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Abstract: This article explores the recognition of collocations in Persian
language. Previous research in this field has primarily been statistical
and comparative in nature. The objective of this study is to identify
collocations using a corpus-based and computational approach. To this
end, the Persian language database is utilized as the research corpus.
Additionally, due to the absence of a comprehensive collocation dictionary
for Persian, a dataset of collocations has been constructed based on
the Advanced Learners’ Persian Dictionary. Using FastText embedding
vectors, a language model is trained with a Long Short-Term Memory
(LSTM) network. Furthermore, by fine-tuning ParsBert, the performance of
this language model is evaluated using lists of a thousand collocations and
non-collocations. Finally, a comparative analysis of collocation recognition
is conducted using Google Translate by translating a thousand Persian
sentences into English, each containing at least one collocation. The
results indicate that the ParsBert model achieves recall rates of 93.95%
and 85.8% for collocation and non-collocation recognition, respectively.
In contrast, the LSTM-based language model achieves recall rates of
6.6% and 0% for collocation and non-collocation recognition, respectively.
The comparative analysis of Google Translate accuracy in translating
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1. collocation 2. second language learning 3. word sense disambiguation
4. parsing and machine translation 5. natural language generation 6. information retrieval
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1. reiteration 2. Oxford Dictionary of Current Idiomatic English (ODCIE)
3. open collocation 4. restricted collocation 5. binary word combinations
6. base 7. collocate 8. lexical function (LF)

9. meaning-text theory (MTT)
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