[ Downloaded from jsdp.rcisp.ac.ir on 2026-01-02 ]

- 10.29252/jsdp.15.4.123 ]

[D

4

la OB b)) oy Dl (61T awd ys
._s)ls Al Jdwo )l odlaiwl

T ke 9> 0 9" ke s o2 anbld Mool wazxe

U‘)"‘ ‘U‘)'éf er‘&lﬁ oli.m‘é ‘f}....nlf 9 d)" ‘5...4)5.01 05; ¥s)
Ol e Jlods sl 3 el e 35sel aaioms SganelS 5 50 (5900 09,5

oduS>

alozr 5 y55lg s (paand’ alinnn ol 50 Bud el (rnb S L) D310y 8395 50 Tk Sl I (S (B SIS (65185 s 5
Sl 6yl (e Gy S dlie cpl 10 dgb oo pasive 5 GBTSlg G976 3 Sy GBS R 65N ez 3 (] > 1 el
T Gebls (531 A Juo SO (Bymo 3l oolisi! b 5 bl basbsy sl dgamo (bgy ol 33 ol o Sledulig oy (yew 1o
049 () 30 W30 e 1y (g laebl BB b yiolyl (31 Jo ((jgel 831 (oS Slual 3929 yge0,3 4T (g9l a0,
redS 531 @b S Wygods dbgryo oy 4 a2l Lojly 12 Slglyd w9 48,5 g0 5105 e sl g5lelus lu!
WD o0 (Pl Ly gis B g omas Al SOl ooliiwl b aSud owl 5o JU s A po g ol Sl (g5 ASul Joo s g 09
ool a5y (1l 33 rwno (y2 5 oo (ot (5l (ot g oSl 1 ol A le dlos SO (gl (63U ASD Jue aS ol 3l e culed o
a5 halpd 5o oolidioy ey &5 Wb g0 Lid g 03,5 w1y ey ol L G o 85 9y ibesT s cusl s

3,18 (5 Yk 8 y5dos BgS Lo (ciso Juo Jho caslie gashg; 3 cadly HLST 53 (5 S (S jgel ol

semal Al (631 (o) b (w132 (S sxaub Sl (9510 1 1 guads 519

Part Of Speech Tagging of Persian Language using Fuzzy
Network Model

Mohammad Badpeima!, Fatemeh Hourali’? & Mayam Hourali*3
? Electrical and Computer Engineering Department, MUT, Tehran, Iran
2Electrical and Computer Engineering Department, Esfarayen University Of Technology,
North Khorasan, Iran

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
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(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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