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A Survey of Trends in Hallucination Mitigation and
Evaluation for Large Language Models
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ABSTRACT

Since the release of OpenAl’s ChatGPT, global attention has turned to the development of artificial
intelligence, particularly artificial general intelligence. Leading technological companies worldwide
have invested heavily in this race, anticipating a transformative impact on the markets and
industries. Although large language models (LLMs) have advanced rapidly over the past three years,
they have yet to deliver the anticipated profitability gains. This gap is largely attributable to the
inherent limitations of LLMs, most notably hallucinations, which remain one of the greatest barriers
to their widespread adoption. In this paper, we examine the conceptualization of hallucinations
in the context of LLMs, review their negative impacts, and survey current research trends in
hallucination mitigation and evaluation approaches.
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