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Seljuk Pretrained language models are very important because of
their application in issues related to natural language processing.
Language models such as BERT have become more popular among
researchers. Due to the focus of these language models on English,
other languages are limited to some multilingual models. In this
article, the PersianSportBERT language model is presented for the
purpose of Persian sports analysis in topics related to this linguistic
field. This language model is based on the Bert language model and
was trained using the collected dataset. Three problems were used to
evaluate the new language model: sentiment analysis, named entity
recognition and text infilling. In order to train this language model, due
to the lack of a suitable dataset, a wide range of sports events and news
in the Persian language was prepared from several online sources.
Due to the specialization of this model and compared to the language
models presented for the Persian language, this model provided
better results in all three problems. This model had the best
performance with 71.7% and 95.2% in text infilling and named entity
recognition, respectively. In sentiment analysis, the sports model
presented better results. These findings demonstrate that using a
language model related to any specialized field will have better results
compared to language models related to the general field of texts.
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EXTENDED ABSTRACT

Introduction

Language models have become an important element in many natural language
processing problems. These models are usually trained on unlabeled data and then fine-
tuned using labeled data for use in final problems.

Among Persian speakers, sports news is one of the most important aspects of every
Iranian's life. Sports fields such as football, volleyball, and wrestling enjoy a great number
of supporters. For this purpose, language model of sports in Persian language was
examined in the present research named VarzeshiBERT. This language model is trained
based on the ParsBERT language model, which is a general language model in the Persian
language, using the data set collected without labels from the collection of Persian
language sports fields. This dataset contains 2.7 million documents and 25 million
sentences in the field of sports texts.

Methodology

The VarzeshiBERT sports language model is based on ParsBERT model. This model
needed to train 110 million parameters. The training of this language model was carried out
using the RTX 3060-12GB graphics processor based on the parameters in Table 1.
Considering that ParsBERT is a language model based on BERTbase and trained with
general content in Persian language, the existing model of this language model on the
HuggingFace website was used to teach VarzeshiBERT. The parameters of the optimizer
and other items taken from this model were unchanged.

Based on the BERT language model, the training method is a masked language model in
which 15% of the words of each sentence are randomly selected. Of these, 80% will be with
the [MASK] token, 10% with another random token, and 10% will be considered
unchanged. The goal of training the network is to fill the masked tokens with suitable words.

Table 1. Parameters used in network training

Network parameters Value Hyper parameters Value

Hidden layers 12 Steps 1M
Attention heads 12 Batch size 6

Hidden size 768 Dropout 0.1

Sequence Length 128 learning rate le-5

Results and discussion

The VarzeshiBERT was evaluated with three problems in natural language processing
compared to existing language models in Persian language. These issues include text
infilling, sentiment analysis, named entity recognition. Due to the lack of labeled sports
data setin Persian language for the last two problems, a new data set with manual labeling
was prepared which was used to evaluate the sports model. In each of these problems,
the language model was evaluated with the following models, which due to the
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specialization of this model in all evaluations, the sports language model showed better
efficiency and results.

—  mBERT: the multilingual version of the BERT model, which includes 102 different
languages, including Persian.

— XLM-RoBERTa: also includes 100 languages, including Persian.

—  ParsBERT: which is the basic model for training sports model with sports data set.

Text infilling

One of the problems that was used for its evaluation is text infilling. The results of this
evaluation can be seen in Table 2.

Table 2. Results of the evaluation of text infilling

Accuracy
LU Acceptable True
XLM-RoBERTa 46.45 22.31
ParsBERT 65.17 35.65
mBERT 40.23 24.28
VarzeshiBERT 71.7 40.12

Named entity recognition

The purpose of this problem was to find the identity of each word in the text. In order to
train and evaluate sports texts, a new dataset called perSportNer consisting of 4732
sentences was collected. The distribution of classes of the new dataset is shown in Figure 1.
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Figure. Frequency of classes of labeled dataset called perSportNer

Fine-tuning the network and training it on labeled data was carried out using four
evaluated models including VarzeshiBERT. Figure 2 shows the NER process.
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Figure 2. Structure of the presented model for the problem of tagging speech components

Results of this evaluation can be seen in Table 3.

Table 3. The evaluation of NER

Language model F1
perSportNer
XLM-RoBERTa 80.3
ParsBERT 92
mBERT 83.1
VarzeshiBERT 95.2

Sentiment analysis

User comments on sports websites usually indicate the status of a team or athlete and
the level of satisfaction with its performance. One of the uses of VarzeshiBERT is to analyze
the sentiments of users on different sites. Due to the lack of an independent data set for the
field of sports in Farsi, a data set of comments on the varzesh3 site was collected. The
distribution of the collected dataset can be seen in Figure 3.

negetive neutral positive

Figure 3. Frequency of labeled classes in the perSportSent dataset

In order to fine-tune and train the models, a linear prediction layer is placed in the
output of [cls] token of the evaluated models. Figure 4 shows the structure used to train the
evaluated models.
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Figure 4. Proposed structure of the model for the sentiment analysis problem

The Macro-F1 criterion was also used to evaluate this problem. Table 4 shows the
comparison of all proposed models using the perSportSent dataset.

Table 4. Evaluation results of sentiment analysis for proposed language models

Language model MACRO-F1
XLM-RoBERTa 73.39
ParsBERT 83.43
mBERT 75.12
VarzeshiBERT 89.32

Conclusion

The present research is the first implementation of a BERT language model in the
specialized field of sports. BERT language models were trained on extensive datasets. The
sports language model was prepared using the ParsBERT trained model and its retraining
using 2.7 million sports documents. This model was evaluated using three important
problems in natural language processing and demonstrated that in the field of sports texts
it provided higher efficiency than all related Persian models.
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