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Utilizing LLM Agent’s Exploration Results for Efficient KGOA
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This paper proposes a method to enhance the efficiency of Knowledge Graph Question Answering (KGQA)
by utilizing Large Language Model (LLM) agent exploration results. We convert the subgraphs obtained
through exploration into SPARQL queries, using question-query pairs as few-shot Text-to-SPARQL
learning examples. Experiments show improved SPARQL query conversion and answer accuracy compared
to zero-shot methods. We achieve a 6x reduction in information retrieval time compared to full agent-
based exploration, with a slight decrease in answer accuracy. This efficiency makes our method suitable
for time-sensitive applications and contributes to more efficient KGQA systems.
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Fig.1 The overview of the proposed approach
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Fig.2 Prompt for converting exploration results
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Table1 Examples of question, exploration results and SPARQL conversion

question exploration result

SPARQL
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?father wdt:P1853 ?bloodType .

}
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{ wd:Q3512046 wdt:P57 ?director2. }
}
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Table 2 Comparison of accuracy across methods

method Accuracy of Answer
Correct Triple  Accuracy
Retrieval

few-shot(ours) 0.80 0.75

zero-shot 0.50 0.45

Agent-based exploration 0.90 1.00%

t The reason for the higher answer accuracy is that the correct
response could be generated by supplementing the internal
knowledge of the LLM. We have confirmed that the supplemented
knowledge exists in Wikidata and that it is possible to retrieve the
information and answer correctly using an appropriate SPARQL query.

BEIFTIIDBERIBWT VATV T,

A-YOERMCHL. METEEHICHEREREYSTDBHISEIS
9 HSPARQLOIEFRAEE L TR,

EZ5hidh 6 EROERICHERIAET DBIRLTLEEN,

trainT —F4ELLE (0106
{10-shot}

Hit#

B {question}
id : {suggested_idx}
g

Fig.3 Prompt for text-to-SPARQL

Table 3 Examples of converted SPARQL queries

few-shot(ours) zero-shot

SELECT ?distributor1 ?distributor2 SELECT ?film ?filmLabel

WHERE { WHERE { VALUES ?film {wd:Q189505 wd:Q83965418}
{ wd:Q189505 wdt:P750 ?distributor1. } ?film wdt:P750 wd:Q154950.

UNION SERVICE wikibase:label { bd:serviceParam

{ wd:Q83965418 wdt:P750 ?distributor2. }  wikibase:language "[AUTO_LANGUAGE], en". }}

}
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Table 4 Comparison of information retrieval time
from KG (sec)

Agent-based exploration few-shot(ours)
59.3 11.0

5. HHYIC

AWFFETlE, LLM =—3 = » b @ KG HEE RO
777 7 % Text-to-SPARQL B & Uk F D5 # & L
TIHEH L, KGQA DR bz il 7z. RETEEI zero-
shot & HE L T SPARQL 7 1.1) FEATHE R D@13 X
CHMISEOREREZN LS 2R L2 £
72, =TV MIEAERTHBERE LGS, 1
EAEEIIRT 75000, KG H 5 OEHRIPAGR [ %
16 \ZHMEC& 7. AHROMYAMAL LT, L) HHEZ
7 I) BT BRRBGED 720 DT — 5 £y D
Ik, ERNLET 7)) r—3a v IlBFA KL T
) EAROM A DEEOWE 217> T L.

DENSO TECHNICAL REVIEW Vol.30 2025

2E 3

1) Tom B. Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell,
Sandhini Agarwal, Ariel Herbert-Voss, Gretchen Krueger,
Tom Henighan, Rewon Child, Aditya Ramesh, Daniel M.
Ziegler, Jeffrey Wu, Clemens Winter, Christopher Hesse,
Mark Chen, Eric Sigler, Mateusz Litwin, Scott Gray,
Benjamin Chess, Jack Clark, Christopher Berner, Sam
McCandlish, Alec Radford, Ilya Sutskever and Dario Amodei.
Language Models are Few-Shot Learners. Advances in Neural
Information Processing Systems 33, (2020).

2) JLERE WHE B RBEBESHETVEZH W
SPARQL 7 =V A& O A FE 8. 56 60 [l N AT~
Y UTA vy =T EF Y PRV %R, (2023).

3) Jinhao Jiang, Kun Zhou, Zican Dong, Keming Ye,
Wayne Xin Zhao and Ji-Rong Wen. StructGPT: A General
Framework for Large Language Model to Reason over
Structured Data. Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Processing, (2023).

4) Liubov Kovriguina, Roman Teucher, Daniil Radyush and
Dmitry Mouromtsev. SPARQLGEN: One-Shot Prompt-
based Approach for SPARQL Query Generation. Proceedings
the 19th International Conference on Semantic Systems,
(2023).

5) Caio Viktor S. Avila, Vania M.P.Vidal, Wellington Franco and
Marco A. Casanova. Experiments with text-to-SPARQL based
on ChatGPT. 2024 IEEE 18th International Conference on
Semantic Computing (ICSC), (2024).

6) Jiashuo Sun, Chengjin Xu, Lumingyuan Tang, Saizhuo
Wang, Chen Lin, Yeyun Gong, Lionel M. Ni, Heung-Yeung
Shum and Jian Guo. Think-on-Graph: Deep and Responsible
Reasoning of Large Language Model on Knowledge
Graph. The Twelfth International Conference on Learning
Representations, (2024).

7) Guanming Xiong, Junwei Bao and Wen Zhao. Interactive-
KBQA: Multi-Turn Interactions for Knowledge Base
Question Answering with Large Language Models.
Proceedings of the 62nd Annual Meeting of the Association
for Computational Linguistics, (2024).

8 TIE Sz Ll HAA% BAEUE. JEMHopQA |
HAFE~VF ARy 7QAF =%ty O, Skl
R 29 MAERRRIELRG R, (2024).

9) PAMUR, ZHEET R, ANFKBEME, BEEIRE. JLERREA RBUE
FO WP & HAGE Wikipedia 797 — % 2019, Sl
FRHE 26 MAE KRR RTERGR LI, (2020).

10) A%, HZEEW, HARARE BHRE <VvFiy 7
QA DOHYLIEH A V72 LLM @ “ % " IEfE D50, Sl
IR HS 29 MR K R FERG I, (2024).



EH

ZH BE
SEE BOH

Al BT ER
BRSEAIED Al I ORFE(CRES

A &=

Bl =D

AIFARS Bt (B
F—GHH Al B0 FE(CIEE

DENSO TECHNICAL REVIEW Vol.30 2025



