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Collaborative Reasoning Method Between LLLMs and Knowledge Graphs
via Dynamic Knowledge Retrieval

XIA Yi, HE Haofeng, CHEN Jing, ZHOU Gang, ZHENG Jiali, ZHANG Kaixiang
(Information Engineering University, Zhengzhou 450001, China)

Abstract: To address the issues of static knowledge and factual hallucinations in large language mod-
els (LLMs), as well as the incomplete coverage and delayed updates in knowledge graphs, a collabora-
tive reasoning framework integrating LLLMs and knowledge graphs is proposed via dynamic knowledge
retrieval. A closed-loop mechanism is designed to implement dynamic knowledge retrieval, collabora-
tive reasoning, and incremental updating. Firstly, a subgraph-enhanced retrieval strategy is adopted,
which extracts relevant subgraphs from the knowledge graph through question decomposition and
multi-hop reasoning to improve the recall under complex queries. Secondly, semantically relevant pas-
sages are retrieved from unstructured texts through a multi-dimensional hybrid weighting method to
supplement missing knowledge. Finally, LLMs are utilized to integrate multi-source knowledge for rea-
soning, generating answers while extracting new triples for dynamically updating the knowledge graph.
Experiments demonstrate that the proposed method can effectively handle complex multi-hop ques-
tions, reduce factual hallucinations, and ensure timeliness and continuous evolution of the knowledge
base through closed-loop updating.
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Please decompose the following complex question into a series of
simple sub-questions, and specify the dependencies between sub-
questions.

[Example]

Question: What movies did Ang Lee, who won the Best Director Os-
car, direct

Decomposition:

Sub-question 1: Who won the Best Director Oscar — [Answer:
Ang Lee]|

Sub-question 2: What movies did Ang Lee direct — [Dependency:
result of Sub-question 1]

[Task]

Question: {Q}

Please output in the following format:

Sub-question list: [sub-question1, sub-question2, -+-]
Dependencies: [sub-question i — sub-question j] (meaning the re-

sult of sub-question i is the input for sub-question j)

2 SERIRRRG]

Please extract all factual triples (head entity, relation, tail entity)
from the following answer.

[Example]Answer: Ang Lee directed “Life of Pi” and “Brokeback
Mountain”. Triples: (Ang Lee, directed, Life of Pi)(Ang Lee, di-
rected, Brokeback Mountain)

[ Answer]{generated_answer}
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