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Improve Text Representation Using RST-based Deep

Neural Networks

Erfaneh Gharavi and Hadi Veisi
School of Data Science, University of Virginia, VA, USA
Data and Signal Processing Lab, Faculty of New Sciences and Technologies, University
of Tehran, Tehran, Iran

Abstract

Finding a highly informative, low-dimensional representation for texts, specifically long texts, is one of the
main challenges for natural language processing (NLP) tasks. For texts longer than sentences or a
paragraph, finding a good representation beyond the bag-of-words model without losing word order is still
a challenge. This representation should capture the semantic and syntactic information of the text while
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retaining relevance for large-scale similarity search and accurate text classification. We propose the
utilization of Rhetorical Structure Theory (RST) to consider the text structure in the representation. RST
is a theory of text organization that describes relations that hold between parts of text and creates a tree-
structure format for the text document. RST can model the importance and relationship between
sentences or phrases as well. Rhetorical relations or discourse relations are paratactic (coordinate) or
hypotactic (subordinate) relations that hold across two or more text spans. These relations are applied
recursively in a text, until all units in that text are constituents in an RST relation. RST establishes two
different types of units: Nuclei and satellites. Nuclei are considered as the most important parts of text and
contains basic information whereas satellites contribute to the nuclei and are secondary and contains
additional information about nucleus.

In this paper, we examine the effect of using this structure on two different NLP tasks. In information
retrieval, to embed document relevance in distributed representation, we use a Siamese neural network to
jointly learn document representations. Our Siamese network consists of two sub-networks of recursive
neural networks (RNN) built over the RST tree. It means that two chunks (i.e., edu) of the text are merged
according to their relation in the RST tree. For this task, we use a subset of Reuters’s news corpus
(includes eight topics) and BBC news dataset (includes five topics). In the implementations, DPLP parser
is used to pars RST trees. The results show that our approach outperforms conventional text
representations like TF-IDF, LDA, LSA and word vector averaging. The proposed representation beats the
best conventional method by %6 and %3 in precision at k retrieved documents on BBC and Reuters
datasets, respectively. As another task, in the sentiment analysis, first, we use an RST-based recursive
neural network to represent movie reviews and classify the polarity of people’s opinions (positive and
negative). Then, we propose to use the nucleus-satellite information of a node in the RST-tree to build an
attention mechanism by deep RNN to generate better discourse representations. We test the effectiveness
of our approach on sentiment analysis task, and we prove that considering the importance of the text span
improves sentiment analysis performance by %3 on the internet movie review database in comparison
with the baseline standard RNN and 2% improvement in comparison with the attention-based RNN. In
this paper, we improve the text representation by the RST-based deep neural network. This approach can
be further evaluated on the other languages to show the effectiveness of using the semantic information
embedded in the RST format of the text.

Keywords: Document Embedding, Semantic Representation, Rhetorical Structure Theory, Deep Neural
network, Attention Mechanism

Cile (6 S0l calizee il jo ooy, (ol 5l Jol> dodo —)

R SETE L G g bk oy sl s U S il o, sl

b olelS jlop oSy @ G5 aledsl slasts, L i
D90 Jleday b (b (bsle s el sla il

GagSIl a5 col ools L 3l cla gy 4z S
Gl e 51 a8 Lol oo i8 Slesslh aulgs go Baes
ol Jsb b aleisl o 4 obws bz bl ans
Ol S Las Vsb e o |y SllS oy &S
s gloaSed 5l il elgl s oo Jlada
eras 0 g [1] 'Sl e S0 Wil
Tolls Jlop e85 ln 1) [2] oy ple 2253k
bl ae LS Grizes CwbopnSay [3]
e sl [O] T otmny (omae 30t 5 [4] T anclsss
SLILL IS sy eo] ogdle ilons soliiul _sloisk
g 48,5 Sl o by S lgea ) SISTL e ‘[6]
@bl wuS e obml SISIL mhw o ol S

ol @l ailaslsy BISIL 5 alez olodil 4 (o,
S wle alaty; @ b aleisl S SYsb ete sl
YL ol glils b oladsl (pl 0gd oo Sgaze dalS
Sree Yo ke ) Qbsk g 0SS duje a5 ooy
OB s 50 pas aoleish g5 ool S (T pogdle
&S Frgey Ll g gazly G a5 Sy
S HLS ye (Solal Ojgoas e alie by i
ol 3525 (sloselil L) gl o 5 wlass S 1,3
(RST) AQ..;.A N sl Q:J.Ia; L wlgs oo 00eld oyl
S5 e pal5 1y gl B3 S Gy 550

Ol 0ed oo el Gl glaasly 4 e ] o aS
ol blsyl g wsls oL (edu) ;Oy.t.w slal axly lasly

PRSI YW tS 0y p25 gt 3| Jalg, b baas
B s Gresh b Al il ’ 1 Recursive Neural Network

Vbl Glao)iS a5 wiS o polp s> > RST 2 \Word Embeddings
] 3 Long Short Term Memory (LSTM)
5 Rhetorical Structure Theory (rst) 4 Convolutional Neural Network

6 Elementary Discourse Unit (edu)
7 relational propositions

B 2be ) 5Ll VFeY JLle


http://dx.doi.org/10.61186/jsdp.20.1.181
http://jsdp.rcisp.ac.ir/article-1-1004-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-26 ]

[ DOI: 10.61186/jsdp.20.1.181 ]

Grec pmos SlaaSub b cyio (3les )b Sgug Sl HEMW HUELw &y ,05 g )5 )l ey

ol Sy ISt Co 50 40 Sz g0 ol pealidss e
Sl 5 e Mien slagisy p axg 55k
ol Sl o 2y o el
s el il sl 5 U8 4 alie Al
(s Db go hog g e £ Jlle &)l
slogby) 5 o 2lill ane) yo ke sla)ls
walol o caileads Glge M g Sl (6,5 S a
Nl &l (68 S cga oasasl)] sla b,
5 Sldbl Lk Gy s s alesl sbal o
oMJ..alD C.)Lu 9 Qlfé‘é c5§J| L.S)L‘"’m 4.'[5‘» u)}.ai'
g ol Com Azl by ‘uL’L‘ BRIRET P ool T

Dgd o Glare san] sla)ls

£ LS L &yl Y
sl et Cozjlr S (O LSl &k
sloi o Al 41,5 oyl S o 1) (e o
el S g 005 ol (Gl Shle L]y (e ilize
9y » Jlesl JB (izmen and o0 Al e ) >
Al YV i fpeneali g o ol iliis slaJsb b g
Slools @) ze gluly cloasly oy cilizs e
[10]

bl a5l GFee glal gleasly w5 ln
ol 45 o oSl el i gl S oL
o glalaly Sy e S oo oolil sglie by
b Solas cnl sl e 35,5 slasly 5 hle
3 G ez ol Jols il o o s
g oo oolaiwl e

Sihtianseld o By oS L2k, B
Siledlgep Ols il il S Cads 4z
sl slaasly (1 ccasloasl aslsl ;o saias S ks o
S Ly, (F aims i olimenné Ol
Sg2g alize slaoslul b i slansly o (sommuco
OleSs Caeal b olacs e o alasl ) aws g3 (¥ L8l
oo i el Jisle (F o)l 052y (5,l0aS
Sile 90 e lakal, ST (0 sl pog0g0 S0
O ahaly cpl sl 13, g2 lSle S s (e
ol 150 55 T o Bime JS5 gla les 25

Sy sll sly Sl S Jyeme e Sy o
Sl ol g P S e IS e O sl

OO 2bs ) 5Ll VF-Y JLo

‘..x.ﬂsa Cawds (yio yuns 31,8 50 L5 a5 asiuls
e ploedl ddlas jo RST o jls bl sleo)l3s
Ll oL e (sl &k ol sude
S0 4o edu Coenl &S o Sl Sl peddes 250
g5 omizen o [8] ally g5 7] o5 Goc L rst
edu ;o olpedlids 0ad oo attine  Slpealids
g 4 G 5655 o ledhl glls aiwa amaiws
9] w5 e ool 8

olely xS 54 S5t byl @Wlie ol 5 Sas
ST Gros orae (slaaSied 5 (M 5L &L
L oandh )bzl e gloosls el e olessl sl (o
2l 05890 S0 Ojgoa (£ jlSle &)l
Slp ansS e ST ras GlaaSl Wisd e
Sy 90 el pl aie S50 B0l (g5LueXl
LlgoS lopgosS caSymall syl o)
b oaigdh S5 anyTd ol S e asi |y oLy olaf
ALl o ealadyl ol Hlo b oo aslol e s Ay,
Jop ISt 30 lsle asy, o oaSL eac
9o Swﬁ‘)l GbLoJ)L GIL))‘ 092 M‘P Cyo ‘sal.o.')l.v
oy slulesl s g clodbl bl Al
Looledbl obib daby j0 ab pwyp owdS
smas Al pooadls oligs laaSl .5 S
oz sy A8 (29090 S0 p (S (SES5L
4 by ol cwsleasall SYsb ggie (olessl
b ojinie ool plelgs jobar gte (alessh 50k
L oo @leiil slagsy, plo b Gogy onl dunlis
Lwd S35 » 425 B 5 sl x50 ol
aS ol ools las g o ol ISt co sl S
5 0% leiil cgrm g bt it 50 pled Slml S
Sene 1y wlulea! Jdow daby SIS asxcs o
.MQ‘SA

rst o550 ,tsle 5l eolarwl jo dlie cpl (5,6l5
Sz 9890 Gres (oras AL sbaaSid ) )0 (29999
5 Sledbl bl dabsy o Slats gleilb sjle
» w &o..o& eas lebdi..m )I oolazuwl oo

1 coherence
2 Nucleus
3 Satellite


http://dx.doi.org/10.61186/jsdp.20.1.181
http://jsdp.rcisp.ac.ir/article-1-1004-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-26 ]

[ DOI: 10.61186/jsdp.20.1.181 ]

olss oy a5 Lulyy SIS (Byme 4 Sy cnl o
ol Wlge 5 6500 alg, b e Seslsy
Cowgey 3 Lol 5l (Fp a8 adl Aty gy ok
Ol aileals Bhme 0,5 oylge il o Cslosal
03955 gl (5970 LT omlidizn ;) glaalis » iyl
@lbae 5 o5 Sgldd p ojlpen alul, asis
Sy 4 bt by pasts (e slp 5yl 4SS
Bl s wly 40 s daly alaz o " ST S
3,85 929 Ll 5l plaSmes sl (sotrn 8 9 SSILE
Jobt e lal slaisn daly; slao)lsesb 5o

o asls s a8l belas by LelS ez ¢ ol L
RodSs 4 (2 Lals, b1 (s (slaaxly ojge bshs
IS etk &j50a pliy U5 5 0iiS o Juale
O S99 s alie ISl 4z ST 05 o
Sile maw 0 g olae wadJie Sledbl ol

el

T s> Ayl y -1-Y

Grog |y (b ) ale aabps S5 5l 5 dedl

S e

A bl eliaply Mallm Glales )
b o5 )b, s sanga-saby-Kursgard
A5 el 5 5 6Mee VAP paliew ooz

o Sl el S ity YO+ sy, il Y
oacie SVLI (hrizman g dms, ol Sy
WS S alen 4o ST

09 9 Sldl; slas )5 ol tolea (slajyma T
dang (ol b)) Bilon ddllae o (5 gelS
S 5 Sy Slllas Cuz §FglS slaasl
bl pladl Jols s dam slp Lol
L]
Loakl) o Badlss & Slo,edbl e 5l Gaa

ad F i s anese leed SO ol cwl Goles S

2G5S Dbl a5 55 5y glaasly osh

QLS o ol o axly j0 eados pel ioles b alal,

Error! Reference (\) <& ,o o rst Lo

cesloass esls oyLzs source not found.

Colodal g 10 8,5 O Ll 51 Ko Jle azz

2 Morphological
3 Condition
4 Elaboration

ol oilie 5925 Sl Gl Bilon 3500 (e
5 Shle (asid & yo gl P slaplel 9 4z S
2 Olpea b S lis (a8 o)l 0g2g P Soles
sl plel ke Jsb anseds ;o 5 43, )15 4 alox ]
NS e
0355 w3 sl Ol Jedod g 0,8 S ol
) (£ Zomdy (M Laly el o)lhy0 SledL
Slgee Solas o a5 e Sjbe bl g G b
oS (rl 2 e B4 )98 WS atie
Saleez SOl o sly (e sladisad jl slasgons
Slaals Yeor o, G o e 3l diged o .wloals
g aiilo o o ,5 lis ol cnl T olis slas L
oelonds (5 slanz (5 e slaaigel
Wiglge  aslol o a8 oyl b e Slalad
5 edll bolitul a5 sl (V wdgb e Lislyes
Lol b olas, Jolis siS o aseie |, S olas
S olid l eolaul g9 (V 0 pé 5 olSons aladigs
Condge (¥ g0 ;o by 0 jlslo b ales o colazul
(st Cuxdga (F ol dj-” ol 4 a8 gaxly jo Sl
ol & Solas ol e woly a5 e slasls
Sokis &5 (@ A, O .gum 5 b ol Jale
Gk 5l &S alaaxly e g8 (P oo atuie
SIILL e B o jle siload Jate po 4y Solis
o b s salaly 50 1550 a2y 8 (2N oy (Y
Goeolainl Loy oeads Saes o)y el e
M CSp Dppon 5 S oald S sle Solad
Colpealados ba T olis pimen gd oo ool lid
i 1y ol G lalsy 5 e sl slaasls
el olsea 1) rst oldlas 5l gilees WS e
ol Sl F sy JBa Sl Bl guyn e
wilodel daalsl jo Slalllae
bily; oy Caz 60,5, Bk sl &)l
3 Jie Ly, cpl S (oo pald e po Slle o
sl ol @m0 aie ol Lo ge A,
pold 1) Shle Glae (59,5 Laspe sl wpde s 5L
Gilises lgil gl elos il Ky lsieas rst S e
sl st 5[] o By Jle (slp 05,00 S 4 e
olas [12] (w81 closyy oy 505 o5t s
3 ol D)le b g el (e QLRI A8 45 v s
rst 5l mie [)bSle l Wlgoo (oundSl (6 et (550
Dgd Jols

B 2be ) 5Ll VFeY JLle

e


http://dx.doi.org/10.61186/jsdp.20.1.181
http://jsdp.rcisp.ac.ir/article-1-1004-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-26 ]

[ DOI: 10.61186/jsdp.20.1.181 ]

Grec pmos SlaaSub b cyio (3les )b Sgug Sl HEMW HUELw &y ,05 g )5 )l ey

[15] 0Ii%es 5 usosse) ipse o bz aloiil
Yoliwl aSess ol yonray |, o SHlwel 5l oSS
Sldbl bk plKis jo sline Sledbl bl sl
Lo ‘) ul)L& 9 SlelS w).) Lﬁuﬂj) u.a‘ ...\J‘oéﬁ 0y
JRRRCEX N P QLQT}’; yebas Lo (g)lop glad o
9 YU sletel lilo lag e s g Cunlg 0 0 S5, ol
ababl> ALl p e olBgo s G [18] Jge
ehxe wles Sbsl 6l 1) (LSTM) JBaile @awelisS
Ly, [17] 5,50 5 logd ailosy o oMo
Syr 4 g 00y )5 4 e Sk dadsy o ) (O
slosy, e )0 (3 Sl 5o 7Y+ <) ladaso b8
@il 4 oliws glp 25 gjle 5 (12S5L oas
OS50 g o iles S solaiwl e diid 35 pele e
Slp 25 Bgile oeat, iy s S [20]
[21] 5 0 9 S Lles )5 ALl OMax i (5l gX]
Bp Spgen e plil @lp (ras L S
shls laosls gaddg> b g 00,5 oolarul WISy
Ol 5 ey ilasSlop b oledil (bl & ez
mas b g e S e,045 4SS SO [22]
e dlor IS ol s ol sl 1y a5k
..\3‘00)5
bk sy o 1, (2 Lalg, [17] %00 5 Logt
3 1Y) labasMo B deups 4 5 00 p 5 @ e
Lol slazdl o b slo g, Jolie o (C8s nSilee
g Lo loo,s o, as ey bl
Slp st e iS5h cae 4 5l [23] 1,00
sy 5l el wilesy  exe edu S
0 it slaidu il et 6l eddic pa5 i
—uou ‘[7] [24] [8] Y e ).b A;‘ob).v 0 X2 (_;"“‘“"‘5
5 g Il 59 s ol olael b e calize o
oolarul 9 ‘s..a.a )L._'>L~u » @.o...n Lsé)xj) [25] LA—'Y
L [26] U8 5 (oS ilos S )l (3 Sayizs |
okl b po p (i 4z S55le og38
30 S 4o 6l candad Lol &nlxe o SENtiWordNet
O e sl gl 4 jle e
ISt p e DdeolisS alasl> s i Ll .aslasslo
oSl 5l gk lod 0y EAU oS 5 sl

1-3
elaboration
1 2 3

alos b bl o (o 58 (o> 3 Al o0lgg yb 1 () - JS)
Figure- 1 : RST diagram for "‘conference’ text

Cewloso! \) J9~.\.? 3 u;")‘“’ ;\-'a-.“) ‘-"-‘-’"9"

>y Al 1() — Jgu)

Table) : Elaboration relation

g abal, pU
3, Lk 098
SIS 972 2 998

Codge boalal, 3 sxie ol g
Loen ;0 35290 polic 51 50 b woadadl)|
wigh blaitwl nj 3)b 4 asilyioo a5 (63050
oyt 3 A Sl 83150 55 Ca b S o0 1))

e o olid )

e dcgan . Lk oS 5 p 098

JLm :€|};_;| n 929
seds "
dojeranlp o
Syt "
ual} :lol.c -

5o oadadl)l coed w g0 45 QB oo (yauiS oaiiles
Al ates 4 e olsm g
AR oo arseis | \_JL:‘J)? ol yolie pioren

2 Citation

OO 2bs ) 5Ll VF-Y JLo

degocne 3925 (2O HLSlo L)l drwgs 4 425 L
2 ol eolpealade L3525 g wad (5,08 cunzp o0l
M sl &l (6,5 5a ey 95T Lisa o
oy o b SVsb e leil sbml ce
ailg oo dailyy ol (mizan Casloann, 18 anb
gy (o)l 0l sl e jebas

b yo g, -Y
SlaaSd S5 @ (e 2ledil slml slaly) 5l (A p
S [13] sice 5 o5Vl culosa] anlsl js Gaoas
B39l SIS Gl el Sros SBS 555
lixs 0aisS o S asle (S8LS 66351l Lslosls
2990 slael o5 olasy 4y uJJ?'] 15 9950 54
G 1) alie ol Slas oleisl (pl S g0 o Jg
g Kg 20 ool Al o Suop ol glas
So g slp | egoge silegSl g S5 51 [14] )50

! Topic Modeling



http://dx.doi.org/10.61186/jsdp.20.1.181
http://jsdp.rcisp.ac.ir/article-1-1004-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-26 ]

[ DOI: 10.61186/jsdp.20.1.181 ]

9 oo; S v d‘;‘)l) 9 u){v ‘SsLo.J)L: 4 Guos

Sl Yok st sl aledsl &) Ul

Test Phase

~

N —
A
I L tree-
test corpus structured
— _ documents H

Retrieved
documents/
Sentiment

test corpus
representations

Training Phase

—_— [

training tree-
corpus structured
documents H
— _ s
B >

deep neural
[~ network
training

model

Information
training corpus Retrieval/
representations Sentiment
Analysis

&Sl oI (LS (slouds o(Y - S)

Figure 2 : proposed model schema

Sl gte G Saaled Gl bl e 25k
g s Sl (B8 ke pegdle [13]
degeze 5 Syt )s DIMbI (a0 g
Al wld BB sl olesil sl b ol
Whitie 2leiily G3lo w3 B lagy, 5 (S
Sogame 5 ulytys i il gl 5Tl
ool gl gloaSiois 3l ooliil by sl
a Ladl Groas daly gl st woligs sloasis
Lasl g0 LT a5 5,5 oo 9l Lael growas ob b 5 15
9o Jold slBgs ALt 3 Lo Gl et G
Jate So0Ss 4 (29,5 LY j3 a5 ol LSy oS
S 9 BB Glagogy 5l aSedn; 2 50 5 Wgd oo
headgliul slaShy onl oedes gl
Skl (29> Y 50 g0l Bl KuSu L laisss g
5w Sl aSl cpl osd e ooy Clasl ol 4
5979 (69959 5 Om LIl by celil a5 59,0

A8k axsls

SOlesloy 4y —V-)-F
Sob> ol olesil 5ol wledbl bl dads,
Sldbl lojes 4S5 sba el ses ol
shiee 55 oS Cals sy ez (Sis
ALl 90 (e glBg0 slaaSil 5l Bas pl 4 g
iy SO b asld cpl (iieel b 03y oy SAS5L
et glaow ] lag e sladiw oS @ilf g godiws

AdSl u’l‘;}yi 3o ed on plol wBd o e Lo e

2 le L 5l G5 olse pepdle
5 [87] gl Jidos wiile (5500 lasy)lS

el o sslal 55 [38] (o lwands
iy GNE pas waldl] glaby, oM.
@leisl @laylon 5l g pSosppae (lls 5 olile
OS5 S pae (Bres slaaSll 5 aelS ol
arg Lol obml by G oS st
o Sy 2leiil Bl allgeae wadcn 5 iy
Olej o e Slplis (18,5 Hlas o pae g SVsb
bl ] 5 G5O lie ol o sl el ol

03.«.4 ém).c 0)‘9./: U"‘ oM:\jb‘ u’"’ﬁ) L'

&3y 51 -F

ol (V) S 5o oolgiiy o3I IS ol
Oldis (st wgd oo odalin  aFebles
ashbsle S8 4 Sas bogeesl g tee]
s Gajgel mpms tisdi e Jidd (29950 C 0
9y 2 e daby cu p JESHL Bres ac
oalionls el (6ol gl o ploul hjsel Esls
ST WP 9% I COv B D] PR E ) Ry
G gel sl i ead aissel lagleisl
Sl ceslie (o> g ealaid S Jlaine daily
g s

SLHL s (2, 950 adubig —F-)
oleMb|

b basye ogte ol woledbl bk dadsg 5l Sas
Slapt,s5l elal [28] cul cledlbl culgs s

B 2be ) 5Ll VFeY JLle


http://dx.doi.org/10.61186/jsdp.20.1.181
http://jsdp.rcisp.ac.ir/article-1-1004-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-26 ]

[ DOI: 10.61186/jsdp.20.1.181 ]

Grec pmos SlaaSub b cyio (3les )b Sgug Sl HEMW HUELw &y ,05 g )5 )l ey

4

Csbyaal sloasly bl jlop S ool o
Sl oS 5 b W ailoads ools islei Ve g Vb g Va
dw i cpl e el sleel Slessl sl
Qb LS coale slwl degeme g gD g0
oS 2 50 Sl Gy 98 o sl S 5 @b rlnle
ally 08 sleish Sl oS5 mb rst sy
@il ()0 ady) po Jol> pleish aas e S5
el S JS
Olascime bl )l (49,5651 sl glige Al .0
Sl RNN aSlls 5 90 Jolis caisdsl)] (gal8q0 a0
Wi olal aSsboles s LSy slags 4
L olly oleiil 5 oad oS5 oo L edu slaalassl
A 90 sl oledsl dst ey Ay, o aiS e ol
WYarr A0 Sl eslanal b g oad oS 5 Kase L
58 bL3)l lie (295 &Y Wishioe Jale (29,5 &
Error! Reference .o o 4wl |, axw
I, saiasl,l &s s,lexe (P)SOUNCE NOt found.

Soy 2 b gy Sl iloaneS sl Al
@il ools 9, p ATl 50 (295 5 (g (29
oy o glp s wlb Fiie s Gojsel
oy el b o Uar g ool dewlxe 99250
Slopissn 22l Gbol S L ey 5 whes jLisil
oSl 5l g A LSy gl et
5 Caslszye ain oleiil &Sl gy obolS
St lp sl dcgeme ool ASLD ;5
199 o0 Ao 55 Aoles b AW1 g oo oolaiul

i=d, j=d,

By = %Z (; Sy (), ; 6Wmc(f)> ()

w5 4 Ow ) s 5W1Q(i) aolee (ol 5o
,olj Ay glaz 5 culgs o i co o ) r:li oY s>
d2 P di ol sles! Afg0zm0 4O 9> g0 w S0

A oo lid |y CB 0 3 g0 ISt CB o Ges

Bt lojT (guis sy —Y-1-F
Shoie Sz ISt Cope 4 ke L35 sl
Saies ol obsl cwlodd 03, 0,4 [31] DPLP
sl Sauzs ple 4 cod ol e @5 Jdow
sledu o Ly, sais o DPLP ool sg>se

RCWH IRV 2 I RPN IS

OO 2bs ) 5Ll VF-Y JLo

Sl ploreds iS5b mae AL AV (p § Gaes
e on l,8 oolaiul e
st @bl 89 medsl 4 Cwnd (pl o
O SzsS Glit S S (SSr (e Sz
8575 (pized 9 (SVob (g pleijh 4 plies Co
g0 Ah 2l Y jo sbial Glee L3I jlctel drslon

AN

o (glagly woly oo ladily |
Sl ams oo Ginled |y edu S rst e o 5l S e
[29] clds oy oSl 5l €U olesjl dwle
awloods oolazwl edu 2D 50 d9>g0

n

. Wi
Veau = ]_1’: : ()

Sop Wi g edu o 0gzge SlalS slaws N Ll o
aily ol o Ve v ol L Glove! [30]50.s 550l i

Slls by el

Coz g dal Bds 85l cal ol ool
)38 o0 T Slgnymle Sl &Sl oy wgiludle s
A8 oo dledu gl ol olesilb ccnS 5 bl
Dgls oo ,AS g oan ] sla IS 4 oleish cpl Segn

S (2 lod 3l .o

sl g diw oleijl (S8z vy 4 b bl (o
w2 e o] wles Lol

oSy el glgea iSih ceac AL Sl eolaiul ony]
[32] bws iz g o350 (oS S 5 ol
(RNN) T a5 5L mae 80 bl o .Cawloaisas])|
55 3l s S5 s 550 [10] i
iS5 yebay cB 0 ady, g kel siiwa leedu o
() 5o 50 co o ol Jlisle sjleee 1) b oladsl
Cewloads ools iules

Vedutabe)
Wi

Vedu(ab)
Wi Vedu i)
—— ——
Vedul ¥
edu(a) Vedu(b)
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Table 5: Performance of sentiment analysis on IMDB test dataset
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Figure 1: Schematic representation for SDS-RNN
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Figure7: A 2-dimensional embedding for representations of test documents by
different methods using t-sne. See in color for better visualization.
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