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Abstract

Part of speech tagging (POS tagging) is an ongoing research in natural language processing (NLP)
applications. The process of classifying words into their parts of speech and labeling them accordingly is
known as part-of-speech tagging, POS-tagging, or simply tagging. Parts of speech are also known as word
classes or lexical categories. The purpose of POS tagging is determining the grammatical category of the
words in a sentence. Grammatical and syntactical features of words are determined based on these tags.

The function of existing tagging methods depends on the corpus. As if the educational and test data are
extracted from a corpus, the methods are well-functioning, or if the number of educational data is low,
especially in probabilistic methods, the accuracy level also decreases. The words used in sentences are often
vague. For example, the word 'Mahrami' can be a noun or an adjective. Existing ambiguity can be
eliminated by using neighbor words and an appropriate tagging method.

Methods in this domain are divided into several categories such as: based on memory [2], rule based
methods [5], statistical [6], and neural network [7]. The precision of more of these methods is an average of
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95% [1]. In the paper [13], using the TnT probabilistic tagging and smoothing and variations on the
estimation of the three-words likelihood function, a tagging model has been created that has reached 96.7%
in total on the Penn Treebank and NEGRA entities. [14] Using the representation of the dependency
network and extensive use of lexical features, such as the conditional continuity of the sequence of words, as
well as the effective use of the foreground in the linear models of linear logarithms and fine-grained
modeling of the unknown words, on the Penn Treebank WSJ model, 97.24% accuracy is achieved.

The first work in Farsi that has used the word neighborhoods and the similarity distribution between
them. The accuracy of the system is 57.5%. In [19], a Persian open source tagger called HunPoS was
proposed. This tag uses the same TnT method based on the Hidden Markov model and a triple sequence of
words, and 96.9% has reached on the ""Bi Jen Khan'' corpus.

In this paper a statistical based method is proposed for Persian POS tagging. The limitations of
statistical methods are reduced by introducing a fuzzy network model, such that the model is able to
estimate more reliable parameters with a small set of training data. In this method, normalization is done as
a preprocessing step and then the frequency of each word is estimated as a fuzzy function with respect to the
corresponding tag. Then the fuzzy network model is formed and the weight of each edge is determined by
means of a neural network and a membership function. Eventually, after the construction of a fuzzy
network model for a sentence, the Viterbi algorithm as s subset of Hidden Markov Model (HMM)
algorithms is used to specify the most probable path in the network.

The goal of this paper is to solve a challenge of probabilistic methods when the data is low and
estimation made by these models is mistaken.

The results of testing this method on ""Bi Jen Khan' corpus verified that the proposed method has
better performance than similar methods, like hidden Markov model, when fewer training examples are
available. In this experiment, several times the data is divided into two groups of training and test with
different sizes ascending. On the other hand, in the initial experiments, we reduced the train data size and,
in subsequent experiments, increased its size and compared with the HMM algorithm.

As shown in figure 4, the train and test set and are directly related to each other, as the error rate
decreases with increasing the training set and vice versa. In tests, three criteria involving precision, recall
and F1 have been used. In Table 4, the implementation of HMM models and a fuzzy network is compared
with each other and the results are shown.

Keywords: Natural language processing, Part of speech (POS) tagging, Persian language, Fuzzy, Neural
network.
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(figure-1): Process of proposed method

3,90 [3] ooz bolvdcseme (55, b9y ol
S8y a5 Gl ol oo las mls g a8 S 18 olesl
099y onl il anals LSt o WS bjeel slacols
DS oo Joe Senst Aipe BsS)le iR S 5l e
ol 5 &gy dlas Jlisle

sy g5l ALl pgd iSu 0 g allie delolys
Slp @3l ed CSle b paw S p0 5o
- TR RCIV IV PR U I B SWIRGH 1 B S WWE S
ol 58 ey GWu g ed oo)5T =l pls
Lol (6 oS s

LR
Cae 5 (5y0kd alize slaglae jo (38 sleaSis
8] i @ Ol ol dlex 5l a5 o)ls 0p)l8
Ol At (9,51 5 [9] el Sty slaailoles
oolaiwl 8395 4y uddy (538 AL (s yxi 0,5 o, LaI [10]

YA 2be F o)l IYAY Jlo

Sy ol [16] o cwsl adl cass asys AVNP
CBs g oodd esliwl aslial o B3ly  s5lgesle
Sl 00ls dgupy doyooliie @ 1) GB35l cpl Sz
&9 Chinese Treebank 3,55 (59, slaiole;] creus )0
&l ool trigram 3l eolawl b [17] alie o .cewl a8 5
AU L S e s g 0 oolil SYLais (ppass
Penn Treebank o,5u (55, o &8s aS ouds l,| HunPos
i [18] sl duoys AFIOA Sl o2 5o WSJ
&5 9 OBl (Nl 5l a8 Conl (o)l b 0 )1
o, OY,0 wlels (pl C8d g 00,5 oolaiul oyl calis
HunPoS ob 4y LaS oo, ez SG[19] jo .ol
Se5 ke (e oo Lo p THT (b9, Glow 5l 5 ou &Sl
/e cdsa g 03,5 oolatul 485l 51 oHbaw allis o
el o) (B2 (2 8,50 (59, w0

P slagtlly (ool (b G Slol (e
aalol jo aS" (60)lae 4 (lg8 oo ol alez 3l aS 5 10 1) 34>
5 o o alial gleesly olulis o5 o)Ll oul
a5 s "W 0smg )b b OIS
Oelogzgts el g oo olly 4 Jgemeygba
a8 Mt g oo LSy ada; L 05l (sl (S
851555 51 5 o225 sl LaglySs (50 Sy S5
IS8 e &y S s ailgin Judl b o35 L opes
30 18,50 ele altas ol 055 a5 Wgd el il
Ll )3 &5 (6,503 9)lpe Gized 9 Sl ()1 iz
el o)lal gl 5l (S p @ o20F Ohgon
OB5ly i plelid )3 LS (P Sl ()18 ez
Al g i diile (oo, lST jo asl woyls 30 ppee
| ot G5 st 5 AL (3l ioable Aoz 5 i
J= 6lp 09z ee slanie Ko lus S jlaus o )]
aloy, g aloaudn Sicwzp alwd g0 4 atas oyl
Dozt OB5ly 1 alyg ) Alws [ 4T Wgd co et
Che gloly ST b plpear wedoe patie 35
Ded oo aine Ailah, )0 Che g4 el ools asdd
3y eog aloy, diws )l Alie opl jo golegrin b,
525 318 At 5 mae AL s lel (slatyy oS
ol (& o)ls D8 ahii g0 alie pl Lol oad
g b osllhe @S 4 Goew; %0 5 aslial (B
ilse Gl (B0l 03l 4y

o s i |y (ol s, winld (1) U
@05 oo Dyge odle il lma Tkl goleia b,


http://dx.doi.org/10.29252/jsdp.15.4.123
https://jsdp.rcisp.ac.ir/article-1-536-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-23 ]

[ DOI: 10.29252/jsdp.15.4.123 ]

Woldin scws p dlawi (V- Jguz)
(Table-1): Number of different labels
Cglite B Cama g Dluai OB 319 dlaas

FYOFA
FAYA
fay
MA

ol><|[v|o|s|=]|=<|—
-+
o

-

Db ) Oygod 174&54.700 S ke olgaeas

((#DELM).0.1) (05! /ADJ_SIM),1.0){ (> /ADJ_SIM),1.0), !
(ot AN SIGN 10) (2= /P) ,1.0) (( 42523 N_SIGN), 1.0), |%
((cmnt /N SIGN ),1.0),((c—ses /ADI_SIM), 10)(2eul ¥ 7PRE),1.O),‘
((-pecar)10) )

)
|

il 5 et B g5l sla b acgee 51

(#/DELM),( =45 /ADJ_SUP),10)((c~5! /ADJ_SUP),(»_s— /ADJ_SIM).04), !
(&) /ADJ_SUP),(s_je— /N_SIGN),0.7) (45} /ADI_SUP) (2= /P) 0.2),
(A== /ADI_SIM) ( 40554 /N_SIGN) 0.26) {( 2 J+—AN-SIGN) (425534 /N_SIGN) 0.8},
(s

(

(

<( o s /P) 425kt /N_SIGN),0.3) ((4sksie/N_SIGN))( < /N_SIGN).0.5), }
((4astsia/N_SIGN),( s /ADI_SIM).0.7)(( s /ADI_SIM) (2! /V_PRE),0.6),
(((<x1/V_PRE), % /DELM),1.0){ (> = /N_SIGN) ,1.0) I

Ol (V) JS8 5o aegazms 9o 5l Jol> (5568 A
atie S5,y belas b yaae (5 Jedome 45 oas ool

w00

(o bl A
DJ_SIM),

(0els/AD
J_SUP),1.

(o,leulP), 1.
0

[ g ( Ao 9]4...A/ \k\
~ N_SING),
Va4 [

30 A I gapae iyl S Ll o ol (S o
WSl SO el ool &Sl1 Qlais a0 (6,15 Ao 4 ax g5 L
] el o sload 9, 2looss b Jbewz S5
S3los3l Gog) gl 5l plgi e &St cnl ilesil sl
5 Jols ASLs 4 a5 5,8 salitul [12] Lo il S Ly,
Dedse S (550 AD (gilusil ol

S el ooy GIF S GH(VE) oS by
50 sl la b g e )5 sosasplis cuws S E gV ol o
Vias oS 058 plgicer 3l b a6l 90 00l
Ty W ol o a8 Ccwl WIT 8l lassommany S
Gl 5o s bcwz 5 (Bly baasplad ol i
cuyai (V) bl Ojg0d Bilgie 5B oo, g0
ol Cogac &b sauss sl uy(wot) Ol 4o aS 0gl

V=40 ot (0 ))ow ) <) O

Sl slegazme ) SHE &5 0,5 (58 (lgi o0 iz
Cue s Ko gy (v, ) o5 cieyss (V) e

] (V,»V,-) 3

E ={((vi,vj),,uv~<vi,v

Dgdige il €5 AL i na

; ))‘(vi,vj)erV} )

5 009 oz p Joz sl B o dolbacgase
ol b Gl 00,95 canz i 03ly yaudio YIF Sq0m
a5 WL canz p SO G eoldacgame ol jo 455l

G P 00)5T (\) Ja.,\} L UT &5& )LQT

A3 y30 Ojlee (gl (55 A I (Jlio (Y- JS)

(Figure-2): An example of a fuzzy network for a given phrase
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(Figure-3): Neural network structure to estimate the weight of the edges
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