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Abstract. Large Language Models (LLMs) have advanced rapidly, but
their limitations in structured and multi-hop reasoning underscore the
need for graph-native, synergistic artificial intelligence (AI) systems.
Graph-structured data underpins critical applications across social, bi-
ological, financial, transportation, web, and knowledge domains, mak-
ing it essential to understand how LLMs can leverage graph computa-
tion for grounded, context-rich inference. Three complementary synergies
are emerging: LLMs augmented with graph computation for retrieval
and reasoning; bidirectional integration between LLMs and knowledge
graphs (KGs), where LLMs support KG construction and curation while
KGs enforce semantic constraints and factual consistency; and AI agents
strengthened by graph algorithms for planning, decision making, and
multi-step reasoning. In parallel, LLMs introduce new capabilities for
graph data management and graph machine learning (ML) through nat-
ural language interfaces and hybrid LLM-graph neural network (GNN)
pipelines. This tutorial synthesizes the algorithms, systems, and design
principles driving these converging directions, offering data science and
data mining researchers a unified perspective on integrating LLMs, graph
data management, graph mining, graph ML, and agentic computation
into next-generation graph-native AI systems.

1 Goals and Objectives

LLMs have quickly become a primary interface for data-intensive applications,
reshaping how users query, explore, and manage information [11,17,58,83]. Their
emergence coincides with a growing need to reason over graph-structured data,
e.g., knowledge graphs, heterogeneous networks, and text-attributed graphs that
encode rich semantics and relational structure. At the same time, existing graph
neural networks (GNNs) and other deep graph models rely heavily on task-specific
supervision and struggle to generalize across the diverse and rapidly evolving
landscape of graph applications [53,67]. This has motivated the development
of graph foundation models, which aim to unify LLMs’ semantic and reason-
ing capabilities with graph-native computation to support broad, transferable
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graph intelligence [34,68]. As modern applications increasingly depend on com-
plex graph data, understanding how LLMs can construct, curate, and lever-
age these structures–and how graphs can in turn ground and enhance LLM
reasoning–has become a central challenge for the data mining community.

Concurrent advances in LLM-based AI agents have heightened the impor-
tance of graph-centric architectures. Agents rely on planning graphs, memory
graphs, tool-calling graphs, and KG-grounded reasoning to achieve reliable plan-
ning, multi-step decision making, and long-term coherence [3]. At the same
time, agents are beginning to reshape core data management tasks–including
KG construction, graph reasoning, query formulation and optimization–creating
a mutually reinforcing frontier between agentic computation and graph data sys-
tems [40,54,82]. This tutorial is motivated by the convergence of these trends:
adapting LLMs’ semantic and generalization capabilities to graph tasks, advanc-
ing graph foundation models, and leveraging graph structures to enable robust,
interpretable, and scalable agentic behavior. For the PAKDD community, this
convergence presents a timely opportunity to shape the next generation of graph-
native, synergistic AI systems.

Previous Offering and Related Tutorials. We have not presented this tu-
torial at any prior venue, and it differs substantially from existing offerings. While
prior tutorials focus narrowly on LLM–GNN alignment for graph learning [20],
LLM+RAG [10], KG reasoning [35], or LLM+KG integration [41], our tutorial
is the first to provide a unified, end-to-end treatment of the full synergy between
LLMs and graph data. It covers both directions–LLMs for graphs and graphs
for LLMs–while simultaneously integrating knowledge graphs, graph-structured
data, and LLM-based agents into a single coherent framework. This breadth and
unification constitute the core novelty of our proposal.

2 Target Audience

This tutorial is intended for participants working in the broader area of large
language models, graph foundation models, graph learning, graph data min-
ing, knowledge-augmented models, agentic AI, and graph AI systems from both
academia and industry. Familiarity with basic LLM techniques would be helpful.

3 Outline

1 Introduction (30 minutes)
- Large Language Models, Foundation Models, AI Agents,

Retrieval-augmented Generation, Knowledge Graphs
2 LLMs for Graphs (20 minutes)
3 Graphs for LLMs (20 minutes)
4 Knowledge Graphs for LLMs (20 minutes)
5 LLMs for Knowledge Graphs (20 minutes)
6 Graphs for AI Agents (20 minutes)
7 AI Agents for Graphs (20 minutes)
8 Future Directions (30 minutes)
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4 Description of Topics

4.1 LLMs for Graphs

LLMs are increasingly being used in many graph data management, mining,
and ML problems [31,53,25,50]. • Graph Querying. Acting as predictors, the
language understanding capacity of LLMs makes them suitable for processing
natural language questions (NLQs) over structured graphs [13,45,38]; they en-
able natural language interfaces for graph querying, where they translate NLQs
into executable GraphQL or Cypher queries [13,45,38] and power systems such as
Neo4j’s NLQ2Cypher pipeline [45]. • Graph Mining. In graph mining, LLMs
again serve as predictors, using their reasoning and code generation abilities to
extract graph properties and perform tasks such as graph classification, short-
est path computation, cycle detection, and subgraph matching [33,80,22], as
demonstrated by GraphWiz [6]. • Graph Learning. LLMs enhance graph learn-
ing by serving as enhancers and supporting GNN-LLM alignment. They enable
zero-shot reasoning over text-attributed graphs and motivate graph foundation
models [33,80]. Unified architectures such as Liu et al.’s model [33] handle node
classification, link prediction, and related tasks without task-specific designs.

4.2 Graphs for LLMs

Graph-based retrieval-augmented generation (Graph RAG) improves LLM ac-
curacy by supplying structured, relationship-rich context instead of relying only
on flat text retrieval. Microsoft’s GraphRAG builds a document-derived graph,
organizes it into communities, and produces community-level summaries that
offer coherent context for downstream reasoning [9]. ArchRAG advances this
paradigm by enriching user queries with attributed subgraph communities from
an external corpus and introducing an index that improves retrieval relevance
and efficiency [65]. Zhou et al. provide an extensive empirical comparison of
recent graph-based RAG methods, showing how graph structure enables more
faithful and contextually grounded LLM outputs [84].

4.3 Knowledge Graphs for LLMs

We categorize the role of KGs in enhancing LLMs as follows [47,41]. • Back-
ground Knowledge. KGs provide structured facts that improve LLM reasoning
by aligning subgraphs with text for joint training [75]. InfuserKI selectively inte-
grates KG facts to reduce forgetting [62], while KG-Adapter and GAIL inject KG
structure through efficient fine-tuning [59,81]. GRAG retrieves the top-k relevant
subgraphs and aligns graph and text embeddings [19], and KG-RAG retrieves cu-
rated KG triples for fact-grounded reasoning across QA, recommendations, and
data management [43,64,42,44]. • Reasoning Guidelines. KGs guide LLM rea-
soning by supplying candidate subgraphs or shaping each reasoning step. EtD
extracts fine-grained KG facts for knowledge-enhanced prompts [32], and GCR
encodes KGs as tries for graph-constrained decoding [39]. Online methods such
as LLM-ARK and ToG support sequential KG-guided decisions [23,55], while
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agent-based systems like KG-Agent and ODA integrate KG tools and mem-
ory for iterative reasoning [24,56]. • Refiners & Validators. KGs refine and
validate LLM outputs by filtering incorrect answers and grounding responses
in factual structure. ACT-Selection and KG-Rank re-rank candidates using KG
types and medical KGs [51,73], and KGR verifies factual statements in generated
text [14]. EFSUM summarizes KG evidence for zero-shot QA [28], InteractiveK-
BQA enables iterative KG-guided correction [72], and LPKG fine-tunes LLMs
with KG-based planning data to improve complex reasoning [63].

4.4 LLMs for Knowledge Graphs

LLMs augment KGs through knowledge extraction, completion, embedding,
querying, analytics, and domain applications. • KG Creation. Multi-modal
LLMs extract entities, relations, and facts from heterogeneous sources such as
text, images, and tables [8,60]. They also support discovery, typing, linking, and
end-to-end KG construction [61,27]. • KG Completion. LLMs improve link
prediction by combining textual signals with KG facts [74]. Recent models di-
rectly generate missing entities in KG triples [52]. • KG Embedding. LLMs
enrich KG embeddings by integrating textual semantics, as in KEPLER and
K-BERT [66,36]. Multi-modal encoders further extend KG embeddings with
image and graph information [21]. • KG Querying. LLMs interpret natural
language questions, extract entities and relations, and support KG-grounded
reasoning [76]. They also translate NLQs to SPARQL [1] and integrate KG facts
into retrieval-augmented QA [2,71]. • KG Analytics. LLMs assist with graph
reasoning tasks such as computing sizes, degrees, and connectivity, supported by
prompting-based methods for natural language graph problems [77]. • Domain-
specific KG Applications. LLM-KG synergy benefits healthcare, biomedical
science [57], education [30], e-commerce [49], and spatio-temporal analysis [26].

4.5 Graphs for AI Agents

Recent work shows that key elements of agent performance are often repre-
sented more effectively with graphs, motivating agents that interact with di-
verse graph types. • Task Planning Graphs. Graphs support task reasoning,
decomposition, and decision search. Knowledge graphs and Graph-of-Thought
provide multi-hop context [69,4], task-dependency graphs structure sub-task
relations [70], and state-space graphs guide sequential decisions [29]. • Task
Execution Graphs. Execution improves when agents use graphs to organize
tools and environments. Tool-calling graphs model function dependencies for effi-
cient sequencing [37], and environment-interaction graphs capture relationships
among agents and entities [12]. • Memory Graphs. Memory benefits from
graph structures that expose relationships for retrieval and long-term reason-
ing. Recent work uses hierarchical knowledge graphs for structured memory [7],
graph-based RAG for accurate retrieval [5], and dynamic graphs that evolve with
new experiences [16]. • Multi-agent Interaction Graphs. Multi-agent sys-
tems rely on structured communication, and coordination graphs provide clear
pathways for agent interaction [78].
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4.6 AI Agents for Graphs

Agents can address many graph data management and mining tasks. • Graph
Reasoning. Agents outperform stand-alone LLMs by decomposing problems
into structured steps and invoking graph tools, enabling reliable execution of
tasks such as shortest paths, cycles, triangle counting, maximum flow, PageRank,
centrality, community detection, and node similarity [18,54,79]. • Text2Cypher
& Text2SPARQL. Agentic systems improve semantic parsing by retrieving
schema elements, validating intermediate queries, and iteratively repairing er-
rors [15,48]. • KG Construction. Agents enhance KG construction by using
domain-aware instructions and iterative tool-based refinement to extract rela-
tions and handle complex reasoning more accurately than stand-alone LLMs [46].

4.7 Future Directions

We conclude by summarizing open challenges and opportunities for data min-
ing. • Unification of LLM+KG+Vector DB & NeuroSymbolic AI.
Future systems must tightly integrate symbolic KGs, neural LLMs, vector re-
trieval, and rule-based reasoning into unified architectures that support consis-
tent cross-modal inference and robust neuro-symbolic decision making. • KG-
based Agentic Memory. Agents require scalable KG-structured memory that
can store, update, and retrieve long-term knowledge to support reliable multi-
step reasoning. • Unifying Long Context with RAG. Combining long-
context models with KG-guided RAG demands mechanisms that balance ex-
tended attention with structured retrieval to prevent drift and hallucination.
• Explainability. LLM+KG+agent systems need principled methods that ex-
pose graph-grounded evidence and trace decision pathways for transparent and
trustworthy reasoning. • Security and Privacy. Protecting KG content, agent
memory, and retrieval pipelines requires defenses against leakage, poisoning,
unauthorized inference, and adversarial manipulation.
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