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Abstract

Recent years have witnessed significant progress in the development of deep learning
techniques, which also has achieved state-of-the-art performance for a wide variety of natural
language processing (NLP) applications like the frequently asked question (FAQ) retrieval task.
FAQ retrieval, which manages to provide relevant information in response to frequent
questions or concerns, has far-reaching applications such as e-commerce services and online
forums, among many other applications. In the common setting of the FAQ retrieval task, a
collection of question-answer (Q-A) pairs compiled in advance can be capitalized to retrieve
an appropriate answer in response to a user’s query that is likely to reoccur frequently. To date,
there have many strategies proposed to approach FAQ retrieval, ranging from comparing the
similarity between the query and a question, to scoring the relevance between the query and
the associated answer of a question, and performing classification on user queries. As such, a
variety of contextualized language models have been extended and developed to operationalize
the aforementioned strategies, like BERT (Bidirectional Encoder Representations from
Transformers), K-BERT and Sentence-BERT. Although BERT and its variants has
demonstrated reasonably good results on various FAQ retrieval tasks, they still would fall short
for some tasks that may resort to generic knowledge. In view of this, in this paper, we set out
to explore the utility of injecting an extra knowledge base into BERT for FAQ retrieval,

meanwhile comparing among synergistic effects of different strategies and methods.
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