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Abstract Large Language Models (LLMs), epitomized by advanced systems such as ChatGPT,
have exhibited remarkable capabilities across a diverse range of applications, including but not
limited to knowledge-based question answering., factual verification, and creative content generation.
The sophisticated contextual understanding and generative prowess of these models have significantly
expanded the horizons of artificial intelligence applications. However, LLMs are not without
limitations; they are prone to issues such as hallucination and the oversight of long-tail knowledge,
which undermine their ability to produce precise and exhaustive content. Specifically, these models
may generate outputs that deviate from factual accuracy or struggle to address intricate queries that
require multi-step reasoning or the integration of cross-domain knowledge. To mitigate these short-
comings, current methodologies have sought to augment the generative efficiency of LLMs by
integrating external knowledge repositories, such as knowledge graphs, thereby enhancing the
veracity and comprehensiveness of the outputs. Despite these advancements, the existing approaches
are hampered by challenges including the intricate nature of knowledge graph construction, potential
semantic degradation, and the unidirectional nature of knowledge flow, which collectively constrain

their efficacy and scalability in real-world scenarios. In response to these challenges, this study
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introduces a bidirectional enhancement framework that not only utilizes knowledge graphs to bolster
the generative performance of LLLMs but also employs the reasoning outcomes of LLLLMs to enrich the
knowledge graphs, thereby establishing a reciprocal knowledge exchange. This framework fosters a
synergistic relationship between knowledge graphs and ILILMs, culminating in a perpetual optimization
of system performance. Central to this framework is the introduction of an Enhanced Knowledge
Graph (EKG), a novel knowledge representation methodology that simplifies the construction
process by performing only named entity recognition initially, thereby preserving the connections
between entities and their source documents and postponing relation extraction to the reasoning
phase. This strategy markedly reduces the complexity and resource expenditure associated with
knowledge graph construction. Moreover, by maintaining the contextual linkages of entities, the
EKG facilitates access to the original text during the reasoning process, thereby minimizing
semantic loss and ensuring the fidelity and accuracy of the information, which is particularly vital
when processing data from diverse and heterogeneous sources. Furthermore, the study delineates
a bidirectional enhancement mechanism: the EKG augments the reasoning capabilities of LL.Ms
by providing both structured and unstructured contextual information, thereby significantly
enhancing LLM performance in complex relational reasoning tasks such as those involving multi-
entity relationships or cross-domain knowledge integration, where the EKG can supply extensive
background information. Conversely, the reasoning outputs of LLMs are utilized to update and
enrich the knowledge graph, thereby establishing a bidirectional knowledge flow that continually
refines and enhances system performance. This reciprocal enhancement not only optimizes the
individual components but also fortifies their collective efficacy. Implementing this bidirectional
enhancement framework, the study has developed BEKO (Bidirectional Enhancement with a
Knowledge Ocean) , a practical system that has been successfully deployed on the public platform
ko. zhonghuapu. com, demonstrating commendable outcomes in real-world relational reasoning
applications. Empirical evaluations reveal that BEKO outperforms traditional methodologies in
complex relational reasoning tasks, with a notable 4.9% improvement in F1 score over the
baseline method GraphRAG, thereby substantiating the superiority of BEKO and affirming the
viability and effectiveness of the bidirectional enhancement strategy.

Keywords knowledge graph; large language models; retrieval-augmented generation; relation

reasoning; question answering
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I itk A5 Y Bk Precision Recall F1 CR
RO 0.793 0.798 0.776 0.677
R1 0.774 0. 805 0. 780 0. 758
R2 0.778 0. 803 0. 781 0.765
R3 0.778 0.803 0.779 0.773
R4 0. 828 0. 807 0.782 0. 775
GPT-40 R5 0. 831 0. 810 0. 786 0. 777
R6 0. 834 0.813 0. 789 0.777
R7 0. 831 0. 810 0. 785 0. 777
R8 0. 834 0.813 0. 789 0. 780
R9 0. 834 0.813 0. 789 0. 780
R10 0. 834 0. 813 0. 789 0. 780

{E : CR(Connectivity Ratio) 378 76 fiz Ji #fE By B 7l 46 2% 21 A 3k 5
T 3 2 S A 11 A7 2000 2R A 1 LR . RO R XU YR AR U RO 3%
77 A HE AT 0 18] 38 48 T A S B 2 2R

Performance Metrics Over Rounds

—o= Precision

Score

0.74

Round
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B, dngk 4 L 8 Fron . b 22 50 X Im) HY o Y RE
ZEifiAT  AE CodRED %4 5 b 1 25 U4 bn #1516 47 22
T, BRI E L Bl R 1 0 RS AT L F1 4y
BN AR B SR AT 0. 776 W L IF R WS
F0.789, 315 K 1.3% .,

WA X ) 3 s AL BEKO J7 3 76 4 &R B Bt
(R 2R 70 B R 2 40 i, AT ARG 3R 31 B8 2 19 A 015 L
R o K DR AR (1 4 3 4 R S it B R B3 b, AT LA
AR AR B R R E Fn, R =
Bk B4 % A% AT LA 45 J Sk T BBk S D AR DG 9k B Y I AR
BT = U S IGE . Wk 4 DRl 8 Fin .
FEAE B BT A 2R 3 A DA Sk 2 A 3] R S A 1Y) A
i % 7% % (Connectivity Ratio, CR) , 1] UL & # . %
L & it 25 L[] 1 58 56 UK 0 38 A0 T AS B B T . R 1 o
AT A 66. 7 260 (AR A HE fie ¢ 1) 1 BB B iy vT DA ARG
F ) S SR B S AR 14 A AL AR T AE 2 4R
(OB ) 38 5 S 5 X — LR AR T2 T 78,000, B A K
WP T A A& UL I AR AR B 2 B W iR T
A NER S WA LA S a5 QA G/ Qi
e 45 S 0 5 B 3% T BEKO J5 32 JC v 1E 1 #E 22
Q. S e Qu A HE PSS . 50 . - e 46t
B, T ZE P FE o it B3 A% ) o BT 4 1« it B 25 4 I
BACUE 25 - 1 2 ) 3G9 B3 P9 28 5 L AT DLVE
HEH L QAL DL g RERM T 251 Rk
HESR AL RS 0 N A TEAS W = T 4 T
TRRB B IR R RS TR R A R kT
Wk T BEKO J7 ik i A Ok R HERERE

5 WHEBIBRROASNESR

T LS P
W TS FE M Bl
U R R e X
W - G IR 5 - 8
Q-Q  ZIIERHR T LR v

e L
VU Qu R HUT] BEKO J7 i R0 Qu A B9 45 . Qi > Qe
IRAEASE) Qu i T RIS 58 135 PR Qo A0 M

SR 5 B 1) 9 5ik AL £ $2 T+ BEKO J7 3 1 4 2
LT AT AE R IRk . AR 4 A& 8 onl L%
B Fift 2 XU 4 9 09 15 22 2847 . BEKO J7 3578 K R 1
BRVERE b 32 T W7 28 /NI 8 T IS T A S i 22
WK o R PRy Bl S R ) A B L WA [ A A A
PR A DL S SR R AR A B R % D 5 B
B 3 A R AL AR R D B9 R TR
CodRED %4l 4k | 1y 2 5 0L 1) 39 58 53 4 5 1 il Hi
HAH = ou A R A . 7 2 48 X 6 R

BEAEHTIE I =oAL B B A S 1 Y 2368
ARG 10 Fe A 6 4>, X RBIBEH FE g .
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-Goal-

1. Identify all named entities in the given text.
2. Format entities result as

(entity_name)

(entity_name)

(entity_name)

- Examples-

Text:

"On September 1,2023, Apple Inc. launched its latest iPhone
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model in Cupertino, California. "

Output:
September 1,2023
Apple Inc.

California

Cupertino
iPhone
- Attention-

- You should identify named entities in the text as much as

possible.

-Only extract explicit named entities; avoid extracting general
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terms like "actor", "person".

-Ensure entity names consistent with those in the text.
-Ensure that all extracted entities are named entities.
-Real Data-

Text:

{input_text}

Output:

X RHMEIR R

Wi

-Goal-

Given two entities and some textual information, please
choose the most appropriate relationship between the subject
and object from the Candidate Relation Options.

- Attentions-

* Please do not provide additional content such as explanations.

* The final output must choose the relationship name from
the Candidate Relationship Options I provide, otherwise you
will face serious penalties.

* Only return relationship name, not relation description.

* Please pay attention to distinguish between subject and
object; the direction of the extracted relationship is from
subject to object.

-Real Data-

Subject :

{subj}

Object:

{obj}

Textual Information:

{info}

Candidate Relation Options:

{class_of rel}

Output:
—H M WIER TR
-Goal-

Given two entities and the relationship between them, as
well as some sentences from different articles that may validate
this relationship, please determine the correctness of the
relationship based on the information in the sentences.

- Attentions-

-Please do not provide additional content such as explanations,
Only return True or False.

Subject:

{subj}

Object:

{obj}

Relationship:

{rel}

Textual Information

{triple_info}

Only LLM 75 3% #3242 R 17

-Goal-

Given two entities and some textual information, please
choose the most appropriate relationship from the options 1
provide.

- Attentions-

- Please do not provide additional content such as explanations.
- Please strictly choose according to the relationships 1 provided.
- The final output must choose the relationship name from
the Candidate Relationship Options I provide, otherwise you
will face serious penalties.

-Only return relationship name, not relation description.
-Real Data-

Subject :

{subj}

Object:

{obj}

Candidate Relation Options:

{class_of rel}

Output:

GraphRAG /£ IR R iA

-Goal-

Given two entities and some graph path information, please
choose the most appropriate relationship from the options 1
provide based on the graph path information and your knowl-
edge.

- Attentions-

-Please strictly follow the format in the example to answer,
do not provide additional content such as explanations.
-Please strictly choose according to the relationships T pro-
vided.

- The final output must choose the relationship name from
the Candidate Relationship Options I provide, otherwise you
will face serious penalties.

-Only return relationship name. not relation description.
-Real Data-

Subject:

{subj}

Object:

{obj}

Graph Path Information;

{info}

Candidate Relation Options:

{class_of rel}

Output:
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Background

The research presented in this paper delves into the
critical intersection of large language models (LLMs) and
knowledge graphs (KGs) . a topic of paramount importance
within the rapidly evolving fields of artificial intelligence (AD)
and natural language processing (NLP). Despite the remarkable
advancements in LLMs, as exemplified by state-of-the-art
models like ChatGPT, significant challenges remain unresolved,
particularly concerning the accuracy, reliability, and com-
pleteness of the content generated by these models. These
challenges are especially critical given the increasing reliance
on LLMs across a wide range of domains, including economics,
politics, cultural studies, and beyond. The potential for misin-
formation, semantic inconsistencies, and incomplete knowledge
representation underscores the urgent need for innovative
solutions to enhance the performance of these models.

In recent years, researchers have made substantial progress
in understanding how to integrate external knowledge into
LLMs, with a particular focus on leveraging the structured
and semantically rich nature of KGs. These efforts have
explored various dimensions of knowledge integration, including
the generation, evolution, and propagation of structured
knowledge, as well as its impact on improving the contextual
understanding and reasoning capabilities of LLLMs. However,
the unprecedented explosion of online data sources over the
past decade presents a new and unique opportunity to validate
and refine these methods using massive, real-world datasets
derived from diverse interactions. This wealth of data provides
a fertile ground for testing the robustness and scalability of
existing approaches, while also uncovering new challenges
and opportunities for innovation.

This paper aims to address several outstanding issues in
the field by proposing a novel bidirectional enhancement
framework that synergistically leverages the strengths of both
KGs and LLMs. Our proposed system, named Bidirectional

Enhancement with Knowledge Ocean (BEKO), is designed

HUANG Man-Zong, Ph. D. candidate. His primary research
areas are knowledge graphs and data mining.
BU Chen-Yang, Ph.D. , associate professor. His main

research interest is knowledge-driven optimization.

to create a continuous positive feedback loop for system
optimization. BEKO seeks to address two critical challenges:
(1) reducing the initial costs associated with KG construction,
which often require significant human effort and computational
resources, and (2) minimizing semantic loss during the trans-
formation of unstructured data into structured knowledge
representations. By fostering a bidirectional interaction between
KGs and LLMs, BEKO enables more accurate extraction,
representation, and application of knowledge, thereby enhancing
the contextual understanding and reasoning capabilities of LLLLMs.

The bidirectional nature of BEKO allows for a dynamic
and iterative process of knowledge enrichment. On one hand.
KGs provide LLMs with structured, high-quality knowledge
that can be used to ground their outputs in factual information.
On the other hand, LLMs contribute to the evolution and
expansion of KGs by extracting new knowledge from
unstructured text and refining existing knowledge through
advanced reasoning and inference. This symbiotic relation-
ship not only improves the performance of both components
but also ensures that the system remains adaptive to new
information and evolving contexts.
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Anhui Province Science and Technology Fortification Plan
under Grant No. 202423k09020015, and the Youth Talent
Support of Anhui
and Technology (No. RCTJ202420). Our research is deeply

Program Association  for  Science
rooted in the construction and applications of knowledge
graphs, with a focus on advancing the state-of-the-art in Al
and NLP through innovative methodologies and practical
solutions. By addressing the challenges of knowledge integra-
tion and semantic representation, we aim to contribute to
the development of more reliable, accurate, and contextually

aware Al systems that can be deployed across a wide range of

real-world applications.



