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Abstract

Text classification is one of the main tasks of natural language processing (NLP). In this task, documents
are classified into pre-defined categories. There is lots of news spreading on the web. A text classifier can
categorize news automatically and this facilitates and accelerates access to the news. The first step in text
classification is to represent documents in a suitable way that can be distinguishable by a classifier.
There is an abundance of methods in the literature for document representation which can be divided
into a bag of words model, graph-based methods, word embedding pooling, neural network-based, and
topic modeling based methods. Most of these methods only use local word co-occurrences to generate
document embeddings. Local word co-occurrences miss the overall view of a document and topical
information which can be very useful for classifying news articles.

In this paper, we propose a method that utilizes term-document and document-topic matrix to
generate richer representations for documents. Term-document matrix represents a document in a
specific way where each word plays a role in representing a document. The generalization power of this
type of representation for text classification and information retrieval is not very well. This matrix is
created based on global co-occurrences (in document-level). These types of co-occurrences are more
suitable for text classification than local co-occurrences. Document-topic matrix represents a document

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

OF 2lo Fo,lel V¥ JLo gy anillan g5 @ VE VN YT LE Gyl @ VYRRV YA s by g ,U @ VYAV allie Jluyl g6 @


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.137 ]

in an abstract way and the higher level co-occurrences are used to generate this matrix. So this type of
representation has a good generalization power for text classification but it is so high-level and misses
the rare words as features which can be very useful for text classification.

The proposed approach is an unsupervised document-embedding model that utilizes the benefit of
both document-topic and term-document matrices to generate a richer representation for documents.
This method constructs a tensor with the help of these two matrices and applied tensor factorization to
reveal the hidden aspects of data. The proposed method is evaluated on the task of text classification on
20-Newsgroups and R8 datasets which are benchmark datasets in the news classification area. The
results show the superiority of the proposed model with respect to baseline methods. The accuracy of
text classification is improved by 3%.

Keywords- Text classification, Document representation, Document Embedding, Topic modeling, word

CO-0ccurrences

»)uJ}s 6‘)‘.’ Lm)\o)g U"‘ )‘ oslaruwl 90 (P d)lw
Ol |y b sg, ool ([10]-[8]) wis 5 sbisl Sl
Lo aucS sl g, g 7pleol sla oy, aslin; g0 4
G Sldae 5 [141-[11] plesl o g, 3,5 pumns
u.»‘ .A.;SGA oolaiuwl asls 6L°)‘°)-.‘ S99y » 6)54Ma5
omle&j M‘yso.; d)ju*i’h" on S Sldes
aS 5 e slagiy, (1] aial are JS sl
Syl sanadss I Jyeneygbar [9] 18] Yogeis
"LSLS L)L“J‘ Ja.w}a Lmu,us) L)"‘ \.\.A.SLSA oolaw! aolS
Sacts) 3 s bl Lawss sasatll sl 5 e
Sl Js ol s las saimslis (SlalS S
Iy oy Sledbl o daw 10 35290 lrass>
ol ISs LT o

B Sy 5l eomae $S0d (S slagh,
S o JUbglgils Yoz g9, e D Jio (oeae
—[15] (LSTM) ' JFusle SawelssS abasl> & sl
5 6ol S oo solil sliwl la adgs (sl [17]
oS el ol T St g s LBG L o is, ol
slp Slals’ oo glagolaz jom 5| b Ll 51 (g ke
Sledbl g oS e eolaiul wiw slaley oy
uLC)Ua‘ 9 (e Gla.w )O) H‘_;).w‘).w 60‘\.\?)pb
i, ol Giisel Oloy inS oo ool 1) (o905
SIS p e slaghy) el (GVsb Jyeregba
5 olls G5 L olls G5 5l Ysane [20]-[18]
obey S o eolaiul oliwl oy ady ol ol
SleMbl | Lais 5 ceul SYsb big, ol Lijsel
.AMSGA oslazul 6‘5“'\5)(”'“’

6 Pooling

7 Bag of concepts approach

8 Feedforward

% Recursive

10 Long short-term memory (LSTM)
11 Global co-occurrences

doddo —)
ol )5 daasll, oyste aiile ol e aulio 0395l
x5 izl GlaaSil o 35zge G55 slagll
gty Hgte (ol S50 g oolaial (sl el Guytws )
5,5 ganaiwd awobe Giybas | Lol olet 2l aill,
L oy 05 el anlE 4 Jote gabdies
RYWIPPYLY g R W UOP I WO - F LR

5 09> Sjgeas Wlgty (e So Al 1 LS
olio 09l 4 Wb 0gd ganaiws all) Al
@ik @lp ot (At glaghy, b olesil
s iy o | L' Olpee a5 Cavloads &l ¥
Slasyy FolelS annS s Glaby, 29,5 meed
doe e laghy, olelS 4w ot
Sloghyy 9 (smas 4D (e slaghs) (E9d9e
Loy s onl yo sladla ooy, onl SIS 5 oo
oy et syl Ak s e oUie
lodusesls

Bl-[1] olls awS » e b,
) arw 50 aelS S5 o9y pas b dgzy Jsene b
o yigy opl 5l eolanul b oobiwl Sledsl waums oo lis
g S sloe osmdy iled e bl Jg el ool
aS ol cpozen [4] e las 1) ollS e
ojlaily Joome,ygboas wiw S slp sadiaisle olds
S oyl a8 ol Tasbca) jo 05390 SlalS sl
4 wlgh oo Azl )0 el STl oy (nl g Sl
18] 05 jomie Pany 0585

7] [6]) auls avws lo i, @) 5 o
OB ats Lxe glaiil o Wl S8 (Shy Jdoa

1 Text classification (Text Categorization)

2 Text representation (document representation)
3 Bag of Words (BOW)

4Vocabulary

5 Curse of dimensionality

OF 2ls ¥ o, VY Jlo


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.137 ]

=

=

G Y9io (§30Aw S i Sliuwl dusd gl 393 Sy ASD)I

il ot Sl il Ny 50 5 &S obml (5)lgen
gem ad ognd Sl goleiday hg, 0 g
o5 Eenlons ool oadisluplite (s3lge (sla,iSl
lo)gis s Hluphate wle ;o 55 ) 5l eslinal floay
sl)556 [25] 1o 0aas IS a; a5t 4y S

255503 Glncker Sz 5 WS (e bl (65500

Oy, o, Y
S i gledjl e slahg) (Byme i cal o
sl bl 9 cube g Wloadz e i o Jls o
Olsie donde izw 0 a5 ok les Cawlood aislo
Wwd g 4 ol ) s oleijl laghs;
dnS g e slaghyy Bl wle a5 08 e
Sbghsy «Eadse e n e sbagty, ollS
s A p Sl bty «SlelS A (e
oy asll o as SIS e ol g

Wloadsesls

GlolS a2 (o sl g, -1
oy e 2leil gl ool slagis, Sl S
dws S5 Glo g Jeb (g, onl yo el GldST Al
Lbm asbedd lasds ith 51 .ol asbicsd Jebs o3lasla
SladS Sy sl addie ith Jlade el oo jalls oo o
osgy 3l (Ko THIDF 0,8 o 13 M Lyl o o
SIS gy onl o 3] el GldS ansS 4 souij
g oo dogy> wiload ST aiw (ol olaws o aS
Jro tcanlons &Il aney cpl jo 58 5,50 sl s,
oS Cym owginS alols 5l a5 [2] 65l Slls ancs
51 [26] ,s auS o oolal LT & 23039 sl LS
3B GBhis I oeolasl b 20058 dam oged S

Cawloads solawl

SEPoe0 JMo g (o sla g, —1-Y
Tl @lime Jelod aey cnl 5o 29y el
51 ooliinl b aiwaalS L sle g,y ol o [27] el
@ a3 ol b g oad 4325 T(SVD) 0,000 jlade 45550
Eyogrdim  mple gy bagsose (gl
bl glaea Glgco |y aims ol 5l easlaassa
h Yl (Joe ooy, cnl 285 A po i ol

<

! regularization
2 Latent Semantic Analysis (LSA)
3 Singular Value Decomposition (SVD)

BF ool ¥ 55led 1F4) Lo

slaghy) i cubee 51 (S b gle &5 eboles
o ool jpa Sledbl 5l Lags oS el ol pien
a5 Shge yo S e oolaul sliul oy ades 6l
ooz joe Oledbl e iy Sledbl ggl> (e
ol [22] J[21] ws wales T e by
8 Lo )Lt o 1) e 5l g8 el w5 o950
09y oy Slabs, had ol p 4t sl (23]
ooz o Sledbl 5l g Wil o aS Cosloass &l
Egoye SleMbl 5l oo 9w aolS ( 5le) (6l
oolaiwl sbwl olessh adgs sly (Eagediw s yilo)
ooz o Sdbl gol> wiw-andS gl S
Glaylan GldS a5 Ly pile ol o .l SldS 5 sl
aln e s e ol |, ol slaggn obel ¢ o
KVOWING VRSP UN LSS VI I U E S PR KPR R
©olaz jon Sledbl 0ai)ls 5y Loids o Sle ol el
Sledbl cpl 4 g5 s0) Cand 3 i a0 SlalS
Cewd lodlgily jo i ple cpl Gpe 3l eolaal b
sl y ady glp Slds (uls 8 ) aas 31 (csl
Sgd oo Az gl SlolS a0l 51 oo gl eolaiul aiw
WDigdh pee SlalS S g WS o slml 1) a3l s
SO i 90 ol wls e 1) L les aiw Jy
SOt Adiwd el D508 A5 40 WS Glai oo,
o> d wiilgn sliwl 4l gl b S aales E 5L
aS oyl a5l 5 eliil olBaus 4 5l wisd las o 5l
Lo jlesl jo 1) olfaus (pl Wlg oo Egdgemdins s yilo
So 2B 4 gpoeem e pmle Jy ams 8
I Slels a5 wwo oo &l 1) s 31 IS L o8y
Syl 25 aS Jyge,0 0,5 o ool IS jebay
S b4y wilgd oo diw G 5l ol g ol oladS
Gl g, B 90 sblye 5l eolatnl gl oS
V\.AS)-’ ‘) ob’..\.lé 99 U"‘ )9.“».9 )| oalazwl L> aS Sl ooy
Sl )éls as )5......*» AA)JU )| oolaw! l; 9 p.HS
et [24] ws T 1) bosls ol sla Sy
..bl.v )9.....\...‘ 4.‘).79 03....» p.uj olJu‘ slw! 61)4 ‘) LS)-A.AJLA-A
2 ok SRy e Wl a5 Wil gl
sle,esl wlgn Wb e a8 Zlzaul 1) bosls


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.137 ]

FoloSn 50 Lawgs YoV F Lo )5 g, ol el [15]
Calul word2vee 4 [law oS g, cpl o .ol &)
e aY S L g s S Sl ol
500Ss b oolyer lalS g obwl oy U ogd oo colaiul
S el VB o oy, So by onl 0gd azb S ol
5 oolatl b oo oledilb slp 5,50 be, [16]
Lol pleiil @l 55 6% slagts, al SBU
5 [32] (LSTM) Buile coeolisS abasls> i ool
[33] ABI-LSTM) 48,bgs ,Buile SoeclisS alasl>
s ollS iy s, ol 4o ewload ail)|
ooy Jsoreysbas T a5l aSd Jy gl e S
2 e plesl Uig, 5l [34] js s)ls Yok el
&S oo oolaul sbew! Sleisl ol gl Ve
et 4Dy (e by, i bl )
A e | wal JNS,SE s slae
5 )l (GYsb (hisel (loj dabsy ol (Jg 1iyeS o
o RS e S 0 1) ol A e slagalad e Ladd
5O Ngd g 48,5 oasol YL il slagolas jon
S e SldS 5l alis G Ojaed olwl b g, ool
LI e a5 ol DMLl 5 g b 5 48,5

Wigd oo 4385 0333b (£9ud90

SIS 2 (G Glogy—1-0

aals slayloy wdgs sl SISl s,
GLS 5 e odg, [35] Wlie ,o aiS e ool
SIS S s o gl ol e A cleas )
e a5 51 [19] 0gs o ol SlalS golason
S ol [19] 5o aiS e oolanal M iigdgils IS
and gy 5l s 9 99800 S SLIS 1SS
S o oolitul wiw 5 aelS laarss o slp og
S S oo Sl 5o ) Sl o 5 b, o
Sogocpl jo a8 aSeslatul oy &LF 5l asy)
g obwl Sledbl pioran 05, 00 YL e  (Souzo
Sl lgs g0 a5 1) YL Calye solas jon Sl
DS od oolitl il agde

5Le

6 Mikolov

7 unsupervised

8 Bi-directional Long short-term memory (Bi-LSTM)
% Recurrent neural network

10 Attentive pooling

11 Graph Convolutional neural net

Jow [28] o b 0,5 0 s e sl
oS Joe ol o i a8 ,F s i el SYlezs|
SYeixl @58 S5 g0t s el Talge Joo S
Pyae fgoge oS o 5 09b o0 Joo brggse (59,
ools (59, el S Jaw (pl (g )l 1) 595 4
2 LIS S YLl Joe izmen 5 098 T A0t
P9y Jede e 4 0,5 ad Ll (o agssge ()
ol o s &l [29] (LDA) TalS, s ks (amass
A 5 LEgdse S5, P Doged M e (s,
Dgbige i SllS (g5, P Doged E5dge
P &S sin 0 5 P mle 53 b, onl 29>
0 5 Conl SlolS (59, ggoge Jim! a5 onimslis
laomy amd e bt |y sliwl o laggidse Jaixl aujs
ooliinl b e pledjl oo crinl &il) (6,500 (sla s,
Ao ps Sl @iy 3l o5 [80] Gy slagsise S|
Jsoraysbts by, ol aaiS e oalital [31] wss
Ol o 4w oo Al 1) e 5 ezl sBaus
3 ol (s 0sdee ganais pllin ;5 e )03
oapol 1) ol olalS Jie anlS mhau 4o (gla S5

123155 oo

SlolS api' p (o slo g, -1-F
Wy sl olds aas 5l e by, ol o
b)}n s.ALC‘ as @LQL}“B) 09..»‘540 oolawl Ao (_gl.ﬁ)‘.)ﬁ
(el 3l colainl 5l aile WS oo 1,8 colai]
At (50,5 g b (65 aleS g aiiin b ggeme
5 oolil s [14]-[11] ares 4 j0 34390 Sl
Slixe caimo)lis Wlgh sod o554 5o Sllas oyl
w3 sl s s 6,5 slagbs, 1] wsl e
oolatwl GlolS sy gumades 5l a5 wial 4l
Tpghe 3 (e by dagis, cnl 4 &5 WS
ol abewsay oty oul 9] I8l sgi eanss
30 cewlio glaadigs slasd o Jg diiias s LB

19] el ISt L

s a5 g (e g7
Mg lp mas Gl ) oy, ol o
)l ‘;.) 05..»‘50 oolaw! slew! ‘SPLQJ)L! LS‘)" 6)[9)‘&)4

paragraph-vector i) (pl 0 o by, (p5c8g,ee

1 Generative

2 Over-fit

3 Latent Dirichlet allocation (LDA)
4 Concept-based

OF 2ls ¥ o, VY Jlo


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.137 ]

=

=

BB Yo (S Isdimwd i Sluwl duss gl a3 (g Ashl

&

Loles -Y-Y
o lasla dlie ol jo axs) IS 4 glasles

Cloads 00)51 (\) Jj..\}

Lales W).QA () —Jgd«.’?)
(Table-1): Symbols used in the paper

Toy sles
@) eSSl Sz g5 S~ S
@) SISy Sz55 2> oy
a; a o, i adse
A) (eSSl S50 3 > o ile
ij A 5l 3] 4l
(A) oS Sl B> e
Qijk A g a3ly0 S
A san

&

o*9) Tdy Y
SleMbl ol 5l celazag (e S50 ok Gledl
oeoslr i bl W Glp Olees
5 E9ose Dbl 5l s Sl sly s, Soslil
o Soslil e slodsl adss sl golasem Sl
Sol> Eyogeain mle Jhe (e9bg0 Sl
Sl 5 et 55 YL e goladen Sl
Syl ola )op lea b s mhaw )5 (golas )0
sl ganaiws @l cwlie oleil adg sl
Oy 00l sl (b, ylien o bl dube Wlgy e
oolainl e (solas o Sl I Jgene,gboas
[21] s canlio 0l j diws (gaiuains (gl 45 595 o
28] o5 l5 a0 &5 epbse DIl (izmen
PR FR V-X O Bt I UG | N L S VIV ) SO
ookl b ol oaddll by, 0 ed sedid,S
omple g Epdgedin mle g S Sl
23S e Sl 553 (6l (@l Dl S aslS
Digdoe adgi sl slaaleisl g oud 48 (ol
ol yo aols’ S T-idf i 4l o jlo Jlaws 12
ooz o bl 5l A aws wlid 1)l
laggdge zlymml aiyld 4o o oS o ooliasl (g pusl oo
ol w2 Dbl 5l 55 Al o ety Jelos alewgay
ot el eimen coslons oolial gyl pus
Sl 3 YL Gl e golas e Sledlbl fols alSS jo
SlelS golaz pen 5l (g in Gledbl gyl> ams o

by

OF by ¥ 5l 1F+Y JLu

Wi j pirs — ¥

23k 950 slasled 5 S 250 4 5 ()

by 25—V
oS ol Gamaizr ] Sy g jgaS () iy yaS
oolaiwl )90 dm 90 3l iw b sbeosls Sleish (sl
S N-Way jous o 5 camsy jsbay 055 0 )18
Sl )10y LA N (5,505 52 ) S5 NP 4y
S 4 bge Dlabue i hls plaS o oS

gl g0 03l Hlzs D JSChay

sz baghy b bgwdlel -pudlul ¥y ya5
dod 2il0aS ol 5l A aiie jaudd SO (gomgd
Y a0 5l e o] o oy Ll 1B g0 s ol
oMl 1o le a5 el edlel g9 A glls

Slp S T asle ol 5 T 88 Lwdll T g 0,
Dy Dk slodled b o iy b pudlal (] D j5us

\.\.’9..»640 oals UL""" D:k: 9

bbby 90 )b oo ) oV Gy
g goodls Las © sks 31 eolazwl

@ ailje wsjle oo ~Hadamard o, F iy
Cawlodosls ULMJ @ Slai b as’ 4.9.!}4

5o Kronecker o ,5 -Kronecker o 5 & 2
olis AQB &y504 B E R g A€ R 5k
(IK) X o3l sl ool ol g 0gi seosls

a B
: o)
a; B

, -Khatri-Rao o, # gy
ol (L © sles b oS cnl Sgin

NtH™
2 Frontal slice
8 Horizontal slice
4 Lateral slice


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.137 ]

Olise 1IN TSoiegnl o)W gy cals
el y 3 abal ) & gody GBSl o Seolatl

ilr:S? - RP-1 ")
5 am el Aitchison oShearw S alal, ol o
sloy g, » k-means oo oSl bows ol plxl
A 09l pll ganalies U ogd oo Jlesl goo50-ain
My slp ry alaly el ploxl gunades 4l )

205 (o0 o3litul abgpe (29 729) Dl
d.

ij
_ { 1 iAjaremembersof the same cluster

0 iAjarenot members of the same cluster (f

Sl o Ml 1 solawl b jgus colw -Y-Y

oy g
Sledl 5 ool b o) sl &2 51 o
W Adg A delS g fdge-dins ey sile 5 Lol
o2 ojlail e so jeets S uSis b udll oyl
g Sl dXd (Jol> oS (29n; sl
olas (V) IS o awld plcald xd X2 4 o5l

Lawlosdsosls

d
d 3 ol
o rle
Egogemdin

d N
u«J)L»‘ / :
d 3 Jeol>

o=l
\_\.Lw—d\.olf

&.9%9) 6&&5&»‘ Sl eslawl b g calw T () - J5)
(Figure-1): Constructing tensor with frontal slices

Sow syl g casle -Y-¥
—3i  ple Ll 3l aST Ganw slayle p csle Gl p
BB 50 )0 &5 ()9S N 05 W dalS 5 5090
Silge lo,gslE g, 5l eslatsl Lol oy
Srse el B oogd o ayie aoda.i‘:Lg)'L»pla’ ‘e
S9z90 ey GlogSl Wlgh so jomtd a3 05l Jol>
WS b a4 Gisu opl [24] WS IKaT T esls e
Silse oyeSl a5 Tglee  sle s
LQH"I alewgay bjloy coln 8> Vou\&‘_g)‘t»p.lé.;.a

4 Isometric log-ratio transformation (ilr)
5 Regularized Parallel Factors

6 Parallel Factors

" Regularized Parallel Factors

ool Lo g9jyag)y o dw! cslw —Y-)
S 4adS s yilo 31 Lol csleSllo!
g bl oads yalb jow S 0 delS ST sis
L‘v ))‘).a mL-j cé}.i} oalo ul.m.‘ M Lu J.;...u—:\.o.ls wu).)l.o
w‘o;.\...u J_mUoJ ew )0 | 4.0.15 as w‘ GvLQ)L Slows
aalS uils )8 slzay TF—IDF' L 25059 5l el 5o
Cewlood oolazwl

BUIRS R S Si KV AU S RSP IWEC SNV PV TR TS
olewl olaws d a5 asb d X d 3l 29,409, sl D!
oolaw! L 9,49, LQLQ’W.M*“ Oy ol ‘5‘).3 ol
5 aaly sl sie-aedS o sle 0 09z ge el
139 g0 oolaiul
D=MTxM )

IR e oms, sl Gl Se plgea
Soliwl uakal, SISl ploal Lo &dly o 05 e
Dy oo asine bl GllS o0y

Hleolawl L o949y (dlwl el -Y-Y
E b o o yilo
ol ok o cul g le ggdseain il
oaumalis ol slogygivw g alite sladiw oaimaylis
slazg> 5l o omile s Slegdge
el TalSy 0 Gl et v y58)

—ak g le 5l Sl ol plo oS ek Glea
S o] 5o baggoge Jlaiml mis saimslis ggdge
SVl 511 o e e cnl e j2 (nlply s
S S Glges g Sl by win sl Olegge
ol S oo il ans Gl Gl (eise 2loisl
slaslas 59, » k-means oo ;o8 6 254 b Ol o
S8 s w8 ganadss ) sl sl Gl
Slaise o k-means o635 4ol Jdoas (ganades
3heolail bl w08 o L3 colatul 550 B>
ited ¥ S 5 olbools a5 SYlaixl glaosls Lo
5ooskie ol Glp wes bow i sbbosls 4

1 Term frequency (TF)-inverse document frequency
(IDF)

2 Latent Dirichlet Allocation (LDA)

3 compositional

OF 2ls ¥ o, VY Jlo


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.137 ]

=

G Y9io (§30Aw S i Sliuwl dusd gl 393 Sy ASD)I

=

alaly ol 50 Sgd e aBLSN Y alal; aiilen Boa &b 4
] G)L‘*'f“'l“ ‘o C)" /1

| )]

min= | D — D |12 +/—1(|| AlZ+I B2+
ABC2 Fry F F
I CI2)

» b giluaigy jsba S gle g sl
Yo alal, 5 [86lossaplonl jio jé jolie
ol g0 50 5 abaly ©)g0n,
1 ..
min 5 Z (D, ), k)
{i.j k}eQ A
: 2
- ZA(i,r)B(j,r)C(k. M +ZAIE +
r=1

Il BIIF +1I C IIF)

25 Sho yb polis den asgeme (b akl, Gl o
Sl e (silwaigy aes ol > 6lp ol
Tl SlupeansS wuysSll Gl JS clle asles
AO-ADMM® sy, 51 Wl 5 Sgas  oolical
b giledigy dinn ol ey cpl o 0,Seolanul
L iloting alins SO a0 (S5 alox S 285 L
5 G Sjgods du g 39d o0 Jrid (Solad Codgame

[36]s55 o J> ADMM 3 AO g, 90 oS 5 L

Soew ‘Slb)b)g ddgi-Y-f-¥
g dwd d X R o3lal GLlo B g A jgSB slo s yilo
oilil el di SO bge e kil e e
3 oleiee el jees STy ol wiw gloass
Sl 5556 sloimsle ol 5| Jolo sl oS5
ams ol b ilesl ) S oS eslaiwl s oy ol
el Grcwle Jlop Joemeygbay A a5 al aid S

ouldoyd lduiuw (gl woew H10 pw adgi-Y-0
slocw glp L8 idu j0 eaddsll o, 5l eolaiul b
ol 5 5 o 5 5905 255 o2 ysn 95750
O9 oaidonys sl gl aS cwl (b 0sd o 7 ylae
Ol 0 Soses adg Sl Wb sk wuld cal IS
&yl oaidonss sliwl slyp Jlop adss slyp o9, (Lo

Cwlodds

S3lgo 1oy 4 jo-¥-F-)

Sl Egemme Dygots HeudS i 0,08l pl e
Loyl 4520 Db ge 43 Sy A e slaadle
G, i g, 5l eolaiwl L owend adgs aw
198 0plnil 2 O)geds Sjlge

& )
DzD=ZaTObrocr
r=1

ST, eaimolil 5 Cudte usne dae SO R akaly ol o
T = Lg‘).gCTE]Rk ijER] 9aTER15C«w‘)9MJJ
e Mg slp Sileange abl) s 1R
1ol 5 Sgot D i)
1
. A2 *)
213122 ID—-D Iz

‘) A L5""’ | C; 9 bi «a; )‘Q)_) ti} JQLAJ LQJ] 093...»
ol ol plas A =ag, ap, ., Gg] Sysoas Gl oo
J ln ogeaisS T)gsl sl ile dam e
oolail T o5l Slaypo aieS (65 lwdings 05 3 o
g T T L I ey O LIS SIS P
Glogeis b g ailflas &ygoas Koo 451518 g0 ol
28] 5535 o e 5,5

l,sSl oS ol cpl ey onl colre 31 S
S a5l g e Tlgen Ojs0ay e yile I ol
s9bomes g Cule, S adgs 5l a3l Jle s al> e
&b o ¥ pyp ilepkie I Alas pl o calall)
Glo,eiSB b cnlonds oolainl jamid 3o (g 5lwdinge
S8 il 4 pmie a5 358 ag (65 )lgen 5 Soalie
by o s wsie sxSsle Mg ) g
J2 ol peses CSlear gy ol 5o ileaie
Cewloadesls C“""?" owd)bp.la.m

ou—i g jlwpbinn (55190 (Lo y9ad &y joxi-Y-F-Y

Vesl
Se e lp 90 e et i gy ol 0
iluplize upi o 5l osliiul b S (glam Lo

&

5 Alternating Least square (ALS)
6 Alternating optimization(AO)-Alternating Direction
Method of Multipliers (ADMM)

BF ool ¥ 55led 1F4) Lo

I rank

2 Factor matrices

3 Alternating Least Square (ALS)
4 smooth


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.137 ]

20-Newsgroups o ySw wleMbl (¥ - Jguz)
(Table-3): 20-Newsgroups corpus statistics

03y o 50 bl olasy oo, pb
vaa Alt.atheism
vy Comp.graphics
asp Comp.os.ms-
qAY windows.misc
sy Comp.sys.ibm.pc.hardware
A0 Comp.sys.mac.hardware
v Comp.windows.x
A9 Misc.forsale
98 Rec.autos
995 Rec.motorcycles
9ff Talk.sport.baseball
499 Rec.sport.hockey
499 Sci-crypt
IAf Sci.electronics
9. Sci.med
Ay Sci.space
SY24 Soc.religion.christian
9.9 Talk.politics.guns
9¥f. Talk.politics.mideast
YYO Talk.politics.misc
FYA Talk.religion.misc

wb gloggy-F-)

&l Siloadeslatwl 3l sla Sl o a5 15 sla s, 5l

oxdlyl (he) 5l el dgute (e Ghomi g dunlie

Cawloas solatl

Slp 1y Jliglgls cwac a5 CNN-random e
Loy, ool oS oo oolaiwl sliwl olaisl audgs
[16] el 1L

Lsd (ool CNN wlice o9, ! :CNN-non-static e
Lags Uas jLaashil anlyd jo a5 col cpl o] wglas
B onl by ot e osliial (09,5 JUI S
Wgds oo fine-tune jijsel b jo 50 SledS loy
[16]

Mikolov 4 Le lawss o9, ! Paragraph vector e
word2vec b alice jlews a5 g, ol jo 0 &)
3o ol o DlalS™ oy ades anyl s b oo ol
S0 Sl o5l Ghsy ol 5 Nebee g
115] coslons oolawl &Y auw

@ 5o begoge SldbI bg) cal ;o TWEY (i, o
> lls Jlop wdy Glp oS a9t 4SS
[38] 54 eo0ls s oo oLzl word2vec

! Topical word embedding (TWE)

(higel 3igy )0 C 5B g A j5iSl sl silo (155G
3leslaiwl b oley wb was slaosls (gl asloas adgs
W3S LSS e ez gleesls 5 (LS C 5B A
)“ L‘”O] M?" 6‘)‘.‘ "5)5 “\-‘Jﬁ-' ‘) Crew 9 Bnew Anew

05....4‘59 oolaw! ) .Lu‘s)

Apew(i,:) = (HTH; + AD"*H vec(D(i,:,:) VD

H;(l,:) =[B(,:) ® C(,:)] )
o e alyo el 131 el Hadamard oo ® oS
el N abb (i,j, k) sloge slhls D(,:,:) o

137] Ll oo Cawss Vo abal ) & jgoas Hy o

o Loy T-F

Wl e ol ax b by, onl Sl bl sl
99 5l A &l e gamaies slp alie slajls
S5 0,5 55 ol Celons ooli] 20NG 5 R8 oSy
Grd OF EImAwd A ;0 Bypme slae Sy
Jolis 20NG 6,y 5 s A ol R8 0,5y it
() 5 (V) Jslaz ,0 oSy cpl el woewl aws Yo
Calods 03 4]

R8 05 wleMb! I(Y - Jguz)
(Table-2): R8 corpus statistics

03y y» 3o dlawl olawy os, pb
Yyay acq
YVE crude
rary earn
o) grain
VY interest
Yay Money-
X
VFF ship
vYS trade

YVAL g ojgal slp aiw OFAD R8 o S 0

20- oS, g ab oolaiwl ialeyl (gl osw

w YOVA g (55900 (gl o VAT« Newsgroups
8,5 15 ookl 550 talejl (sl

oDe 5 slael daoslgien 20NG 4 R8 6,5 ;o

oiligi pw 4o 20NG 0,5, j0 pizred Xad B>

Bl 30w aiws Oledbl gol> a5 oyl

OF 2ls ¥ o, VY Jlo


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.137 ]

=

=

G Y9io (§30Aw S i Sliuwl dusd gl 393 Sy ASD)I

Sosld (595 2 (yske Guaiws €8O wo s 1(F - Jgu)

R8 0,5 s lojl
(Table-4): Accuracy of text classification on R8
sla-osls g9, pdo o9
(a0 39) GisloT

92.5 TF-IDF

85.87 paragraph-vector (CBOW)

91.67 TWE

94.0 CNN-rand

95.7 CNN-Non-static

96.0 Fast text

96.09 Bi-LSTM

96.3 LSTM

93.65 LDA

93.78 Gaussian LDA

93.55 LTTR

97.07 Tens-Embedding

97.3 regularized Tens-Embedding

G‘;"L")‘i Godls (69) p (Guoudiwd CBS wo 0 1(B - J9u)
20-Newsgroups o,
(Table-5): Text classification accuracy on 20-

Newsgroups

(%) «d> F9)
Yoo TF-IDF
Yoo (DBOW) paragraph-vector
FAANY TWE
Y. .0f W2vec averaging
£AA0 LDA
YY.FYV Gaussian LDA
YYXY LTTR
OY.-Y Bag of Concepts
Y¥E.. LSI
YSVE Tens-Embedding
YY$. Regularized Tens-Embedding

+Kmeans+20 clus

b 69y » S -F-Y-)
Josz 5 (F) gz o eadosls lis mll 4 4>
regularized-Tens-Embedding  solgais 3, (B)
o bg) plo & Comd 55V cdoay SlalS a5l
D99 O GrBees dunlie 4y bl o ol oo,
IS Sy peales agty; ple g soliin
Ego9e 3l ooliiul Cu leadall )l Jisya a5 o s,
50 el TWET g, 5l ol SldS solasjon 4
e g3l e 5l sl by, DS g, o
(Bao auls” Glbl oy, C.'a.u 30 SldS” golas,02)
6ol 108) (6wl p (g0lad e D5 oo oolatl LlalS
Silgd oo e gamatis gl (b zmhe o oldS
Oz oy 18 abele GLusl o 1 g i oledlb
213039 gezme 5l oluwl (pledil (8L (slp Ay, crl o

4 Topical Word Embedding (TWE)

BF ool ¥ 55led 1F4) Lo

bolre & &jgods sliwl g cuwloads solarul
[30] wlowssazs 3 L5 o wsS

oolaiwl gwsS msje5 5l a5 LDA :Gaussian LDA e
[31]ass

lp LSTM oSt 5 5l Ubs, ol o LSTMZ o
D9 o ookl sliwl ls 5 adgs

59 LSTM a5t Sy 5l b, ol ,o BI-LSTME o
QB.MJLSA oolaiwl OllS )Lb).g J.Jy L.S‘)" >

9 o 3l 58 e, ol ,o :Tens-Embedding e
23S sk e g (Led9e g Syl DL
[25] cevlonss oaliznl SlolS Jls 5 a5 sl

regularized Tens- L Lo Jou> o (oolorins b,
ol Embedding+”kmeans”™+ number of clusters”
3 gy ded 40 g (gdiwd glp asloadosls

Lawloads oolawl SVM snaiws

R8 0,5 (59 2 0wl Cawdds guli—F-1-)
dslie L SVM sisains hwg eie gaiuaiws gl
Lol U i 5o 45 sliod il slatg, gl
(F) Jsuz ;0 R8 0,80 slaools 5l eolawl b ads o,La]
ol Jgaz cpl 0 092 se guls .cloadosls lus
R8 oS 59, » ke (nl (oleiiny by, &5 wind o0
@S el S e Joo gy, plu e 5
SLI 5l o oS TWE o LTTR e glais,
WisS oo oolaiul (golas e bl I wo g rggsge
IS 2 e @l by, Sl sl

iloads ,alls (regularized-Tens-Embedding)

20- 035y (595 = S0 e dy gL —F-Y-)
Newsgroups
dslio b SVM suaiws hug g (goimainws mls
il & 3 (ie 5o a5 ol oleiil slagis, ¢lsil
Newsgroups 20-0,5. sleosls 51 oolazwl b ol o, L]
ailoabosls ylii (Q) Jgaz o

odel Cewods B3 ¢ Jgaz ,0 sabadl)l ol Gl
(regularized-Tens-  ,guss 5 e by,
L oawlie ;o g canls bs, ple 31 e Embedding)
Sledbl 5l as” Tens-Embedding 3 TWE 4 LTTR
S 6 YL Cds S o colainl LSl

1 Latent topic text representation (LTTR)
2 Long short-term memory (LSTM)
3 Bi-directional LSTM (BI-LSTM)


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.137 ]

Ll baggoge olasi 955 00 SzsS Jloms ol 51 528
Cewlodiools 1,8 oo, olass 31 ies ¢ eoes, ol
Jsla= ;o 20-Newsgroups 4 R8 (slao Sy (sl uls
slobg, B> pogdle Lailoadosls lis (V) 9 (F)
dlio ;X055 b 55 F1-Measure Lo dliwgay alises
Slp lade e e Lo Gialeyl cpl aSleas
olen 5 calons plxil LDA 2,680l legige slass
9y » Slegdge slani sl 09h e cdaliv &5 ok
Pl L yois & S (29, 5 35 oz 3T 2B
£ Silupbiie 5l oslinul Jdoar golgring by, ol
5 oo LB L LaSl o 1) (6550 slaygSe aSTY
Sy aindlys WS (oo xS slr i Sl eiares

b Cews Tens-embedding og,4 cas (g 5YL

R8 0,5 595 2 g gdgn slowi 1 (o 1(F —Jgo)
(Table-6): The effects of the number of topics on R8

F1-score <o e gsgo olaxi
qy.. - a8y A
.. a0.4 V&
... sy Ve

20- 0,5 595 2 Slegudge Slaxi Y1 gy (Y —J9u)
Newsgroups
(Table-7): The effects of the number of topics

on 20-Newsgroups
F1-score oo g g g0 Slaxi
AY.- AY.# Y.
AY.- AY.Y O
AY.- AY.Y A

S3lwpdiin & 5 (s —F-0-)

FA il plea b ilophine &5 i (sl
Sal Cowoas 8o g o eolanwl 20NG L5065,
Zesloaesls oylis (V) S 5o gl

0 0.05 0.1 0.15

Silwed g g5

695 33 59 y S3lwpdiin £33 (Y - JS)
b3l gleesls

(Figure-1): The effect of regularization
rate on the accuracy

bhugie 5l eolatwl casloads colaiwl wllS slayls
wd Wlg sed sbwl Sleil slp SledS slajls
..\.M:Ls u...a AS_' L;)Lum h.)l*@?.»a? oM\)uLﬁM—’

slew! @ledbsl 51 ookl cuw 45 a5 (6,50 a9,
o sl LTTRY ig, o)l calls sabsasl,l g,
6|)|o u.l?) U"‘ A Cnn onjl)‘ U’“"?) as MQGAULM
Olgie Ego50 ;o LTTR g, o el oYL Cdo
5 aals SO iz 5 el GladS 5l cwsS bglie S
wls o gusS sleadlie jloisy ggeme b S
2l Canss (aalS ol slaggoge Glgie Sm)
Do peplid ) e (3 gedge lsie G (S
08z Sl YL 59 TWE & cas LTTR
9 oxS e S i o o) il slagsase
95 bole g Slegdse lp (owss @y 5l oolanl
258 Lossl s sl sy o pesbe wls bl sl
BUCIRYES ﬁbm Iy Joe Cd0 gl o g Camd (g yo
RN

sbesolas oo 5l laad Paragraph Vector i,
Ol ol casS o eolatl sbwl Sloy adgs (sl (oxe
3 s aS Hlo g, Jie ba iy, ple jo .ol 00,8
LSA LDA Jo S oo oolaiwl caog0 Sledl]
d.ia...v.: 6L®ws) )Q w‘ od; Jao& W Ou,\.M:Aj‘)‘ wﬁ)
A e ) ollds e by el sezg b grac
‘.\.\.»SGAJ oolawl 699.»09.0 SleMb! )‘ ‘515 ‘\.\J).»fu;o
] deb Zds 6‘)“3

R N [ O NS PSR &

3loaiashl B,y pogde g taudl aiw glis onimolis
7 LTTR 4 Paragraph-Vector LDA LSA o s,

At (6,5l ads lyls

Cdd (59 y wlegudgo dlowi Jl gy —F-F-)
Syge by S8 5y p Egdge Sl S 23w cal o
@il eSn s, p byl el €85 15 S5
Cawloads sl ams oo JSi 1) (o590l las o Ve aS
5 Oz sos; slawi a4 axgi L laggsge slass

0,5 lp ggoge sl wloas ol ool acgozs
olaws 5l S oo, olaws Ll 20-Newsgroups
$lp g wilad 3 18 oo, olaws 5l iy 5 oo,
e 5 Cesl A baos, slaws aSiyl 4y azg5 b R8 oSy

1 Latent topic text representation (LTTR)

OF 2ls ¥ o, VY Jlo


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.137 ]

=

=

G Y9io (§30Aw S i Sliuwl dusd gl 393 Sy ASD)I

&

representation through clustering words in
distributed representation, > Neurocomputing,
vol. 266, pp. 336-352, 2017.

[10] M. Kamkarhaghighi and M. Makrehchi,
“Content Tree Word Embedding for document
representation, ” Expert Syst. Appl., vol. 90, pp.
241-249, 2017.

[11] R. A. Sinoara, J. Camacho-Collados, R. G.
Rossi, R. Navigli, and S. O. Rezende,
“Knowledge-enhanced document embeddings
for text classification, ” Knowledge-Based Syst.,
vol. 163, pp. 955-971, 2019.

[12] J. Camacho-Collados and M. T. Pilehvar,
“From word to sense embeddings: A survey on
vector representations of meaning, ” J. Artif.
Intell. Res., vol. 63, pp. 743-788, 2018.

[13] D. Tang, F. Wei, B. Qin, N. Yang, T. Liu, and
M. Zhou, “Sentiment Embeddings with
Applications to Sentiment Analysis, ” IEEE
Trans. Knowl. Data Eng., vol. 28, no. 2, pp.
496-509, 2016.

[14] D. Tang, F. Wei, N. Yang, M. Zhou, T. Liu,
and B. Qin, “Learning Sentiment-Specific Word
Embedding for Twitter Sentiment
Classification, ” in Proceedings of the 52nd
Annual Meeting of the Association for
Computational Linguistics (Long Papers), 2014,
vol. 1, pp. 1555-1565.

[15] Q. Le and T. Mikolov, “Distributed
representations of sentences and documents, ”
in International conference on machine
learning, 2014, vol. 32, pp. 1188-1196.

[16] Y. Kim, “Convolutional Neural Networks
for Sentence Classification,” 2014.

[17] G. Rao, W. Huang, Z. Feng, and Q. Cong,
“LSTM with sentence representations for
document-level sentiment classification, ”
Neurocomputing, vol. 308, no. May, pp. 49-57,
2018.

[18] W. Etaiwi and A. Awajan, “Graph-based
Arabic text semantic representation, ” Inf.
Process. Manag., vol. 57, no. 3, p. 102183,
2020.

[19] L. Yao, C. Mao, and Y. Luo, “graph
convolutional networks for text classification,”
2018.

[20] K. Bijari, H. Zare, E. Kebriaei, and H.
Veisi, “Leveraging deep graph-based text
representation for sentiment polarity
applications, ” Expert Syst. Appl., vol. 144,
2020.

[21] E. H. Huang, R. Socher, C. D. Manning,
and A. Y. Ng, “Improve Word Representation
via Global Context and Multiple Word
Prototypes, ” in Proceedings of the 50th Annual
Meeting of the Association for Computational
Linguistics, 2012, no. July, pp. 873-882.

[22] J. Pennington, R. Socher, and C. Manning,
“‘Glove:  Global  Vectors for  Word
Representation, > in Proceedings of the 2014
conference on empirical methods in natural
language processing (EMNLP), 2014, pp.
1532-1543.

[23] C. Chemudugunta, P. Smyth, and M.

Steyvers, “Modeling General and Specific

Aspects of Documents with a Probabilistic

Topic Model, ” Adv. Neural Inf. Process. Syst.,

pp. 241-248, 2007.

BF ool ¥ 55led 1F4) Lo

ool g ol

abstd 5 oS sieen 3l Coles Gaaio I alewsna
O Siegh pl 3l e g ol Coles Glp jeiS
wslise Jos 4 6 155 b AV 2 AT A o lets

oyl (sla,yl5 g (5 yuFazmi -7

o o ab rhe sbal leisl lp (o9, s cnl yo
SledMbl 51 wp g sbewl 5 SledS golas oo Sledbl ;|
Slp w8 o eolatul Clegsge g sl (golas e
My @ln g eslitul jeus 5l Sledbl ol oS5

Ohyy 4 ols las sael Cuwod mls b a8 S
Jes e gadaiws lp cnl Lo SN °J*:’C)'L"°
Glyp S e Joe wly slaghs, 5l e s 5 05
wims 5 slagbsyy 5l aS auls Sl 5o san] sla)ls
Sl & 500 Dbl 5 ST (g, Jre jgms
ol L oledbl e sged gzl ke

2,5 oslazwl

7- Refrece o -Y

[1] M. Fu, H. Qu, L. Huang, and L. Lu, “Bag of
meta-words: A novel method to represent
document for the sentiment classification, ”
Expert Syst. Appl., vol. 113, pp. 33-43, 2018.

[2] R. Zhao and K. Mao, “Fuzzy Bag-of-Words
Model for Document Representation, ” IEEE
Trans. Fuzzy Syst., vol. 26, no. 2, pp. 794-804,
2018.

[3] G. Salton and M. J. McGill, Introduction to
Modern Information Retrieval. 1987.

[4] M. A. M. Garcia, R. P. Rodriguez, M. V. Ferro,
and L. A. Rifon, “Wikipedia-Based Hybrid
Document Representation for Textual News
Classification,” 2016 3rd Int. Conf. Soft
Comput. Mach. Intell., no. November, pp. 148—
153, 2016.

[5] P. Bojanowski, E. Grave, A. Joulin, and T.
Mikolov, “Enriching Word Vectors with
Subword Information, ” Trans. Assoc. Comput.
Linguist., vol. 5, pp. 135-146, 2016.

[6] T. Mikolov, K. Chen, G. Corrado, and J. Dean,
“Efficient Estimation of Word Representations
in Vector Space, ” in International estimation
on learning representations: Workshop Track,
2013, pp. 1-12.

[71R. Collobert and J. Weston, “A unified
architecture for natural language processing, ”
pp. 160-167, 2008.

[8] P. Li, K. Mao, Y. Xu, Q. Li, and J. Zhang,
“Bag-of-Concepts representation for document
classification based on automatic knowledge
acquisition from probabilistic knowledge base,
Knowledge-Based Syst., vol. 193, no. XxxXx,
2020.

[91H. K. Kim, H. Kim, and S. Cho, “Bag-of-
concepts: Comprehending document


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.137 ]

S o ey 19
5o &bl swaige 1SS (el
obisl .l 1S el s JRiils
BRI PRI Y= o3 PV COWJ L S VS

oled )0 (Esas e Sl
ool 5 s g 0,5 351 VYAY Lo o oKl
2 998l g olRals o jl38le s pal S pe ) 0>
Syse boR Sbeaie) b, oLl a4 WWAY L
5 Oeile 6yS ok e b Gh3lon plasl ade
Aol o 595 ools
S el Oyle lagl asbl], Sles
zah-ra@aut.ac.ir

noxbe G0 s
i.]a.a.a" Ie Sg> Oz
‘5...:&...@(4 d.M.u) ).) |) (sulw)ls
oBasls jo (Sog SN 5y
QY8 Jlo) S el sxio
By A,y 1)l sl )l
o) ewsb palleal axles oRusls 51 (ol ple)
Siigd ey 40 | 093 pgo )l ol )5 (VYR

Olojped g awild 0 was a0 dRls o (VYYY)
Aoy ;0 VY Ll olRiily o 1) se5 (gl 5SS 60
Jlo 5l ol sl bl & OTVD) Gy i
i oaSiily ele Cis gac Cwew o VWYY
G S el sxio oBiils Sledbsl (g,0ld g gnlS
S50 saadS sbhdie) ol Jorie Giogh 5 ey
Jhzws b blen olon Juls lag) addle
rile 6350k ok Gl Abn RIS Al

5l el OLle lasl asbll,y Slas
homayoun@aut.ac.ir

[24] T. G. Kolda and B. W. Bader, “Tensor
Decompositions and Applications, ” SIAM Rev.,
vol. 51, no. 3, pp. 455-500, 2009.

[25] Z. Rahimi and M. M. Homayounpour,
“Tens-embedding: A Tensor-based document
embedding method, ” Expert Syst. Appl., vol.
162, p. 113770, 2020.

[26] R. Lakshmi and S. Baskar, “Novel term
weighting schemes for document representation
based on ranking of terms and Fuzzy logic with
semantic relationship of terms, » Expert Syst.
Appl., vol. 137, pp. 493-503, 20109.

[27] S. Deerwester, S. T. Dumias, G.
W.Furmas, T. K.Lander, and R. Harshman,
“Indexing by Latent Semantic Analysis,” J. Am.
Soc. Inf. Sci., vol. 41, no. 6, pp. 391-407, 1990.

[28] T. Hofmann, “probabilistic latent semantic
analysis, ” in Hofimann, Thomas. “Probabilistic
latent semantic analysis.” Proceedings of the
Fifteenth conference on Uncertainty in artificial
intelligence, 1999, pp. 289-296.

[29] D. M. Blei, A. Y. Ng, and M. I. Jordan,
“Latent Dirichlet Allocation, ” J. Mach. Learn.
Res., vol. 3, pp. 993-1022, 2003.

[30] B. Jiang, Z. Li, H. Chen, S. Member, and
A. G. Cohn, “Latent Topic Text Representation
Learning on Statistical Manifolds, »” IEEE
Trans. Neural Networks Learn. Syst. 29, pp.
5643-5654, 2018.

[31] R. Das, M. Zaheer, and C. Dyer,
“Gaussian LDA for Topic Models with Word
Embeddings, ” Proc. 53rd Annu. Meet. Assoc.
Comput. Linguist. 7th Int. Jt. Conf. Nat. Lang.
Process., pp. 795-804, 2015.

[32] P. Liu, X. Qiu, and X. Huang, “Recurrent
Neural Network for Text Classification with
Multi-Task Learning, ” Proc. Twenty-Fifth Int.
Jt. Conf. Artif. Intelligen, pp. 2873-2879, 2016.

[33] T. NKipf and M. Welling, “Semi-
Supervised classification with Graph
Convolusional Networks,” Iclr, pp. 1-11, 2017.

[34] C. Wu, F. Wu, T. Qi, X. Cui, and Y.
Huang, “Attentive Pooling with Learnable
Norms for Text Representation, ” in
Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics,
2020, pp. 2961-2970.

[35] I. C. Dourado, R. Galante, M. A.
Gongalves, and R. da Silva Torres, “Bag of
textual graphs (BoTG): A general graph-based
text representation model, ” J. Assoc. Inf. Sci.
Technol., no. April, 2019.

[36] K. Huang, N. D. Sidiropoulos, and A. P.
Liavas, “A Flexible and Efficient Algorithmic
Framework for Constrained Matrix and Tensor
Factorization, ” IEEE Trans. Signal Process.,
vol. 64, no. 19, pp. 5052-5065, 2016.

[37] S. Smith, J. Park, and G. Karypis,
“SPLATT: Efficient and Parallel Sparse Tensor-
Matrix Multiplication Sparse Tensor
Factorization on Many-Core Processors with
High-Bandwidth Memory, ” no. May, 2015.

[38] Y. Liu, Z. Liu, T. Chua, and M. Sun,
“Topical Word Embedding, ” in Proceedings of
the Twenty-Ninth AAAI Conference on Atrtificial
Intelligence Topical, 2015, pp. 2418-2424.

OF by ¥ 5 Ll 1P JLe

&


http://dx.doi.org/10.61186/jsdp.19.4.137
https://jsdp.rcisp.ac.ir/article-1-1159-en.html
http://www.tcpdf.org

