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Abstract
This research aims to 1) improve the efficiency of meaningful search subjects from doc2Vec
techniques and 2) develop a system for searching for songs from vocals with meaningful search
models from Doc2Vec techniques. The data used in the research were Thai lyrics. Research

methods consist of data collection, management of Thai lyrics data by natural language processing
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methods, and Doc2Vec query model creation. Adjusting the appropriate parameters to enhance
the performance of the model Finding the magnitude of the inference vector that is appropriate
and results to the search accuracy of the model. Using an optimized model to develop a prototype
system for vocal song search.

The findings were as follows: 1) A study to improve the model efficiency found that the
size of the questionnaires affecting the search efficiency of the model was 30 percent of the length
of the original lyrics to be searched. The size of the vector suitable for modeling in the Thai Folk
lyrics dataset is 200. It was found that retaining the stop word in the lyrics resulted in higher
efficiency in information retrieval information than eliminating the stop word. 2) From the
development of the Doc2Vec song meaning search system for vocal songs. It was found that
searchers were able to find songs by inserting vocals through the microphone. The vocals are
converted to text with the Web Speech API through the Thai word segmentation process. and
create a questionnaire to query with an optimized format. Through testing, we know the

appropriate length of the lyrics for the search to get accurate results.

Keywords: Information retrieval, Natural language processing, Search model, Doc2Vec
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