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» Complex question answering (QA) usually in- | | ®» KGs can provide reasoning guidelines for LLMs | | ®» KGs act as refiner and validator for LLMs, where
volves knowledge interactions and fusion across to access precise factual evidence chains. the factual evidence from KGs enables LLMs to
modalities and sources. » Challenge: How to improve the reasoning effi- refine and verify the intermediate answers.
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» Taxonomy: A structured taxonomy from different perspectives aims to highlight the alignments be- Fig. 6: KGs as Refiners and Validators.

tween various LLM+KG approaches and complex QA by discussing how LLM+KG approaches with

different roles for KG can address the challenges of complex QA.
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