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Summary: A method to generate training data automatically has been proposed. Deep learning has been applied in various fields
of industry. In the construction business, the experience and research results have been accumulated as a huge amount of textual
information, and we believe that it will be important to extract knowledge from such technical documents when applying Al. Deep
learning needs huge amount of data, so to generate training data is attempted. To generate the training data, sentences are extracted
from technical documents, templates are applied to them, and term substitution is performed using the masked language model.
In terms substitution, negative examples are generated by changing technical terms and positive examples are generated by
changing non-technical terms. It is shown that training data can be safely generated by avoiding the main part of the sentence by
parsing. An original architectural language model is developed, incorporating a tokenizer that encompasses architectural terms
and an architectural corpus. Furthermore, a transformer-based discriminator is trained using the generated training data, and its
accuracy is evaluated using separate verification data. Comparing the results with published language models, the accuracy of the

created architectural language model is found to be the highest at 0.78.
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