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ABSTRACT
Graph-Based Retrieval-Augmented Generation (RAG) has proven
effective in integrating structured external knowledge into Large
Language Models (LLMs), improving their factual accuracy, adapt-
ability, interpretability, and trustworthiness. Accordingly, a large
number of graph-based RAGmethods have been proposed in recent
years by the database, data mining, machine learning, and natural
language processing communities. In this tutorial, we first highlight
the real-world applications of graph-based RAG and the unique
challenges that need to be addressed. We then classify and compare
representative graph-based RAG methods from well-known top
data management and data mining venues. Afterward, we outline
the core pipeline stages of graph-based RAG and analyze them
from a data management perspective, including graph modeling,
graph repair, index construction and maintenance, and retrieval,
rather than treating graph-based RAG solely as an LLM applica-
tion. Finally, we discuss how graph-based RAG can be extended to
multimodal data and identify promising future research directions.
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1 INTRODUCTION
The development of Large Language Models (LLMs) like GPT-5 [1],
Qwen 3 [66], and Claude 4.6 [4] has sparked a revolution in the field
of artificial intelligence [36, 44, 60, 73]. Despite their remarkable
comprehension and generation capabilities, LLMsmay still generate
incorrect outputs due to a lack of domain-specific knowledge, real-
time updated information, and proprietary knowledge, which are
outside LLMs’ pre-training corpus, known as “hallucination” [46].

To bridge this gap, the Retrieval Augmented Generation (RAG)
technique [16, 23, 24, 64, 71, 78] has been proposed, which supple-
ments LLM with external knowledge to enhance its factual accu-
racy and trustworthiness. Consequently, RAG techniques have been
widely applied in various fields, especially in domains where LLMs
need to generate reliable outputs, such as healthcare [36, 56, 73],
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finance [44], and education [60]. Moreover, RAG has proven highly
useful in many data management tasks, including NL2SQL [13],
data cleaning [14, 30, 48], knob tuning [17], DBMS diagnosis [74, 75],
and SQL rewrite [32, 53]. Due to the important role of the RAG
technique in LLM-based applications, numerous RAGmethods have
been proposed in the past three years [23]. Among these methods,
the state-of-the-art RAG approaches typically use the graph data
as the external data (also called graph-based RAG), since they cap-
ture the rich semantic information and link relationships between
entities. Given a user query 𝑄 , the key idea of graph-based RAG
methods is to retrieve relevant information (e.g., nodes, edges, sub-
graphs, or textual data) from the graph and then feed them along
with 𝑄 as a prompt into LLM to generate answers.

Recently, several mainstream database systems have started sup-
porting graph-based RAG, including PostgreSQL [47], Neo4j [43],
and Databricks [10]. At the same time, graph-based RAG has be-
come a core component in modern graph-native agentic systems,
such as LangGraph [27] and Chat2Graph [7]. Following the suc-
cess of graph-based RAG, researchers from database, data mining,
machine learning, and natural language processing have proposed
many efficient and effective methods [6, 11, 12, 18, 25, 28, 29, 49,
50, 59, 61–63]. These methods differ substantially in graph con-
struction, indexing, and information retrieval. To this end, in this
tutorial, we aim to provide a comprehensive review of graph-based
RAG from a unified framework. We focus on the main stages of
graph-based RAG systems, including graph construction, schema
design and repair, index building and maintenance, graph retrieval,
extensions to other modalities, and open research challenges. The
goal is to help the VLDB community understand graph-based RAG
not only as an LLM application, but also as a data management
problem involving graph modeling, indexing, maintenance, and
query processing.

Recent related tutorials. Recent tutorials have studied ma-
chine learning for graph data management and the use of LLMs and
data agents in data management [26, 39, 55]. These works mainly
examine how learning-based or agentic techniques can support
traditional data-management and graph-processing tasks, such as
query processing, optimization, analytics, and data-centric automa-
tion. In contrast, our focus is on graph-based RAG itself, where
graphs serve as the core structure for managing, indexing, and
retrieving knowledge to ground LLM outputs. To the best of our
knowledge, this graph-based RAG tutorial is a fresh offering for
VLDB and is not a revision of prior tutorials.
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Table 1: Classification of representative graph-based RAG methods. Graph Type denotes the constructed graph structure;
Index Component denotes indexed graph elements; Retrieval Primitive denotes the query-derived retrieval signal; Retrieval
Granularity denotes the retrieved evidence unit.

Method Graph Type (Stage ❶) Index Component (Stage ❷) Retrieval Primitive (Stage ❸) Retrieval Granularity (Stage ❹) Specific QA Abstract QA

RAPTOR [49] Tree Tree node Question vector Tree node ✓ ✓

SiReRAG [69] Tree Sentence, Entity Question vector Tree node, Chunk ✓ ✓

KGP [62] Passage Graph Chunk Question Chunk ✓ ×
LinearRAG [79] Multi-Partite Graph Entity, Chunk Activated entities Chunk ✓ ×
HippoRAG [19] Knowledge Graph Entity Entities in question Chunk ✓ ×
HippoRAG2.0 [20] Knowledge Graph Entity, Chunk Entities in question Chunk ✓ ×
G-Retriever [21] Knowledge Graph Entity, Relationship Question vector Subgraph ✓ ×
ToG [51] Knowledge Graph Entity, Relationship Question Subgraph ✓ ×
ToG-2 [40] Textual Knowledge Graph Entity, Relationship, Chunk Entities in question Path, Chunk ✓ ×
FastToG [34] Knowledge Graph Entity, Relationship Entities in question Community, Path ✓ ×
DALK [29] Knowledge Graph Entity Entities in question Subgraph ✓ ×
GNN-RAG [41] Knowledge Graph Subgraph, Path Entities in question Subgraph ✓ ×
SubgraphRAG [31] Knowledge Graph Entity, Relationship Entities in question Subgraph ✓ ×
GRAG [22] Knowledge Graph Entity, Relationship Question vector Subgraph ✓ ×
PathRAG [8] Knowledge Graph Path, Relationship Question vector Path ✓ ✓

KAG [33] Knowledge Graph Entity, Fact, Chunk Question Fact, Chunk, Subgraph ✓ ×
GraphRAG [12] Textual Knowledge Graph Entity, Community Question vector Entity, Relationship, Chunk, Community ✓ ✓

LEGO-GraphRAG [6] Textual Knowledge Graph Entity, Relationship, Path, Subgraph Question Entity, Relationship, Path, Subgraph ✓ ✓

LightRAG [18] Rich Knowledge Graph Entity, Relationship keywords in question Entity, Relationship, Chunk ✓ ✓

ArchRAG [59] Rich Knowledge Graph Entity, Community Question vector Entity, Relationship, Community, Chunk ✓ ✓

KET-RAG [25] Multi-Partite Graph Entity, Relationship Question vector Entity, Chunk ✓ ×
Clue-RAG [50] Multi-Partite Graph Entity, Chunk, Knowledge unit Entities in question Entity, Chunk ✓ ×
E2GraphRAG [72] Tree Entity, Chunk Question vector Chunk ✓ ✓

GFM-RAG [38] Knowledge Graph Node, Relationship, Subgraph Question vector Subgraph ✓ ✓

HyperGraphRAG [37] Hypergraph Hyperedge, Entity Entities in question Hyperedge, Chunk ✓ ✓

HyperRAG [35] Hypergraph Hyperedge, Entity Entities in question Entity, Hyperedge, Chunk ✓ ✓

GraphRAG-R1 [67] Knowledge Graph Entity, Relationship Question vector Subgraph ✓ ×

2 TUTORIAL OUTLINE
This will be a 1.5 hours tutorial. Below is our outline.

2.1 Introduction, Applications, and Challenges
(15 minutes)

This part aims to provide the necessary background to the audience.
It will consist of an introduction to the research field to highlight
the popularity and applications of graph-based RAG. We will first
introduce the well-known pipeline of graph-based RAG [46, 77],
discuss the interesting applications of graph-based RAG over data
management scenarios [52, 53, 74], and finally present the key chal-
lenges of graph-based RAG. We will also cover another important
aspect, namely a feature-based review of commercial database or
data analytics systems that support RAG and graph-based RAG.

Subsequently, we present two key challenges in graph-based
RAG: (1) how to build graph-based RAG methods that are both
accurate and efficient, and (2) how to develop graph-based RAG
methods that can satisfy diverse requirements across different sce-
narios, data modalities, and application settings. To address the first
challenge, recent studies have explored a variety of techniques to
optimize different stages of the graph-based RAG pipeline, includ-
ing lightweight graph construction, hybrid indexing, and efficient
online retrieval. For the second challenge, researchers often develop
new graph structures, retrieval mechanisms, and system designs
by considering the characteristics of different tasks, query types,
data modalities, and application requirements [11, 59, 61, 77].

2.2 A Unified Framework and Prototype System
of Graph-Based RAG (45 minutes)

In this part, we introduce a unified framework that incorporates
all the existing solutions for the graph-based RAG methods [77].
The framework consists of four stages: ❶ graph building, ❷ in-
dex construction, ❸ operator configuration, and ❹ retrieve relevant
information and generate response.

Specifically, given the large corpus D, we first split it into multi-
ple chunks C (line 1). We then sequentially execute operations in
the following four stages: ❶ Build the graph G for input chunks
C; ❷ Construct the index based on the graph G from the previous
stage; ❸ Configure the retriever operators for subsequent retriev-
ing stages, and ❹ For the input user question 𝑄 , retrieve relevant
information from G using the selected operators and feed them
along with the question 𝑄 into the LLM to generate the answer.
Figure 1 emphasizes this end-to-end workflow and clarifies how
information flows from raw corpus chunks to graph construction,
indexing, retrieval-operator selection, and final response genera-
tion. It also separates the offline stages, where the graph and index
are prepared, from the online stage, where a user query is mapped
to retrieval operations and grounded evidence is passed to the LLM.
Table 1 complements the figure by comparing how representative
methods instantiate the main design choices in this workflow. In
Table 1, Stage ❶ records the graph type built by each method,
Stage ❷ records the graph components stored in the index, and
Stage ❸ records both the retrieval primitive derived from the query
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Figure 1: Workflow of graph-based RAG methods under our unified framework.

and the granularity of the retrieved evidence. The last two columns
summarize whether each method supports specific fact-oriented
QA, abstract QA, or both. Together, Figure 1 provides the process
view, while Table 1 provides the method-by-method comparison
view. Notice that the framework presented in Figure 1 has been
fully implemented in our prototype system, which is publicly avail-
able on GitHub: https://github.com/JayLZhou/GraphRAG and has
received more than 1,500 GitHub stars.

2.2.1 Graph Construction. In this part, we introduce how the graph
is built from raw corpora, and discuss construction methods for
different graph structures used in graph-based RAG methods, such
as knowledge graphs [19, 29, 62], property graphs [2, 33], hyper-
graphs [35, 37], and tree-structured organizations [49, 61].

We also briefly discuss schema design and constraints for prop-
erty graphs, including PG-Schema and PG-Keys [2, 3]. Note that
property graphs provide a general modeling abstraction for many
graph-based RAG methods, as their heterogeneous entities, rela-
tions, and textual attributes can be viewed as property graph ele-
ments. We further discuss graph repair or schema validation [5],
and show how these techniques can improve graph quality for the
later stages of indexing and retrieval.

2.2.2 Index Construction and Maintenance. In this part, we will
discuss the indexing stage after graph construction [50, 59], which
plays a central role in making graph-based RAG practical for real-
world applications. Since graph-based RAG systems often need to
retrieve relevant information from large and heterogeneous graph
structures, effective indexing is essential for reducing online re-
trieval cost and improving response efficiency.

Specifically, we will introduce different types of indexes built
over graph data, including indexes for entities, relations, paths, com-
munities, and subgraphs [8, 12, 18, 31, 41, 59]. We will explain how
these indexing strategies support different retrieval patterns, such
as entity-centric retrieval, path-based reasoning, subgraph expan-
sion, and hybrid retrieval over graph and text. We will also discuss
the trade-offs among preprocessing cost, storage overhead, index
granularity, maintenance complexity, and query latency, and show
how different design choices are suitable for different scenarios.

In addition, we will discuss how indexes can be maintained
when documents and graphs evolve, including incremental updates,

partial re-indexing, and re-materialization [70]. This is particu-
larly important in graph-based RAG settings where the underlying
knowledge source may change frequently, and stale indexes may
hurt both retrieval quality and answer reliability.

2.2.3 Graph Retrieval. In this part, we introduce the main retrieval
strategies in graph-based RAG, which determine how a system iden-
tifies, expands, filters, and ranks graph-grounded information for a
given user query. We will also explain how different graph-based
RAG methods perform retrieval under different graph structures
and task settings. Specifically, we will cover several representative
retrieval strategies, including entity selection, 𝑘-hop path selection,
and subgraph retrieval [8, 31, 40, 41, 51]. We will discuss how these
strategies differ in retrieval granularity and how they support differ-
ent reasoning needs, such as local fact lookup, multi-hop reasoning,
abstract summarization, and evidence aggregation. We will also
explain how different retrieval strategies balance effectiveness and
efficiency. In addition, we will also highlight the close connection
between retrieval design and index support, showing how online
retrieval behavior depends on the underlying graph organization
and indexing choices.

2.3 Extensions to Other Modalities (15 minutes)
In this part, we discuss how graph-based RAG can be extended
beyond unstructured text to a broader range of data modalities,
including tables, images, code, spatial data, and structured or semi-
structured documents [61]. We will highlight that, in many real
applications, knowledge is distributed across heterogeneous sources
rather than plain text alone, which makes multimodal and multi-
source graph-based RAG an important research direction.

Specifically, wewill introduce representative extension scenarios,
such as table-oriented RAG [9], spatial-data RAG [68], and graph-
based RAG over semi-structured or enterprise data [54, 61, 65]. We
will discuss how graphs can be used to organize cross-modal entities,
relations, and contexts, so that evidence from different modalities
can be connected and retrieved in a unified manner [49, 61]. In addi-
tion, we will introduce several important design questions for these
extended settings, including multimodal graph construction, modu-
lar system interfaces, evidence serialization, cross-modal retrieval,
and provenance tracking across different modalities.
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2.4 Future Directions (15 minutes)
In this part, we summarize several important open problems and
opportunities in graph-based RAG.
• Dynamic knowledge sources. Most existing graph-based RAG
methods assume that the external corpus is static. Although Er-
aRAG [70] has made an early attempt to support evolving corpora,
it remains an important open problem to maintain graphs and in-
dexes efficiently while preserving retrieval quality as the knowledge
source changes over time.
• Graph quality and construction cost. The quality of the con-
structed graph has a major impact on retrieval effectiveness, while
graph construction can be expensive. Developing cost-efficient yet
high-quality graph construction methods remains a meaningful
research direction.
• Causal-driven GraphRAG. Inspired by recent causal RAG stud-
ies such as CausalRAG and HugRAG [57, 58], future GraphRAG
systems could incorporate cause-effect relations to improve re-
trieval faithfulness, reduce spurious associations, and support more
interpretable reasoning [45].
• Skill-oriented GraphRAG. Future GraphRAG systems could
move beyond factual evidence retrieval by retrieving and com-
posing reusable skills [42, 76], such as tool-use patterns, coding
procedures, and multi-step workflows. This would allow models to
reuse procedural knowledge for complex tasks instead of relying
only on static textual evidence.
• System support. Another important direction is to integrate
graph-based RAG with graph database systems and support richer
retrieval operators and more efficient system implementations.
Learning outcomes:After the tutorial, attendees should be able to:
(1) The typical applications and key challenges of graph-based RAG.
(2) Explain how graph construction choices affect downstream in-
dexing, retrieval quality, and answer faithfulness. (3) Describe how
graph indexes are built and maintained for interactive graph-based
RAG workloads. (4) Choose among hop-based, ranking-based, and
hybrid graph retrieval patterns for different query types. (5) Identify
promising research directions for graph-based RAG systems.

3 TARGET AUDIENCE AND PRE-REQUISITES
The tutorial is aimed at academic and industrial attendees inter-
ested in data management, graph databases, knowledge graphs,
graphmining, or LLM applications whowant a structured, database-
centric entry point to graph-based RAG. Newcomers will leave with
a clear distinction between graph-based and vanilla RAG, a mental
model of the end-to-end pipeline (construction, retrieval, reasoning,
serving), and pointers to representative designs such as hierarchical
summarization graphs and community-based indexing [11, 49, 59].
Experienced graph or database researchers will find amapping from
graph-based RAG operators to familiar query and indexing prob-
lems, a discussion of retrieval settings where community search
and cohesive subgraphs matter [15], and a concise overview of rep-
resentative open-source and commercial systems, including Post-
greSQL [47] and Neo4j [43]. We also discuss how graph-based RAG
has become a core component of modern graph-native agentic sys-
tems, such as LangGraph [27] and Chat2Graph [7], together with
optimization questions in the VLDB tradition. Practitioners will

also benefit from a feature-oriented view of representative open-
source and commercial graph-based RAG systems when evaluating
deployment choices. We assume a typical VLDB background: ele-
mentary databases, declarative querying intuition, and basic graph
terminology (paths, neighborhoods, subgraphs). Prior exposure to
LLMs is helpful but not required, and we keep model internals to
the minimum needed for interfaces and failure modes. The material
should also interest researchers in information retrieval and ML
systems and practitioners building retrieval stacks over enterprise
knowledge graphs or large document collections.

4 PRESENTERS
The four presenters have complementary expertise in graph data
management, knowledge graphs, and graph-based RAG.
Angela Bonifati is a Distinguished Professor of Computer Science
at Lyon 1 University and the CNRS LIRIS research laboratory, where
she leads the Database Group, and is also anAdjunct Professor at the
University of Waterloo. Her research focuses on data management,
especially graph databases, knowledge graphs, and data integration,
with applications to data science and artificial intelligence. She has
co-authored numerous papers in top data management venues,
including five Best Paper Awards. She is an ACM Fellow and a
member of Academia Europaea, and has received an ERC Advanced
Grant, the IEEE TCDE Impact Award, and the VLDB Women in
Database Research Award. She is the current President of ACM
SIGMOD.
Yixiang Fang is an Associate Professor at the School of Data Sci-
ence, The Chinese University of Hong Kong, Shenzhen. His re-
search interests mainly focus on the areas of data management,
data mining, and artificial intelligence over big data. He has pub-
lished extensively in top-tier conferences and journals, and his work
was awarded the 2021 ACM SIGMOD Research Highlight Award.
He has also served as PC members and reviewers for several top
conferences and journals (e.g., PVLDB, ICDE, KDD, and VLDBJ).
Sibo Wang is an Associate Professor at The Chinese University
of Hong Kong. His research interests mainly focus on big data
processing and analytics. He has published extensively in top-tier
conferences and journals. He has served as PC members for several
top conferences (e.g., SIGMOD, PVLDB and ICDE) and reviewers
for top journals (e.g., TKDE and VLDBJ).
Yingli Zhou is a postdoctoral researcher at Lyon 1 University
and the CNRS LIRIS research laboratory. His research lies at the
intersection of graph data management and large language model
(LLM) systems. His work has been published in top-tier venues in
data management and data mining, such as SIGMOD and PVLDB.

Note: This tutorial has not been offered elsewhere before.
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