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Recent Advances and Prospects of Natural Language Generation
Naoaki Okazaki"!
*1 School of Computing, Tokyo Institute of Technology

Natural Language Processing (NLP) is a research field aiming to realize computers that can understand and
generate text. Natural language understanding has established various applications such document classification
and knowledge acquisition. Natural language generation (NLG) is mostly based on either rules or supervised
learning. The rule-based approach uses templates for converting data into text, which limits their applications to
some specific domains. Supervised learning had successfully been applied to machine translation, where large
supervision data have been developed. In the 2010s, deep neural networks made breakthrough in various NLP
tasks. Benchmark scores of machine translation were nearly doubled from the former approach (statistical
machine translation) with the advances of sequence-to-sequence models, attention mechanism, and the
Transformer architecture. This also broadened NLG applications into, for example, abstractive summarization and
image caption generation. Furthermore, large-scale language models such as GPT demonstrate new applications
such as story generation and program generation. However, the current language generation models rely on a large
amount of supervision data. Applying these models to NLG tasks is not straightforward when sufficient training
data is not readily available for a target task and domain. Therefore, it is necessary to research methods that can
utilize supervision data for different tasks and flexibly control the output of NLG models. In this manuscript, I
will review the recent advances of NLP and the foundations of NLG models. I will then describe the research on
controlling NLG models and future prospects of NLG.
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