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deep conceptual understanding. Substantial progress was
made in this field during the 1980s.

Text generation is a field within natural language McDonald viewed text generation as a decision-
processing (NLP) that combines computational linguistics making problem [1]. Later, the concept of Natural
and artificial intelligence to automatically create written Language Generation (NLG) was introduced, referring to
text to meet specific communication needs. Advances in the software process that converts data into human-like
Al have greatly improved our ability to generate targeted language. In 2019, OpenAl released an Al engine called
texts for various purposes. The study of text generation GPT-2, capable of generating text. GPT-2 could process
dates back to the 1970s, with early work by Golding  text based on specific guidelines and even had an
focusing on natural language generation (NLG) based on experimental online tool called Talk To Transformer. This
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Al engine possessed powerful text generation and
prediction  capabilities, particularly  suited for
smartphones. To improve GPT-2, a machine learning
system was trained using around 8 million web pages [2].
This system can identify missing words in text and replace
them appropriately.

Text production is essential in any language, and text
generation serves various applications. GPT-2 allows or
assists writers and typists by completing sentences and
generating ideas across different domains. GPT-2 has
been used for text generation in multiple languages,
including English, German, and Bengali.

GPT-2's language modeling algorithm demonstrates
coherent semantic capabilities and possesses a unique
generative feature found in human language. Language
generation involves producing new linguistic expressions
based on existing language rules, and GPT-2 excels in this
aspect [3]. The training of this language model involved
utilizing over 40 gigabytes of web data and nearly 1.5
billion parameters of text structures.

GPT-2 exhibits a wide range of capabilities, such as
generating high-quality conditional text samples when
given input. It outperforms other language models in
specific domains like Wikipedia, news, or books without
the need for extensive training datasets [4], [5]. GPT-2 can
learn. In tasks such as comprehension, summarization,
and translation, GPT-2 learns these tasks from raw text
without relying on specific training data. By using GPT-2,
we can facilitate the writing process, reduce energy
consumption, increase speed, and improve efficiency. For
instance, when writing abstracts or articles that would
otherwise take hours, GPT-2 helps reduce time, cost, and
energy consumption, highlighting the necessity and
importance of this field. GPT-2 also contributes to cost
reduction in scientific production, which can be a costly
endeavor [6], [7]. A similar example is the auto-complete
feature when individuals search on Google. It helps users
reach their intended search queries faster by suggesting
word completions, reducing costs and time spent on
multiple searches.

Guessing the next word, which may occur billions of
times, has enabled this Al-based system to produce text
that appears to be written by a human. The generated
texts from this text processing engine are grammatically
correct, have a consistent and coherent theme, and
possess an engaging style of expression. Therefore,
intelligent text generation has been performed in
different languages using specific algorithms and artificial
intelligence algorithms. In this research, we aim to enable
text generation in the Persian language.

Related Work

A. Language Modelling

Using a starting word to create meaningful sentences

is crucial in natural language processing. The question of
whether machines can think and be creative like humans
is what we aim to answer in sentence construction. We
train systems for specific tasks and apply them in natural
language processing to tackle challenges in sentence
generation, such as text summarization, machine
translation, and automated question answering.

Language modeling (LM) involves predicting the next
word in a given sequence of data. Researchers have
recently taken a keen interest in LM in natural language
processing. Language models can be divided into count-
based models and continuous space models [8].

Count-based models use statistical formulas to
describe the language model and construct the joint
probability distribution of word sequences. An example is
the n-gram model, which predicts one word at a time
based on the Markov assumption. The probability of a
word sequence is calculated as the product of word
probabilities based on previous words, with a history
limited to a certain number of words.

Continuous space models include Neural Language
Models (NLMs). There are two main types of NLMs: feed-
forward neural networks and recurrent neural networks.
Feed-forward neural networks address data sparsity,
while recurrent neural networks overcome the limitation
of context. Recurrent neural networks have shown
advanced performance. Feed-forward neural networks
have hierarchical probabilistic models and HLBL models
that improve training speed.

Various methods exist for text generation, including
Recurrent Neural Networks (RNNs), Long Short-Term
Memory (LSTM) models, encoder-decoder frameworks,
and sequence-to-sequence models. RNNs and LSTMs
generate sentences starting from a given word, while
encoder-decoder models encode sentences into fixed-
length vectors and then use the vectors to generate
sentences. However, Transformer models like OpenAl
GPT-2 and BERT have also proven effective in text
generation.

GPT-2 language models consist of three components.
"Generative" means the model is trained to predict or
generate the next element in a sequence, even non-
sequentially [9]. Prediction is a crucial task in scientific
and industrial applications. GPT-2 can generate diverse
and meaningful text when provided with raw textual data,
without human intervention. It excels in language tasks
like machine translation. GPT-2 is based on the
Transformer architecture, which is known for language
modeling, translation, and classification tasks, as well as
computational efficiency [10]. Transformers differ from
previous technologies like RNNs and LSTMs by not relying
on previous states, resulting in faster computation.
Machine translation involves converting a sentence from
one language to another, and Transformers, with their
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encoder and decoder sections, facilitate this process.
GPT-2 has been widely used for text generation in various
languages, including Chinese, Japanese, German, and
Persian (referred to as "Bolbol-e-Zaban" in the presented
work for generating poems and verses using Al).

B. Reviewing Text Generation in Different Language

In Chinese text generation, words are masked in
sentences, and the BERT model predicts the masked
labels [11]. GPT-2 is built with a Transformer decoder
module that takes a starting token as input and generates
tokens one at a time, creating the sequence. BERT, on the
other hand, uses a bidirectional encoder based on the
Transformer and predicts masked labels using its Masked
Language Model (MLM) task. Generating sentences based
on starting words is the main task when using BERT.GPT-
2, an advanced transformer-based model, was used to
generate artificial text samples by training on various user
prompts as input. The original version had 1.5 gigabytes
of parameters, and a smaller version with 117 megabytes
of parameters was later released for fine-tuning on
custom text datasets. In this particular language
generation task, Jpop text was used as the training data,
with each text delimited by <I endoftext I>.

In paper under title of “Toward Russian Text
Generation Problem Using OpenAl’'s GPT-2” discuss
around text generation problem in Russian language. This
work focuses on Natural Language Generation (NLG) and
explores modern approaches using deep neural
networks. Specifically, it examines popular NLG solutions
based on the Transformers architecture with pre-trained
models like GPT-2 and BERT. The challenge lies in the
limited availability of Russian language models that can
generate text within specific subject areas. The objective
of this study is to develop a model capable of generating
contextually coherent narrow-profile text in Russian. As
part of the study, a model was trained to generate
coherent articles in Russian within a specific subject area,
along with a software application for interacting with it
[12]-[14]. In this study, we try do same process to
generate Persian text [12].

The field of question answering (QA) and text
generation using BERT and GPT-2 transformers is a
specialized area within information retrieval systems. It
involves formulating queries in natural language and
retrieving the most accurate or closest answer. The
primary goal of QA systems is to provide concise answers
to questions, rather than presenting a list of relevant
documents. On the other hand, text generation focuses
on producing coherent English text by predicting the next
sentence or generating content based on previous words
[15], [16].

The latest version (3.1.0) of Huggingface transformers
was used to generate German text. The new Trainer class
was utilized, and the GPT-2 model was fine-tuned using
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German recipes from chefkoch.de. German text data for
GPT-2 training was obtained from the Huggingface model
hub, specifically from German recipe datasets with
metadata from chefkoch.de [11]. The aim was to fine-
tune GPT-2 using recipe descriptions and generate new
recipes [14], [17], [18].

In another study, researcher focus t generate Sepedi
text. This study focuses on developing and analyzing a
language model called Generative Pre-Trained
Transformer 2 (GPT-2) to generate phrases in the Sepedi
language. Sepedi is a language that lacks resources and
poses challenges due to its orthographic representation.
The GPT-2 transformer requires large datasets and
advanced computational resources. The researchers used
the National Centre for Human Language Technology
(NCHLT) Sepedi text dataset, which is unstructured.
Despite working with a small dataset, the developed text
generation model achieved a low loss value of 2.36. The
generated text produced by this model is syntactically
correct but contains some grammatical errors. Overall,
the model outperformed previous Sepedi text generation
models that used transformer-based techniques [19]-
[21].

Recently, The Guardian published an article about GPT-
3, stating that it can write a 500-word article using simple
and clear language especially in English. The article
emphasized that there is no need to fear artificial
intelligence. The potential impact of machine learning
across various fields, such as medicine, law, sociology, and
communications, in the coming decade is expected to be
unprecedented [22], [23]. GPT-3 generates text that is
statistically appropriate. For example, the initial
description of a car accident resembles the opening
sentence of Jane Austen's Sanditon. This is the latest
achievement of GPT-3, as described in the original text
(Fig. 1 & Fig. 2).

A gentleman and a lady travelling from Tunbridge towards
that part of the Sussex coast which lies between Hastings
and Eastbourne, being induced by business to quit the high
road and attempt a very rough lane, were overturned in
toiling up its long ascent, half rock, half sand. The accident
happened just beyond the only gentleman’s house near the
lane—a house which their driver, on being first required to
take that direction, had conceived to be necessarily their
object and had with most unwilling looks been constrained
to pass by. He had grumbled and shaken his shoulders and
pitied and cut his horses so sharply that he mighthave been
open to the suspicion of overturning them on purpose
(especially as the carriage was not his master's own) if the
road had not indisputably become worse than before.

Fig. 1: text generation of description of a car accident.

We provided GPT-3 with the first sentence and
compared the previous text draft and text generation
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using GPT-2 by referring to Fig. 1 and Fig. 2. Both GPT-3
and GPT-2 function like search engines, where the
generated text by GPT-3 is an additional line. Similar to
how Google provides relevant answers to our queries
without understanding them, GPT-2 follows the given text
and seamlessly continues the sequence of our words,
extending it to a specified length [24]-[26].

Input

Prompt:

A gentleman and a lady travelling from Tunbridge towards that part of the Sussex coast
which lies between Hastings and Eastbourne, being induced by business to quit the high
road and attempt a very rough lane, were overturned in toiling up its long ascent, half rock,

B h_alf_sa_ndlehe gentleman was very little hurt; but the lady had two of her ribs broken, and
sustained some other injuries, from which she did not recover for several months. She never
saw her husband again. He was seized with fever on the third day after the accident, and
died in less than a week. This was in the summer of 1812. In the following February the lady
gave birth to a daughter, who reached her fifth month in all the vigour of health.

Output

Number of tokens to generate:

—0
1 1993

Fig. 2: Text generated by gpt-2.

This study involved focus of GPT-2 in generating text
across  various languages. Through  extensive
experimentation and evaluation, it was observed that
larger datasets produced more accurate and meaningful
samples compared to smaller ones. Moreover, the
application of specific language-specific libraries, such as
the Hazm library for Persian, significantly improved the
quality of generated text, ensuring correct spelling and
adherence to linguistic rules. The study successfully
demonstrated the capability of GPT-2 in generating
content-rich text in Persian, highlighting its potential as a
valuable tool for text generation in the Persian language.
With the advancements in language models like GPT-2,
the field of text generation is continuously evolving and
promising, providing new possibilities for researchers and
language enthusiasts alike.

C. Language Model in Different Languages

Having explored text generation in different languages
and discussed various language models, let's now delve
into the discussion of text generation using different
decoding methods.

Several algorithms are used for text generation,
including [27]-[30]:

1. Greedy search: Choosing the next word based on the
highest probability, which is the most probable word.

2. Beam search: Maintaining a set number of
hypotheses at each step and selecting the hypothesis with
the highest probability. This method reduces the risk of
losing highly probable word sequences. Transformers can
utilize beam search by setting parameters like
num_beams > 1 and early_stopping = True to stop
generation when all beam hypotheses reach the end of
sentence (EOS) token.

Recently, beam search has been criticized for not being
the optimal choice due to the following reasons:

- Beam search works well when the desired generation
length is predictable, such as in machine translation or
text summarization tasks.

- Beam search struggles with generating repetitive
text, and controlling it through measures like n-grams or
penalties is challenging.

To address these limitations, Holtzman et al. proposed
an alternative method known as sampling. In its simplest
form, sampling involves randomly selecting the next word
based on its conditional probability distribution. One
sampling scheme called Top-K sampling was introduced,
where the next words are filtered based on the top-K
highest probabilities, and the probability mass is
redistributed only among those K words. GPT-2 adopted
this sampling scheme, contributing to its success in
generating stories.

The word domain used in the example above was
expanded from 3 words to 10 words to better illustrate
Top-K sampling. One issue with traditional sampling is
that it lacks dynamic adaptability to the number of words
filtered from the probability distribution of the next word
(P(w | wil:t-1)). To address this, Top-p sampling is
employed. Instead of sampling solely from the top-K
probable words, Top-p sampling selects from a smaller set
of words whose cumulative probability exceeds a certain
threshold, denoted as p. The probability mass is then
distributed among this set of words. This approach allows
the size of the word set to dynamically change based on
the probability distribution of the next word [9].

In general, when using a text generation algorithm, it
is important to first determine the objectives of the text
generation task and then experiment with different
algorithms to select the most suitable one. In this study,
various language models were explored in different
languages, including English, German, Chinese, Russian
and Sepedi. Through extensive analysis, it was evident
that GPT-2 stands out as a highly effective language
model for text generation in Persian as well. By fine-
tuning GPT-2 with the Hazm library, the generated
Persian text exhibited coherence, accuracy, and
adherence to linguistic rules. The successful application of
GPT-2 in Persian text generation opens new horizons for
researchers, writers, and content creators in the Persian
language domain. The integration of language-specific
libraries, like Hazm, proved crucial in achieving superior
results, ensuring that the generated text reflects the
linguistic nuances and intricacies unique to Persian.
Overall, the study's findings demonstrate the immense
potential of GPT-2 in generating high-quality and
contextually relevant text in Persian, showcasing its
versatility as a language model for diverse linguistic
applications.
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Proposed Method

For this study, our goal was to explore relevant articles
on text generation from resources like Google Scholar,
ScienceDirect, and websites such as GitHub, Hugging
Face, and Medium. The aim was to find existing libraries
for text generation in the Persian language. To achieve
this, we utilized the GPT-2 tool and online resources like
Google Colab. We also made use of libraries such as regex,
Transformer, and Hazm. Text generation was performed
using the GPT-2 tool, where sentences were initiated with
a starting word and tokenization was applied using GPT-2
and various libraries and tools.

As machine learning algorithms require input data, it
was necessary to prepare a dataset. Google Colab, a free
cloud service provided by Google, was used for
implementation and text generation. It allows
programming in Python and offers the capability to install
and work with various Python packages. The proposed
method of this paper combines various deep learning
libraries and text processing tools to build and evaluate
language models for text generation in the Persian
language.

1. Pipeline: The method utilizes the Pipeline feature
available in libraries like Hugging Face's Transformers. The
Pipeline offers a convenient APl for various natural
language processing tasks, including text generation. It
allows for easy integration of pre-trained language
models and tokenizers, simplifying the process of building
language models for specific tasks.

2. PyTorch: To build one of the language models, the
proposed method employs PyTorch, a flexible and
powerful deep learning library. PyTorch enables the
creation and training of custom neural network
architectures tailored for Persian text generation. The
model is trained on a sizable dataset of Persian text using
PyTorch's efficient optimization and GPU capabilities.

3. Tokenizer: The proposed method incorporates
tokenization libraries compatible with PyTorch and other
deep learning frameworks. Tokenizers are essential for
breaking down text into smaller units and encoding them
as input for language models. These libraries facilitate
efficient tokenization and data preparation for training
the models.

4. Regex: The method also utilizes regular expressions
(regex) for text preprocessing tasks. Regex is valuable for
pattern matching and replacing specific strings, allowing
for data cleaning and normalization before feeding the
text into the language models. This step ensures that the
input data is in the appropriate format for training.

5. Transformer: The proposed method focuses on
using the Transformer architecture for language
modeling. Transformers have proven to be highly
effective in natural language processing tasks, including
text generation. The Transformer's self-attention
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mechanism enables the model to capture contextual
dependencies effectively, leading to more coherent and
contextually relevant text generation.

6. Hazm Library: For language-specific preprocessing
and normalization tasks in Persian, the Hazm library is
utilized. Hazm offers features such as sentence and word
segmentation, stemming, and handling half-space
characters, specifically designed for Persian text
processing. The integration of the Hazm library ensures
that the language model can handle the unique linguistic
characteristics of Persian.

By combining the Pipeline, PyTorch, tokenizer libraries,
regex, Transformer architecture, and the Hazm library,
the proposed method aims to create comprehensive
language models for Persian text generation. This multi-
tool approach will enable a thorough evaluation of the
models' performance and their effectiveness in
generating coherent and contextually appropriate text in
the Persian language. The paper's findings will provide
valuable insights into the strengths and limitations of
each tool for text generation tasks in Persian, guiding
researchers and developers in building powerful language
models for Persian natural language processing.

Average consumed resources were calculated in the
middle of Google Colaboratory after many launches of
each of the original models. The results can be seen in
Table 1.

Tablel: consume source

“ides apacnon PAMIGE 0 G
Gpt-2 100 0.7 2.63 2.52
Gpt-2 500 1.32 3.56 4.63
Gpt-2 1000 4.5 6.53 8.3
Gpt-2 5000 5.3 8.34 9.33
Gpt-2 20000 8.26 11.3 12.5

Implementation Results and Discussion

Generating Persian text with artificial intelligence tools
is feasible, and this section examines models with
different datasets and sizes. In this study, the execution
method involves removing HTML tags using the Beautiful
Soap library from a dataset of 100 articles, leaving only
the Persian text. Next, the data is normalized using the
Hazm library. Certain characters in the dataset are
replaced using the regex library, such as "«" and "S". Tags
like <Num> and <LAT> are used to represent English
letters and numbers. The <eos> tag indicates the end of
sentences, while the [STARTABS] and [ENDABS] tags mark
the beginning and end of phrases to improve data
structure.
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Model Training

After installing the required libraries (transformer,
tokenizer, pipeline, etc.), the model is retrained. It is then
trained with different initial inputs, such as "o _JS<ia 55",
M el S b et and "o=lsA A 4xllas to generate
samples and perform text generation (shown in Table 2
and Table 3). There are also several launches of all models
with different input phrases such as oa"" O S 35"
"l i S and” pal s A aallad”,

Table 1: comparing beam search and to-k search result

error rates. Table 1 demonstrates the output obtained
using the top-k algorithm.

Initially, a 500 parameter-model was evaluated with
different inputs, and the results were analyzed. The 500-
model, when given that input produced the samples
shown in Table 3. The section compares the 500-model
with and without the Hazm library applied. The samples
indicate that the 500-model with the Hazm library
produces more accurate sentences in terms of grammar
and appearance (Table3).

Table3: Comparing Model with and without Hazm

Beam search

Top-k search

Bl o s O S e T
5 iabeiTes S 5355 salbiTes 8
58T 3l el JaSe oJ 25T
S35 el s JaSe 35S 0s 5

05,5 3355 s2liTes S s S

&Q;:@»Q;J&sdf&f,@y_bﬂ

ety JaSe 55 U5 05 8 5 s S
Sl onbaie anlllan opl 55 .5 S L s
5 bsT s 5355 4 %m 058
O35S T Jar 45,8 05 W J 25
s oWiTes S 55 53 auleiTos S
038 934 dslai b 4y 25

L OS> ,S" sl e T
J:l"? 6‘:“’): u:’})
3 5l ilylesS
) QK;;{N S e
B 2505 5,8
osls 6597 o Ll esls
o iy ol e
Ao o 53 53 uilsls S
Sleslil b godd 4 20
& sl 03T 5l
il s 8 pleil s
O &S sls olas (_u_l:.} la

Start word

Model without
Hazm

Model with Hazm

& aalllas
500 -1

ol S aallas

Ao g o Sy b

Aol g doten dot
RESI

B i ol S aallle
oS 0l g 4 0T 51l 5 | 0 $Sene
L pb Ol A 5 Ol As esle
s L5 5, yaeiia b | oy .

Olge & 0S| ST 51 0 ace
Cldl S Ll g 8 Ol s S
SN 4 Ml 5 g das e SalST
AS o 6,8 S s
15 ol &S Ol 4 OT I iomen
jorek S g ST 5 0 ol
ROV I CRC CUPRR TN
all | b glagyls p 5 e 5
Olge @ O 3l rpomen 5 ol ol
el Gl 1S 03k &S
ol gies 03 al O Sbledl sias

0558 Lk i J 257 5 2aleT Sl (sl S
3 oabiTes S 55 55 2Ty 8 S Sisr s ol
03,5 334 $3lai 5 b 4 J RS 5o dal; 055
..U..A.i:mmi:dj::f}&_;ﬁbjT o3 Ll esyls 5 g Hlsliae
SA Sl o

ible ham ( Glmn
Fr b1y ls me dlaly
AR08 Glna
(S s S
@l S Sk
sl g F el
3 Sl Slmr g
o8 S wlg
sible daly s iy
il 085S g
059 sl e skt
038 55 Sl i
S S e
S o5 e
S p el s e
Solel amal= s
O™s58 ¢ hasy
Sl5d 0S5 S
e s Al Ykt
sy

In order to compare suitable algorithm, in one
example, the beam search algorithm with the
num_beams parameter did not produce satisfactory
results, as it led to word repetitions in the generated
samples (Table 1). Subsequently, the top-k and top-p
algorithms were used, resulting in samples with lower

Ol A 5 5
500

o b ol Kaass
$3) g adlas
51, bt sl
B ls oy S

| PP N 3

BERE N

P Gl oslas g ) S oS
sl 53T Olays 55 el asli
338 ol Wil LT Sl
L8l Ol e ol ol
(el ST Sl eslinal L Ol Kia sy
SRS SE55, ey p a0l
als (6 SL ol dustls oengy sla
A IR PTG JUpi g S
4 g 0l BSTy ol ST
e Ssp el Jgana sk

(e lbo J T, b3 T Lsd | on S saes

O, 5 pba o5 S S35 pSWlae pbuil L il s
S Al 533 g ebiosgy glo o ST
30 Gl G ol b 53 393 e sl OT
G g Son DB g3y sless; sla g St

s 4o eubl s
C)lal\.n}uT;J,A
S5 Olas > (6 i
i 4 daloe
O S Olulis, 8
o By, o
BEHFLX
ole B
23 s (5 RS
oTe m‘Jl>
3 Ol )5 (6 R
&)Ta'/.k,fwﬁb',,..:.a
Olas 55 (6 iy
Aals

Gl 4,5 55y ol el s S
wsdd e s S ple e
LS e Ve I, S Ol e
@8 s 8 Ol b e
Sl Olas Gdss ol s S
(ST 3lge 4 Lo sl 039, sla
allan ol 31 ot ki glie, JU ST
e 5T 5L S ST 6,8 o5l
serseg s g S S sy
b sess; e oy Sasls
Slge pl 4 S Il ge Slla
sl 6 SL a5 esls Ol Sl
e 5 o3l Ol 28Ty e p S
2SS e e gos 2D g
21 s pglie 03, sla (6 STL
035 doda gla (6 S Ass Ly, falS
P R I I RTINS R G |
G O smabins Sen 5T andllas
Sgedgysla
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Next, the 1000 parameter -model was considered in
two scenarios: with and without the Hazm library. The
model was tested with different inputs. Ordered and
disordered English and Persian letters in the generated
sample, leading to some words and sentences being
nonsensical. However, this issue is resolved in the
subsequent example by applying the Hazm library. The
1000-model, when not normalized and without the Hazm
library, produced nonsensical words and fragmented
English words in the samples. In contrast, the 1000-model
with the Hazm library applied generated samples with
correct spelling and linguistic aspects. It's important to
note that the generated samples effectively convey their
meanings. They consist of coherent and relevant words
and sentences related to the discussed topics, indicating
accurate content. For example, we present a sample from
thel0000 and 50,000 parameter-model. We then
compare the 10,000_Hazm model with the Bolbolzaban
model as a persian text generator model. Table 4 illustrate
the output of the Bolbolzaban model for generating text
with the different inputs (Table 4). Initially, the
"Bolbolzaban" model was used for training the data, and
the generated samples from the Bolbolzaban model were
compared to the 10,000-case data model as described
earlier.

Table 4: comparing Hazm Model with Bolbolzaban

Hazm Bolbolzaban
ol Sl aY g, s Y (o, nlys
e ol s ST 53 (S9) 5= e eS| bl &S50 sla
10000 plosit Jorbpo oy e lan ool 3 il Ol e o)l 33,55
b B s o (S g 5 Sy
oSl os )l es 5 g 5
Jole 5 6S s (s p s shate 4 aalllas
23 oo S o o il

s S| ot 5 g5 b I
3 aly Sl Sheslazal Ol je b ol
:;yl;g;&jﬁ-.&_l))adﬂw
osliiwl gLlse gosls Hl 3 ‘5; oIl
:;y@l&uﬁwﬁdﬁ”;ﬁljl
ol b oS osb 4o, S S )
it s leo 3 (2l g Al P Ane
2388 S5 s s f
SIS ) G D 53 ule
S s b e ST
Sl Sl @t 5 bl 0 ol on
Y N TR TT
BRIV ("B SEVE T FEPTEPREN
Loakaly s f-)'\] Oladsd osyls 5 s
Q)W&&G}J}bﬁﬁ&uﬂ\)g
pleil s 5o b 5 S,
Calides Calides LS\A u,f:}) A
S8 o clgomy o ) 6K
.s)}.amd\.]m;ﬂl).ssbjjslq‘)’
o 0T s S 55 )5 s
ool 0y 8 4l e

J. Electr. Comput. Eng. Innovations, 12(2): 295-304, 2024

Using GPT-2 Model and Hazm Library for Persian Text Generation

The 10,000_Hazm model shows better results
compared to the Bolbolzaban model, as depicted in Table
4. The 10,000_Hazm model generates more meaningful
samples and longer sentences.

Table 5 the output of the 50,000_Hazm model with the
initial inputs "ual A (A n4allas") indicating the generation
of suitable text.

Table 5: 50000 parameters with Hazm Model

Start
Word
&5 allae

Output

WDoge ey S5 p A G Pl Fp e
e )"g)-u.QM'@M(\QJ‘@M‘%\;ALA}?))&:LQQN&»
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Ao plasil 5 (o Jbs 4w Sl eslinal b Dy sy 555
3 oS5 el oS5 L b LT i) 4 T
LUl o posbie & bl R ABL 0 da 5 B, 05k
055 335345 T 35,5005 5 Js 5 oS 5Lz 5 > (slaken]
Sy oliile S ol 15T oKiils gmitils J 287 5 2ule3T
(mlls ST Sloslial b aalllas ol 532l Bss 53050 123y
sshie 4 LTS a5k eslizal i 03 5 1
iS5 sm3T e 8 95 53 oy ST 553 Oiun e
5 038 S sy (Sla 4 ged  Bolas s 4 daliog 8
e SaleT .8 8 bt p 8 el ol b o355 Lo 5
053 6l o Ggei Olgie 4 uilyls ST 51 Jol s
bodals 5 wei 058 53 53 (B3lad SLS £ b IG5l
el 4 S plonil 31kl sl O a3 3l 03lizl
P Gl (B 1k e (8] izl O S,
;;T;\.m@)ﬁdi_;&u,l};ﬁ;\fﬂch.d_;”,.\,
OF (bt slo (S35 oo JlajT 2 55 cdm
Jole sle g Soabo ke (sl 45 LIS 4 0 5lae Ol
sl o)lae sls OW o ol gl S (o) 215 ol
b alin 3 55 sd O )3 8 el ot A5 ALS
BB a8 515 dys b S5 0l o5, (555 o olae
Sl A sla 2B 3 Gl 53 Tl 03 5 o3z

ol Su-ﬁ/‘ 95

o 333m 05kae e L35 I3 g 23550 b5 ped oS
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313 0L ilesT ol s colo dr SIS 51y T s
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obae b glad 6,8 ojlae 8 ol 0T jI S ol
233 005 sl 2l Lol Ll o 55 e el 168
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The pre-trained model works reasonably well,
generating grammatically correct texts while maintaining
context. The 50000 of parameter model is expected to
have more coherent text than the 20000 of parameter
model, but to run a larger model, more resources are
needed, and they work longer. For the model for correct
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work it’s required to train it on a sufficiently large amount
of text.

Thus, the primary task before training the model was
the search for Persian-language resources with a large
database of articles on different topics. Due to the
number of articles and the approximate amount of text in
them,

Thus, the samples generated using the libraries
introduced in this study demonstrate that GPT-2, in
addition to text generation and prediction, can also
complete text continuations and generate content-rich
text. It can be a valuable tool for researchers in providing
article abstracts.

Experiments to Explore Model Training

After a series of experiments, studies were carried out
on various devices on the basis of which the training took
place such as GPU, CPU, TPU. It was decided to configure
the server with a connection to Google Colud GPU. The
chosen subject area is assistance to researcher and
copywriters.

Train The Model to Generate Whole Texts

When the articles become longer, the coherence of the
text within them increases. An example can be seen in the
figure below with 50,000 parameters.

Table 6: 50000 parameters with Hazm Model

Start Word Output
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&W;},)J@LAIJ&\A}}JJJJQT&J:J\LJ\:
0555 6l 5,55k s &l o35 0s ST 5L
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s 4 s 1y 8Ly il Slo S o b uS
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Wl a9 (2330 50w ool Jule g3

ol Kengs

Conclusion

In conclusion, this study focused on generating Persian
text using GPT-2, a language model based on the
Transformer architecture. Various research studies on
text generation in different languages were explored to
assess the success rates of machine learning algorithms.
Larger datasets yielded more accurate, meaningful, and
grammatically correct samples compared to smaller
datasets. The system reads and learns from input
sentences and data, generating text that is not merely a
copy of the content. Libraries like Hazm and regex were
used for tasks such as HTML tag removal, data
normalization, and string pattern matching. Other
libraries like Transformer and tokenizer were also utilized.
Different algorithms and parameters were experimented
with to improve results. The created models
outperformed the bolbolzaban model in text generation.
The 50000 model served as the parent model. The results
showed that the generated text had the highest
correlation with the given words and phrases, resulting in
coherent and content-rich texts with correct spelling and
adherence to grammatical rules. GPT-2 and GPT-3
technologies have the potential to significantly impact
future jobs, streamlining workflows through artificial
intelligence. Although these models have their strengths
and weaknesses, such as input size limitations and text
generation constraints, advancements in language
models are expected to address these challenges.
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