shafiee, and C. Saedi, “A text
alignment corpus for Persian plagiarism
detection,” in CEUR Workshop Proceedings,
2016, vol. 1737, pp. 184-189.

YWAA Jle 5o 0ol sy vl
Ol yo 1y 09 el )5 S0

oBuils I wledbl (5,5l8  waige
: J i oy oles asly O N
‘ N 30 Jls 0o 5l s g 00,5 Sl e
pole 8 gmeald i 3 p0 (5tan g olKiylej]
21y 05 OMass (g5 Canlaiils ol jo oDl
Coolal  mwigolice 4l bl g9og0 b o8 oKl o
L)Lw)‘ :L‘!)Lcé)yo ‘5»..%9)4 L;LQ‘L».:.A) .C}.w‘o\.\.;Lw) ul)l.: LY
Sl psle 5 ol e ormb (b 3l 5l e le
5l ewl o)le lasl asbll, glas
rabieizadeh@noornet.net

S e (P ol Oy
aly 4o 1y e el )ls
SRl Gl S L FeaslS (waige
Oleral oBiils 5IAYAZ Jlo o
Jle o plag) cwlos s cél o
(i aiy po |y 093wl cwlis IS S jue YYAA
oo o8l 5l (egras e RIS L SenlS
1y 0> 1S Syae 5 WYAY Lo [0 g S ol
Y] .Ca.m‘bé; V_J A.H.u) uLo.Q 39 oKisls QL@
S92 5 FeelS (oo 098 holiwl (95 Ten
:\éy.c.))}a G.Mbjf GLQAMA) g9 009 pﬁ oKisls uLC)Ua‘
ool b by OBl 5 Gedle xSol ol

5l cwl @ile lasl aeblly slas
amirkhani@gom.ac.ir

[132] I. Lopez-Gazpio, M. Maritxalar, M. Lapata,
and E. Agirre, “Word n-gram attention models
for sentence similarity and inference,” Expert
Syst. Appl., vol. 132, pp. 1-11, 2019,

[133] E. Inan, “SimiT: A Text Similarity Method
Using Lexicon and Dependency
Representations,” New Gener. Comput., vol.
38, no. 3, pp. 509-530, 2020,

[134] R. Speer, J. Chin, and C. Havasi,
“ConceptNet 5.5: An Open Multilingual
Graph of General Knowledge,” no. Singh
2002, pp. 4444-4451, 2016, [Online].
Available: http://arxiv.org/abs/1612.03975.

[135] J. Luo et al., “Exploiting Syntactic and
Semantic Information for Textual Similarity
Estimation,” Math. Probl. Eng., vol. 2021,
2021, doi: 10.1155/2021/4186750.

[136] M. Farouk, “Measuring text similarity based
on structure and word embedding,” Cogn.
Syst. Res., vol. 63, pp. 1-10, 2020,

[137] F. Alam, M. Afzal, and K. M. Malik,
“Comparative Analysis of Semantic Similarity
Techniques for Medical Text,” in International
Conference on Information Networking, 2020,

[138] G. Majumder, “Interpretable semantic textual
similarity of sentences using alignment of
chunks with classification and regression,” no.
March, 2021,

[139] M. W. Bauer and B. Aarts, “Corpus
construction: A principle for qualitative data
collection,” Qual. Res. with text, image sound
A Pract. Handb., pp. 19-37, 2000.

[140] A. O’Keeffe and M. McCarthy, The
Routledge handbook of corpus linguistics, vol.
10. Routledge London, 2010.

[141] S. Atkins, J. Clear, and N. Ostler, “Corpus
design criteria,” Lit. Linguist. Comput., vol. 7,
no. 1, pp. 1-16, 1992.

[142] R. Artstein and M. Poesio, “Survey Article
Inter-Coder Agreement for Computational
Linguistics,” no. August 2005, 2008.

[143] J. Pustejovsky and A. Stubbs, Natural
Language Annotation for Machine Learning:
A guide to corpus-building for applications.
O’Reilly Media, Inc.,” 2012.

[144] M. Lombard, J. Snyder-duch, and C. C.
Bracken, “Practical Resources for Assessing
and Reporting Intercoder Reliability in
Content Analysis Research Projects,” no.
January, 2005.

[145] D. Cer, M. Diab, E. Agirre, |. Lopez-Gazpio,
and L. Specia, “SemEval-2017 Task 1:
Semantic Textual Similarity Multilingual and
Crosslingual Focused Evaluation,” pp. 1-14,
2018, doi: 10.18653/v1/s17-2001.

[146] A. Conneau and D. Kiela, “SentEval: An
evaluation toolkit for universal sentence
representations,” Lr. 2018 - 11th Int. Conf.
Lang. Resour. Eval., pp. 1699-1704, 2019.

[147] A. Bistacchi, S. Mittempergher, M.
Martinelli, and F. Storti, “On a new robust
workflow for the statistical and spatial
analysis of fracture data collected with

OY ola ¥ o)kl VFeY JLe

&


http://dx.doi.org/10.61186/jsdp.20.3.103
https://jsdp.rcisp.ac.ir/article-1-1307-fa.html
http://www.tcpdf.org

