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Abstract

Recent advancements in Retrieval-Augmented
Generation (RAG) have improved large
language models (LLMs) by incorporat-
ing external knowledge at inference time.
Graph-based RAG systems have emerged as
promising approaches, enabling multi-hop
reasoning by organizing retrieved information
into structured graphs.  However, when
knowledge graphs are constructed from
unstructured documents using LLMs, they
often suffer from fragmentation—resulting in
i hs that limit inf

and ine the ad g
of graph-based retrieval. To address these
limitations, we propose ReGraphRAG, a novel
framework designed to reconstruct and enrich
fragmented knowledge graphs through three
core components:  Graph Reorganization,
Perspective  Ex| on, and Query-aware
Reranking. Experiments on four benchmarks
show that ReGraphRAG outperforms state-of-
the-art baselines, achieving over 80%
diversity win rate. Ablation studies
the key contributions of graph reorgani
and especially perspective expansion to
performance gains. Our code is available at:
hutps://github.com/ToBeSuperior/ReGraphRAG

1 Introduction

Recent advances in artificial intelligence (Al), par-
ticularly the emergence and widespread adoption
of large language models (LLMs) (Achiam et al.,
2023: Hagos et al., 2024; Matarazzo and Torlone,
). have significantly transformed the landscape
of natural language processing and knowledge-
intensive tasks. While LLMs have demonstrated
impressive capabilities across a wide range of
applications, their reliance on static, pre-trained
knowledge introduces limitations when addressing
queries that require up-to-date, domain-specific,
or contextually nuanced information (Ling et al.,
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Fragmented Subgraphs Reorganized Subgraph

(@) LightRAG (B) ReGraphRAG
Figure 1: Comparison of retrieved subgraphs between
LightRAG (Guo et al., 2024) and ReGraphRAG. (a)
LightRAG retrieve disconnected and fragmented sub-
graphs from the knowledge graph, which limits coherent
reasoning. (b) ReGraphRAG reorganizes the retrieved
fragments into a unified and semantically enriched sub-
graph, enabling improved multi-hop reasoning and con-
textual understanding.

2023). These challenges have spurred the develop-
ment and adoption of Retrieval-Augmented Gener-
ation (RAG) frameworks (Lewis et al., 2020; Gao
et al., 2023b), which enhance the reasoning and
generation capabilities of LLMs by dynamically in-
corporating external information from large-scale
knowledge sources during inference.

Building upon the foundational paradigm of
RAG, graph-based RAG has emerged as a promi-
nent structured extension that organizes retrieved
information into graph structures (Han et al., 2024;
Peng et al., 2024; Zhang et al., 2025). Unlike
conventional RAG methods that treat retrieved
information as independent text chunks, graph-
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Introduction



Motivation

Key problems

1. Text-based RAG (NaiveRAG / HyDE) 2. Graph-based RAG (GraphRAG / LightRAG)

*Retrieval is based on text chunks fragmentation remains unresolved

«Cannot explicitly leverage structural relations *Retrieval often relies on 1-hop, fragmented

Limited capability for true multi-hop reasoning evidence

Tends to compensate by retrieving more nodes/context

Leads to weakened coherent multi-hop reasoning flow
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Motivation
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Method



Method steps

Perspective Graph Query-aware Prompt

Expansion Reorganization Reranking Instruction

GIST



Perspective Expansion
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What recurring themes can be identified -
Query within the poem, and how do they =
‘ contribute to the overall meaning?

Perspective 1 Perspective 2 v Perspective 3
Thematic Elements in Poetry 'Literary Devices and Techniques Historical and Cultural Context

Q1 :What are the most prominent Q1 :What literary devices (such as imagery or Q1 :What historical or cultural contexts influenced
themes presented in the poem? metaphors) are employed to express the themes? the poem's themes?

i | Q2 :How do these themes interact or relate Q2 :How do these devices contribute to the ] [Q2:How can understanding the poet's background

I to each other throughout the poem development of these recurring themes in the poem? provide insight into the recurring themes?
Q3 :In what ways do these recurring themes enhance Q3 :How do combined literary techniques afTect the Q3 :In what ways do these themes reflect the societal
or clarify the poem's overall meaning? reader's interpretation of the poem's meaning? values or issues of the time?

_—
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Perspective Expansion
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What recurring themes can be identified

Query within the poem, and how do they
‘ contribute to the overall meaning?

Perspective 1
Thematic Elements in Poetry

i i

Z

Perspective 2
'Literary Devices and Techniques

Z

Perspective 3
Historical and Cultural Context

Q1 :What are the most prominent
themes presented in the poem?

Q1 :What literary devices (such as imagery or
metaphors) are employed to express the themes?

Q1 :What historical or cultural contexts influenced
the poem's themes?

(2 :How do these themes interact or relate
to each other throughout the poem

Q2 :How do these devices contribute to the
development of these recurring themes in the poem?

Q2 :How can understanding the poet's background
provide insight into the recurring themes?

Q3 :In what ways do these recurring themes enhance

or clarify the poem's overall meaning?

Q3 :How do combined literary techniques affect the
reader's interpretation of the poem's meaning?

Q3 :In what ways do these themes reflect the societal
values or issues of the time?
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Graph Reorganization

(b) Graph Reorganization
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Graph Reorganization
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Algorithm 1 Graph Reorganization
Require: Graph ¢ = (V. &), list of subgraphs
{Si,..., 8} where §; = Vi, &)
Ensure: Connected and merged graph &
: P4 = Step 1: Merge subgraphs based on
Dijkstra-based shortest path distances
cfori+ 1wk —1do
for j « i+ lto kdo
V; ¢ entities of 5, V; ¢

El o

entities of
S
5: if paths exist between any u € V; and
v €V, then
[ p" + shortest path between some
w € V; and v € V5 using Dijkstra
T Add (i, 7,p%, [P 0 P
; end if
9 end for
10: end for
11: Sort 7 by path length ascending
12: for each (i,7,p") in P do
13: if S; and &; are not yet merged then
14 Merge &; and &5, including nodes and
edges from p*
L5: end if
16: end for
= Step 2: Iteratively merge most similar
subgraph pairs based on cosine similarity
17: U < list of unmerged subgraphs
18: Extract node embeddings $(V) from sub-
graphs in I
19: Compute cosine similarity matrix € from ©(V)
20: while there are disconnected subgraphs in I
do
(S,.8,) « most similar pair in C
2: (u,v) + most similar entity pair between
S; and §;
23 Add edge (u,v) 10 G
24 Merge &; and 5; into §;;
25: U UM 8L ST U ES]
26: Update C accordingly
27: end while
28: return final connected graph R



Query-aware Reranking & Prompt Instruction

[Perspective]: {Node_i}= {Edge Description} ZA £ S5l {Node_j}2t HZ =0

Ol
PUNI=1

L|CF.

---Role---

You are an expert assistant responding accurately
and comprehensively to user queries based on the
provided Perspective-wise Knowledge Graph.
---Goal---

---Perspective-wise Knowledge Graph---
{context_data}

---Query---
What recurring themes can be identified within

trhe poem... ;
*

(c) Reranking &Prompting

The graph structure information that applies
| Across all | Perspective :

<"CONTEXT"> is Connected to
<"HISTORICAL CONTEXT"> with {"The
historical context embodies the societal ...
essential for understanding puns and their
meanings."} Relation \n\n <"CONTEXT">
is Connected to <"SEMANTIC

NTERPRETATIONS"> with {"Context
refers to the surrounding text or situation in
... particularly relevant in the context of
puns."} Relation\n\n

The graph structure information that applies
| Thematic Elements in Poetry | Perspective :
<"HISTORICAL CONTEXT"> is
Connected to <"ROMANCE A LA
RADCLIFFE"> with {"The mention of
romance a la Radcliffe ... in the story."}
Relation \n\n

The graph structure information that applies
| Historical and Cultural Context |
Perspective : <"HISTORIC SCENES"> is
Connected to <"THE LANDSCAPE"> with
{"The landscape comprises the river, garden,
and ...
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Experiment

e Baseline: NaiveRAG (Gao et al., 2023b), GraphRAG (Edge et al., 2024), HyDE (Gao et al., 2023a), 12|11
LightRAG (Guo et al., 2024)

e Dataset and Metrics: Ultradomain (Qian et al., 2025)

o LLM 7|8t H7I}: pairwise comparison
e Comprehensiveness, Diversity, Empowerment, Overall quality -> win rate
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Experiment

Agriculture Legal CS Mix Average Win Rate
Naive ReGraphRAG Naive ReGraphRAG Naive ReGraphRAG Naive ReGraphRAG Naive ReGraphRAG
Comprehensiveness 23.2% 76.8% 28.8% 71.2% 18.4% 81.6% 28.5% 71.5% 24.7% 75.3%
Diversity 8.0% 92.0% 4.8% 95.2% 4.0% 96.0% 9.8% 90.2% 6.7% 93.4%
Empowerment 18.4% 81.6% 20.8% 79.2% 13.6% 86.4% 26.8% 73.2% 19.9% 80.1%
Overall 17.6% 82.4% 23.2% 76.8% 13.6% 86.4% 26.0% 74.0% 20.1% 79.9%
HyDE ReGraphRAG HyDE ReGraphRAG HyDE ReGraphRAG HyDE ReGraphRAG HyDE ReGraphRAG
Comprehensiveness 31.2% 68.8% 36.0% 64.0% 32.0% 68.0% 26.8% 73.2% 31.5% 68.5%
Diversity 17.6% 82.4% 15.2% 84.8% 1.2% 92.8% 10.6% 89.4% 12.7% 87.4%
Empowerment 26.4% 73.6% 28.8% 71.2% 26.4% 73.6% 26.0% 74.0% 26.9% 73.1%
Overall 27.2% 72.8% 30.4% 69.6% 25.6% T4.4% 24.4% 75.6% 26.9% 73.1%
GraphRAG  ReGraphRAG  GraphRAG ReGraphRAG  GraphRAG ReGraphRAG  GraphRAG  ReGraphRAG  GraphRAG  ReGraphRAG
Comprehensiveness 20.0% 80.0% 35.2% 64.8 % 32.0% 68.0% 35.8% 64.2% 30.8% 69.3%
Diversity 10.4% 89.6 % 22.4% 77.6% 8.0% 92.0% 19.5% 80.5% 15.1% 84.9%
Empowerment 19.2% 80.8 % 32.8% 67.2% 30.4% 69.6% 42.3% 57.7% 31.2% 68.8 %
Overall 17.6% 82.4% 33.6% 66.4% 30.4% 69.6% 36.6% 63.4% 29.6% 70.5%
LightRAG ReGraphRAG LightRAG ReGraphRAG  LightRAG ReGraphRAG  LightRAG  ReGraphRAG  LightRAG  ReGraphRAG
Comprehensiveness 20.0% 80.0% 30.4% 69.6% 23.2% 76.8% 26.8% 73.2% 25.1% 74.9%
Diversity 8.0% 92.0% 6.4% 93.6% 8.0% 92.0% 8.1% 91.9% 71.6% 92.4%
Empowerment 16.8% 83.2% 27.2% 72.8% 17.6% 82.4% 26.8% 73.2% 22.1% 77.9%
Overall 15.2% 84.8% 26.4% 73.6% 17.6% 82.4% 25.2% 74.8% 21.1% 78.9%
G' ST INFONET LAB. 15



Experiment
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Figure 3: Win rate of ReGraphRAG compared to
GraphRAG as the number of perspectives increases,
measured across four evaluation dimensions: Compre-
hensiveness, Diversity, Empowerment, and Overall.
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Figure 4: Win rate of ReGraphRAG compared to
GraphRAG as the number of sub-queries per perspec-
tive increases, evaluated across Comprehensiveness, Di-
versity, Empowerment, and Overall dimensions.
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Ablation study

Agriculture Legal C5 Mix Average Win Rate
wio P-exp  ReGraphRAG  w/o P-exp ReGraphRAG  w/o P-exp ReGraphRAG  w/o P-exp  ReGraphRAG  w/o P-exp  ReGraphRAG
Comprehensiveness 38.4% 61.6% 42.4% 57.6% 41.6% 58.4% 42.4% 57.6% 41.2% 58.8%
Diversity 29.6% 70.4% 33.6% 66.4% 27.2% T2.8% 38.4% 61.6% 32.2% 67.8%
Empowerment 34.4% 65.6% 35.2% 64.8 % 40.0% 60.0% 40.0% 60.0% 37.4% 62.6%
Overall 35.2% 64.8% 36.0% 64.0% 40.0% 60.0% 40.8% 59.2% 38.0% 62.0%
wio Reorg  ReGraphRAG  w/o Reorg  ReGraphRAG  w/o Reorg  ReGraphRAG  w/o Reorg  ReGraphRAG  w/o Reorg  ReGraphRAG
Comprehensiveness 48.8% 51.2% 48.8% 51.2% 46.8% 53.2% 48.0% 52.0% 48.1% 51.9%
Diversity 48.8% 51.2% 48.0% 52.0% 47.6% 52.4% 48.4% 51.6% 48.2% 51.8%
Empowerment 44.8% 55.2% 47.8% 52.2% 43.5% 56.5% 41.8% 58.2% 44.5% 55.5%
Overall 46.4% 53.6% 46.0% 54.0% 45.2% 54.8% 46.4% 53.6% 46.0% 54.0%
(" w/o Rerank ReGraphRAG  w/o Rerank ReGraphRAG  w/o Rerank ReGraphRAG  w/o Rerank  ReGraphRAG  w/o Rerank ReGrathAG\
Comprehensiveness 52.0% 48.0% 52.8% 47.2% 52.0% 48.0% 52.0% 48.0% 52.2% 47.8%
Diversity 52.0% 48.0% 56.0% 44.0% 54.4% 45.6% 56.1% 43.9% 54.6% 45.4%
Empowerment 52.8% 47.2% 54.4% 45.6% 52.0% 48.0% 57.7% 42.3% 54.2% 45.8%
verall 54.4% 45.6% 54.4% 45.6% 52.8% 47.2% 54.5% 45.5% 54.0% 46.0%
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Discussion

. Possible cause: The observed behavior may stem not only from the reordering module itself, but also from intrinsic
graph-structure characteristics or limitations in prompt tuning/design.

. Prompt limitation: Our prompting strategy preserves the graph format mainly as triplets and does not explicitly
model deep multi-hop prioritization (§4.4).

. Implication: As a result, structural reasoning cues (e.g., paths/chains) may not be sufficiently exposed, potentially
diluting the impact of reordering.
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Limitation

Limited effectiveness of the query-
aware reordering module

In ablation, removing the
reordering stage sometimes
improved performance, contrary
to expectations.

The current strategy—cosine
similarity between edge
embeddings and query
representations—may fail to fully
capture the multi-hop reasoning
potential provided by graph
structure. Also, the interaction
between prompt design (graph-
structured prompting) and
reordering remains
underexplored.

Computational overhead

The multi-perspective
expansion (decomposing the
original query into multiple
perspectives and generating
multiple sub-queries per
perspective) increases both
retrieval and inference time.

While it improves diversity and
semantic coverage, it can reduce
practicality in real-time or
resource-constrained settings.
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