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Abstract

People's opinions about a specific concept are considered as one of the most important textual data that
are available on the web. However, finding and monitoring web pages containing these comments and
extracting valuable information from them is very difficult. In this regard, developing automatic
sentiment analysis systems that can extract opinions and express their intellectual process has attracted
considerable attention in recent years. Sentiment analysis is considered as one of the most active
research areas in the field of natural language processing which tries to classify a piece of text containing
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opinions based on its polarity and determine whether an expressed opinion about a specific topic, event
or product is positive or negative.

Since about a decade ago, many studies have been carried out to investigate the effects of traditional
classification models, such as Support Vector Machine (SVM), Naive Bayes, Logistic Regression, etc. in
the task of sentiment analysis. Although machine learning models have achieved great success in this
filed, they are still confronted with some limitations, notably manual feature engineering requirements.
In other words, the classification performance of machine learning models is highly dependent on the
extracted features and they play an important role in obtaining higher classification accuracy. To deal
with these problems, deep learning models have been extensively employed as an alternative to
traditional machine learning models and have achieved impressive results. It is worth mentioning that
despite the remarkable performance of these methods, they are still confronted with some limitations
and they are on their first steps of progress.

Therefore, the goal of this paper is to propose a combinational deep learning model that can overcome
their problems as well as utilizing their benefits. In this regard, an efficient method based on
combination of convolutional and recursive neural networks is proposed in this paper that employs a
generalized recursive neural network, where an intermediate feature is obtained by combining
children’s nodes, as an alternative of pooling layer in attention-based convolutional neural network with
the aim of capturing long term dependencies and decreasing the loss of local information. Based on
empirical results, the proposed method with the accuracy of 53.92% and 92.89% respectively on SST1
and SST2 datasets not only outperforms other existing models but also can be trained much faster.

Keywords: Sentiment analysis, Deep Leaning, Convolutional neural network, Recursive neural
network, Attention mechanism
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(Figure 3): Overall Diagram of the convolutional layer based on attention mechanism

Lu lop Giygel lanl jo o salss o L ol g
(&) akaly o cuigopla wed o adgl oo lade o
saisges 5l oolainl b agyg cpl sl jo 06 o
Sl 51 oolawl (gl Digh oo 48,5 oL g0l
5 elaS e canatws gl sdeliwsa slacysg 4 by e
Gilae X s ile 5o L3 BLoe lajlaws )3 bayjs

Wgd oo o po (V) alal,

Xl =a;o Xi (V)

oS el e cnmsgliioakl, opl
Xi o Goblie Jaw o 1) ap lop yolic 5l plas ;o
oyl Sogie Wb 4iS a5 jsbles WS (o0 05
oyl Jlae! 5l oolisl b o it g il X
bl sailoads Lol (59555 i  ile (55, Al
Bl glea b yblie Xy Gusle glapgiw ol
ool b G35 o S o S Wit 2la S
ojluilay oad fol> Sy CllS aSinl 4 azgi b
S 500 Jloel 1 2 a5 23 oplail g o
Oyl a5 Cwl Sl Jsb b by Soa sl el
5 Oldas cpl ks plowl 1 Gulal 5 1) ganais
S 0pS o0 Dyge plesl @b Sy dlwgs g pgd al> e
axgi b plesl ¥ Lol el ol zals o] Lol Gon

O 2le ) 5Ll VP JLle

40 a8, S Bl olasy sasmolis noadal, ol o
oyl pl laylan 0 dezge yole sl o
oillpa layld gy &5 wites ol Shy
iloals zlydeiwl (69959 wiw 3l cols s 3l alises
b ol bylaw ol 5l plas o 4 Sloiyse (amass Bas
Gl o w4 gl dewsar ols
Coodl Wliwd  gobdiwd lp g Sledl

asloe (8) 5 () Lalg, llas loyyyg ol ol (5 2in

gl o0
Ui =tanh()?lW+b) (0)
a; = softmax(U;u) *)

Sl eolial b Xy sl ozl Ll ol 5o
033 omsle Sl esliiul b g VS gty A
CulBU; € RISl s il 4 W € R
PS50 (swgienS Caled i Golol 2 G 35500
S u € RPT (dlyimo fop b Up (i sle sloylaw
Coodl liee cdolis aS 0ad 0 dwle (3
Xi ouyle Bl jlaw jo sadglsol glo Shs
alwly )0 el U Glgize Lo p v ssoylis d .ol
& bgwe slooja; € R Gy, ole ()
b 4 2y b aes X pw il slayhau 5l plas e

solic ggamme wabul, al )5 eaiats 515 a4y LoSecdle


http://dx.doi.org/10.52547/jsdp.19.1.19
http://jsdp.rcisp.ac.ir/article-1-1060-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-24 ]

[ DOI: 10.52547/jsdp.19.1.19]

aox gle gfﬁ S5 5! ‘gs‘-‘“ff““ oY e Bua
Cds Gl Bas b og>ge slo Shy oS 5 5l Jol>
oolazul (gauaiws &ds J 9y § ez jxd L0

mas aSh oy Seolu (@ -F) e e
o0 V3 gV Wy o] j0 4 el oads ool ylis iS e
0 Ol aY (29 5l V5 6995 OBls (alesst
Vo = FO [, +5) Sppon o5 ol Wy o5
(o F) IS (el Sl e sl S F) 55 e il
W oo LS 1) atlyprens (SAS e (oras &S0 S
oS byl m Fesd s S oolml Gln S
sras &Y Gk sl was (Shy So Wy oS5 ol
Sl ooy ddlsl Sl

3l ool b WHles (gl ool ei s o (&) :(F- JSC)
S 3 mas 4l [16] (gl ool gi s 0 ()

a8l pansd LSSl e 45 3 oLl b e

(Figure-4): (a) Sentence tree generated using recursive
neural network [16] (b) sentence tree generated using
generalized recursive neural network

U= 9 09.....1 G\.H..:L?LA 9))&5; ‘5~»4.C AJY AS_' )‘ OOLQ...MJ‘ L|
M‘? 4\...»...»[.790 Qi ‘;).»5 uJ‘ )l oolazwl l) ..\.”3 )‘é)..)

Dygods hax (Shy  So Gl wl

b g ain (el 09290 slo Sy o 5l Sl 4
byl 4 e S e ol ) o] aneS
% Bk hogl oo (e sla Ty 5l 6k
bly pac ciomy cwac gleasll OMSiL 5l So
emas a4 Wleols ol u&uﬂ s

Olidl asyl @ as g b oayle 5l sdoen 4Y (ool
Sg g0 ailol Slowles (b (o138l 9o Y slass
Lsly cpl jo sl ialidl alele cds wlawle 4 4Y
Olyeds (GiSed (oras 40D Sl goleiian By
o ool siory omac a0 plesl Y K>
casn B, W.fp.m (s—as sloasiis o9l
45 29 o0 2o S gl Al 4 el (onas
Lis el a5 wao ol a5 0 Ojgon | O
Pgdge Dl sla Siwnly 5 aboz o O55l5 i

Wlpesd (S0 4 Y VY
WY S (n g i o)lal pl 5l in o5 ek len
sl Sy gl gln byl QU pos ot
S el ko Vs (sl Sl Lai 5 YU el
obml alex 5l (sye S gm0 Jlsle a5 cul
el g s sl e Saleol s WS
O3S e 53 dlex 53 03ly (6 25 )18 0520 Slulus
ol Gy 5o )l bl b T ol
PRl e SiSme oras S8l dlie o
0eplS ad 040 oo el aS 09 oo colaiul pléol 4Y
oz ;0 (B3ly 5 (oo sla Sy ) Swd
Gl 3l g L masaily gla Sy 5 oat Llxd
sles o as cuwl sal ool lis baioley] (Ko
o)lyen iSee ouac sloaSll dlwsa sabolx]
ol s o Shg olaws ol Loy s Cewyo
oty iy ol 5 Mo I 5 Sl
SIS s 45 Sk e olaj ok 5 sl
S e 4 (e Djgen 1) ala Sy
[1920] oiS ol _tiSen eac (sloaSid
9 0,10 0529 B)5 (S0l ity aS slonsl s Lo
G e & Sl pas S e Sz ) o
O & Oy sl dllae l )0 gl sl bn S

BY orle ) 6ykeis 1F) JLus



http://dx.doi.org/10.52547/jsdp.19.1.19
http://jsdp.rcisp.ac.ir/article-1-1060-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-24 ]

[ DOI: 10.52547/jsdp.19.1.19]

V90 ) bwluwal Jul=5 9 4355 (6lre B)) 6 )85 b sladde S )3 Ay s LIS by

o

4

Sre gl o ol Llly shoy (ae sloasls
log)] gl gole s 0 o5 sl ol b
SloaSlis (699,5 Oleicar ailg o g el S yue
5 eslinad cle aiil ceslis s SiSeR as

Jaj?)ou‘@b‘yﬁwfp@wasm
Lg‘).g @Y}Ja e 5 a5 Cewl Sowads du&lj
Olped S amac a0l eolatll a5 ol
sleosls 8 ol pals 4 e plesl Y Sl
Sl olin Ghsy 50 Oeized Ssdioe i (e
oS SB3ly » Al g shomy (oras a0 S8 )
sl 5 aies alex sline (55, 5 i G sll
sles o cds yiliEl jolatedy g slomy 4Y 0 ax>g
S o (mas ALl Alwga cadads Ol 4
S5 5l A wbw @*‘50"’ smas eyl
0 o Ol 8 glee S oSl Jels Sl (S
6&%&.} U’t’s) as Wﬂ)b )LL:.».:‘ ol o0l oolal Sy
o i, b awslie o loas coiazal o)lge 4y axgi b
ailgy asl sl oy oYL Cdo 5l 0> ge

A aSell S yod |y Sles

b i losl g ol - F

odlodc gozxo —F-)

soldacgama 3l dllie oyl sadplxl sl ole;l adS 5o
Sl 00 solawl @S}BAT acgaze loreas To gaiinl
ol SST2 4 SST1 jizw pj 90 lyls 0g5 a5
(V) Jouz ;0 oolodcgomo g0 (pl b lad,e ol

el 00 sals UL...:

SST2 ¢ SST1 slacsloacgeme g bl aoMs (Y- Jguz)
(Table-2): Summary Statists of SST1 and SST2 datasets

[oslods gorno st o;lil Slows

OeSles o3ldde gone
aloz olass oBsls | oS

Mo
8544 [Train
1101 /Dev 18K 18 5 SST1
2210 /Test
6920 /Train
873 /Dev 15K 19 2 SST2
1821 /Text

Mg sl 4 sl salgs cuvoa Vi, = f(w [zz] + b)
V2

ool W, = f(w| Vs
vm

+h) Oygons Wy o5

S bl 4y 4z b @.Yloe.‘ 2 Srsbar ol salys
i b gle S jlicasdse otz A5z nf SIS
slaleil Wy sl SaTme Ojson 5 (Sislns
Gy onbalne claolasl § solital L i

e oo oolazuwl ;laiy,8

G Y -Y-¥
Slolea! condnd 0 S jasie 4Y ol Lol Gos
sbay 5l jazie ool b (50459 opxile L aS cul
lodld alb SeSay 1) gonasb ollee LS
a; all, cpl o aes o plxl (A ) WSedle
Slasi oniaslis K g (29,5 80, Pi g 9,9 013

aj

Softmax: P; = p(class=i)= ﬁ )
c=1

s rw gy ool Ghisel (b el (S

& ol Hlde 098 arweS () alal, 'l &b A w
6‘)“\4 4&“"’ Q*&"MBLM: 4-’\! c5>5)> )| oalaziw! L,
dmslme o Blie slocwz p g (bigel (sladiges

loss(§,y,W) = %Cross_entroy( V,y) + AW, *)

OY Glo>g,5 Gsl> asgeze P oakal, ol o
dcgeze Y g Sjeel ldiges sl LuSecdls
sdiadplii Ny gl (glaaiges b bl glac
oile samsplas Wl Liisel (slaaiges slass
sl Sl 55k meba ke Ghe A e ye 5 05
5 Ghey Gyl lp S e B Jols T bline S
[30] ol valgz oolazwl Bolai Jop obol,5 5l
954 olgien |y lie (ol (5)51e iz (S5 jsbas
e lie ol Bun AT Slwlyl 5,8 e is
ol luleal o g cwl Glulua! cadad ol
ohatedy el S 56 Line o alaz 45 55ly s
5 R ras el b Shy awe gl
Sheolainl cle wad S e L SiSe omas

4 Stanford Sentiment Treebank

O 2le ) 5Ll VP JLle

! Loss
2 Regularization term
3 Cross-entropy


http://dx.doi.org/10.52547/jsdp.19.1.19
http://jsdp.rcisp.ac.ir/article-1-1060-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-24 ]

[ DOI: 10.52547/jsdp.19.1.19]

ool cinogs —F-Y
oileyl ooty by, 9 Ses (383 (o) p jslatedy
Syl EiRe oS iz b e sl
aalol yo QT Sloeudgr 4 Cowl 48,8 s golgiing
Shegise ol laiale;] jo aS canl a8 ol sl
Sy @bl Joe 5l eolainl b as S5ly slajls »
o5y 699 Olesa Wy hisel pl S Sl

gl oo oolaiwl goloiing
:CNN-Attention-RNN-Plus-Rand e
9 axs )0 g5le by chomy mas AL oS S
st hme o Sis b T e 4522
olal Ojsods a5 S5l olayle sl asT ol
mas Al (69959 Oleeas wiload a0 jluae

.J.J.f‘sa oolazw! o
:CNN-Attention-RNN-Plus-Static e

9 429 895k al p homn (oras Sed S5
s e Sle Ty b iTee oo 453
Jowe 5l oolital b a8 531y slayls,y 5l a5 ol
oolatl (99)5 lsrear wloads adg eSSl
ol b o yloy pl a5 il puet w6
aalp b s OBls oy (js 5 0os el (3]
S50l Slyien el
: CNN-Attention-RNN-Plus-nonStatic e
95429 005k by » (Siomn (oras &GS S S
ah yme o (s b S on e 45
Joe 5l eslial L aS” SE5ly slalop 5l a5 el
ooliiul (63959 lpreds wiload adgi ol S uSCul
il by byl ol as casl oS w8
sl by Lol gy 5 s Sl oyl
Sgdise o398 25!
:CNN-Attention-RNN-Plus-2channel o
5 4xy Uoile aly » oiomy (oras 4SS S S
x5 Bpme o (Fig b S en e 455
5l okl b a8 G551y sla o oS 5 5l a5
S o glaylsy g whas Wy sl SoaSul Jse
99,5 Glaeds wiloals op3)lads Bolal &0
A oo ool
et sbaSl anje &b Sl 4 axg L
3550 (3el sl o ploen o)l sl Bl L8 58
sl dingy 5L 4 96 s 5,5 o )5 oslic
el adgl sl el 4 azgs b ez ps s

() alozr VVABD ol acgozme cnl (S ol
zl,7<wl rottentomatoes.com  sles,)b 5l a5 ool
Glise clopld o)l o3l Sl b Lade 5 wlond
drain acgome 4w g 05, iy lyls SST1 s
shls e g bl 5l plas e a8 coul e text g dev
a5 Cwl guaS cewl ale> YYYe g V) VADYY
5 ezl oadzlpunl lile Joli train acgozme
09> L5 test acgamme a5 Jl>jyo cunl ez 04>
S eop 3 |y e
pled i slagly)l plxl ln aslsl s
g odd aid,S onol eobacgexe (pl i O
99 St (bt g Cute g e (L g (e DDl
93 il acgemme pl ol pleol aie g Cuio 09
15 ooliul 5,50 b ale] 5o SST2 sl L a8 el o3,
Acgozs ) A Slylo 505 SST2 SST1 wiiles 0,.5 oo
s e o] 5l plas e a5 ol 1y text g dev drain
el aloz VAYY GAVYSAY - )l

Ll ovgy -F-Y

Sgd oo pateive (Sloy B)3 6,53k slapi o8l Sl
a0 (Jae g pSol s ey sadady uils oS
O 1y ol G5l ol B 0,8 515 Julow 9550 23]
e i 1y 00y Sol Jae QLIS ol (g 50 5 95es
Sl esleiian gy 2l sl dlie (ol yo 08
e plyiear (ctalojl glaools gl ganatms 'eds
olawd o 5l (ke ol Jlaie 05 eolawl b))
B oolaws p Wloads guamains Cawps oS gladiges
Dloe Cavors (Vo) daly Blae iolej] sladises
1, 05 b stalas] a5 0355 ol S¥lie o a5 ol i
@yt 5 00l ol SST2 4 SSTL claosloacsame 53,
3 eslas 318 solaiwl 8,90 i dlae cpl o aslae
el 0als oolainl byl sl Jlre (oo

Accuracy = TPATN )
Y = TP+FP+TN+FN

erdisged olaxi (i3 4 TP g TN ahal) pl 5o

R e g St sladius jd (i yda Jue oS aitus

aS Cowl obdiges olaxi i ylis 50 FN 5 cowl ools

olawy edmoslis FP g aie aiws jo olailay

ailazd 518 cote aws o oletilay 4 cul Hladiges
[38]

! Accuracy

BY orle ) 6ykeis 1F) JLus


http://dx.doi.org/10.52547/jsdp.19.1.19
http://jsdp.rcisp.ac.ir/article-1-1060-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-24 ]

[ DOI: 10.52547/jsdp.19.1.19]

%
2
ES
P
3
3
2
k|
)
7-’;
%
2
)
X
9
5
.
E
3
y|
2
3
D

ol 5l Gy 5l el gl slegtales] o ams
Tl Gl Rl 5 bl SRl sl s T sl
Gl pudiass g, S amlail o851 sl oall oolazl
Jsb o bdiges 51 (S p (Bolad (58, 5easl b oS
ey ole Gl LS e e s Ghjsel anl
Lly ! 5o 0500 o )l el 5 005 (65T sl
Y yo 10 BT E S L goleig )
oolawl cawl uaF ol pdas SiSee Y 0 /Y
Sl a5 cosdly pl 4 g b xaSea aY
S8 )_..;L Cod 0olidl 50 slosls 4y Cond S 250
049y ol Ll cel i semg03ay 0,5 e

39 on 3leion

Al (Jlgio S i (oo ol )byl Hlodo :(F- Jguz)

b ol T 2500 5 by
(Table-4): Hyper parameters values used for
regularizing embedding, convolutional and recursive layers

).I\JLM
: S slo bl Y
150 OB 5ls slo,lo  aey
5 0 oy ojl_\ﬂ uvaLw; ‘Dy
0.025 GSob F
3-4-5 EJHRRSIRY
150 o ,2l8 sl ay
0.5 ol el 5l g e
0.001 G50k Fy
30- 40 5w oty olass
oo aY
0.01 (_gﬂfol.i s »
0.2 R RUINERI P ©

g o ¥
ol oldl g golpainn oy, o, Slee ols lis jglaieay
emas A, axg IS g Lo 5l colaiul a5 Leo
Olysds iSoed mac aSD I o po e (S
5 S She Sl eolaiul g slésl Y Kl
G&JMQ ‘;_’éo u“:")é‘A‘,’ ‘. ..,.frw . i.
by, 5l emms il b golgiiay by, g o0

2ol a cwl ad S 18 anlie 5)50 39250
90 shls Jeaz cpl sl sad ools lis (B) Jgux
Sl e b g e gl cans i (o S Coul sy
ol silwosly Sl Jol> @l pgs (25w )3 5 3929
3 SST1 slroslodcgama (59, (golorinn by, alizxe
el a4 a4y Lol ead ools lis SST2

GrSob b o sla g, a5 S le o o lcawad,
S s, 4 a6 YL Cdo 3l Sl jsbas B3

O

! Dropout
2 Qverfitting

O 2le ) 5Ll VP JLle

Jdsb o wilgi o dome alizes slaaigy coadlosls
Joe bl pan] casos Jaw S5 5l calisee slal >
12,25] il (Koo 5 (9 lawg oadoslatwl bl
SBlyml g Sl SeSa Lo iale;] calisee Elyl soles
S s S 13 Sblssee D2l by 0 b
@S e o Dl gy ol )0 S8 e & Sl
@l glgl oolaiwl 0,90 sl ol )by g ol oals 3,155
ools (La3 (V) ooz )0 ool (g, slasslwosly

5 Cowl aladl> Jolw o3lusl oamaylid 1 ol jo aS Wilouds

o Ll golpiig (b, u:’)'ﬂ*’U-.‘B sl el )b olass 46
S e

& ol )y Slosi g alidls Jokuw 0310l dunss Uio :(Y— Jgu)

GOkt P9y B lwesly Elgil 6l 200590
(Table-3): Comparison of memory cell size and number of
trainable parameters between variations
of the proposed model
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(Table-5): Comparison of the proposed model with other existing models
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(Figure-4): Evaluation of CNN-Attention-RNN-Plu-2channel model. Classification accuracy for training and validation sets based
on number of epochs is presented in left figure. The Loss value for training and validation sets based on
number of epochs is presented in right figure.
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