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Abstract

The pre-training language model shows excellent performance in various natural language processing fields by
using large amounts of text data for training. Embedding techniques that reflect contextual information of words play
an important role in the performance of the pre-training model. However, since only the context information of
explicit words appearing in the context is used for embedding, an embedding technique is needed to simultaneously
reflect various relational information that words can have in embedding. In this paper, we propose an extension
method that extends the knowledge information that the appearing entity can have and reflects it in embedding by
including the case where the object appearing in the sentence is not only the subject object in the triple but also the
object object through the knowledge embedding technique. As a result of the performance evaluation of the proposed
model, it was confirmed that it showed better performance than CoLAKE, which is the existing knowledge-based
it is expected that it will help solve application problems by improving the

pre-training model. Therefore,

performance of the pre-training model through knowledge embedding.
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