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Survey on Complex Logical Query Methods in Knowledge Graphs
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Yinchuan 750021, China

Abstract CLQA as a technique for deeply mining the underlying logical relationships within knowledge graphs,aims to accurate-
ly respond to complex queries through reasoning from existing facts. This technology occupies an important position in the field of
knowledge graph research and has demonstrated significant advantages in various application scenarios such as semantic search
and recommendation systems,effectively promoting the widespread application and in-depth development of knowledge graphs in
the field of artificial intelligence. However,current research on complex logic query techniques is still scattered.,especially a sys-
tematic review of integrating large language models is particularly lacking. In light of this, this paper delves into complex logical
querying techniques encompassing four major categories: geometric objects, probability distributions, fuzzy logic, and large lan-
guage models. It comprehensively reviews existing models and systematically summarizes the typical datasets and evaluation me-
trics employed by these methods. Building on this foundation, the paper further analyzes the strengths and limitations of each
method, aiming to provide comprehensive and in-depth insights into the development of complex logical querying techniques. Fi-
nally.the paper identifies the challenges currently faced by complex logical querying technologies and discusses potential research
directions,offering valuable insights for future technological innovation and development.

Keywords Complex logical querying answering(CLQA) ,Knowledge graph(KG) ,Inference.Large language model
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Table 5 Typical benchmark datasets
S LR E XAHE
Drug interactions 97000 42
Reddit dynamics 700000 —
FB15K 15000 1000+
FB15K-237 15000 237
FB15K-Regex 14951 1345
NELL 100000+ 100
NELL-995 100000+ 995
WNI8RR 40000 18
DBPedia 5000000+ 10000+
DRKG 97000 42
E-commerce Product
Network 118000 4
LUBM 50000+ 10
Wikil00-Regex 100 100
YAGO4 2000000+ 200+
WebQuestionSP 37000 1000
PathQuestion(PQ) 14000 1200
PathQuestion-Large(PQL) 100000 1200
MetaQA 43234 18
WD50K-NFOL 47156 532
ICEWS14 7128 230
ICEWS05-15 10488 251
GDELT-500 500 20
Complex WebQuestions 81272 338
GraphQuestions 64625 715
SimpleQuestions — —
FreebaseQA — —
bio 97000 42
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