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ABSTRACT
Graph Foundation Models (GFMs) have recently emerged as a
promising direction for learning reusable knowledge from graph-
structured data. Unlike conventional graph neural networks (GNNs),
which are usually trained for a specific graph and task, GFMs aim
to transfer graph representations across graphs, tasks, and feature
modalities. However, the established literature is rapidly fragment-
ing in different directions. In this tutorial, we divide current GFM
research into five predominant families and explore them appropri-
ately. We first introduce the motivation for GFMs and the high-level
taxonomy that organizes the area. We then discuss five representa-
tive families: LLM-Enhanced GNNs, GNN-Enhanced LLMs, Unified
GraphModels, GraphMixture-of-Experts, and Graph Prompt Learn-
ing illustrating their individual strengths which underpin their cur-
rent design. Finally, we outline future research directions from a
data management perspective. This tutorial will help researchers
and practitioners from the database and data management commu-
nity understand themajor implementation paths and open problems
in Graph Foundation Models.
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1 INTRODUCTION
Graph-structured data is widely encountered across many real-
world domains, including social networks, recommendation sys-
tems, molecular analysis, and knowledge graphs [17]. Graph Neural
Networks (GNNs) have become a standard tool for learning from
such data, achieving strong performance on node classification, link
prediction, and graph classification [8, 13]. Despite their success,
conventional GNNs are usually designed and trained for a spe-
cific graph and downstream task. When the graph domain, feature
modality, or prediction objective changes, practitioners often need
to redesign the model, collect new supervision, and retrain from
scratch [19]. Inspired by foundation models and large language
models (LLMs) [1], recent research has therefore turned to Graph
Foundation Models (GFMs) [31]. Unlike conventional GNNs, which
are typically trained for a specific graph task, GFMs are intended to
support adaptation across graph types, domains, and downstream
tasks. However, this goal is challenging because graph data is highly
heterogeneous in structure, feature modality, and task form, making
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it difficult to learn transferable graph knowledge through a single
modeling pipeline.

As research on GFMs continues to grow rapidly, developing
a clear understanding of current methods becomes increasingly
important. At a high level, existing GFM approaches realize trans-
ferable graph modeling through substantially different pipelines,
integrating graph encoders, prompting mechanisms, unified ar-
chitectures, or language models in different ways. This growing
methodological diversity makes the field increasingly difficult to
organize and compare. As a result, the community still lacks a
unified and systematic understanding of the GFM design space,
comparative strengths, and applicable conditions, which makes a
tutorial both timely and necessary.

In this tutorial, we aim to provide a comprehensive overview
of recent efforts on Graph Foundation Models. Over the past two
years, research in this area has grown rapidly, with more than fifty
papers appearing at venues such as NeurIPS, ICML, ICLR, KDD,
WWW, SIGMOD, and VLDB. To organize this rapidly expanding
landscape, we propose a comprehensive taxonomy of current GFM
implementation paths, viewing existing methods through the lens
of how transferable graph modeling is realized. Specifically, we
distinguish two major paradigms, namely LLM-Integrated GFMs
and GNN-Native GFMs, and further discuss five representative
families under these paradigms. For each family, we explain its core
pipeline, main mechanism, and adaptation strategy, providing a
structured way to understand and compare current GFM methods.
Beyond surveying modeling techniques, we highlight open data-
centric challenges such as scalable graph construction and cross-
domain integration, and discuss how core data management tasks
can benefit from transferable graph models, thereby bridging the
graph learning and database communities.

2 TUTORIAL OUTLINE
We propose a 1.5-hour tutorial, organized into the following sec-
tions and major technical components.
• Introduction and taxonomy overview (15 mins):We intro-

duce graphs, GNNs, the motivation for GFMs, and the high-level
taxonomy (Table 1) that organizes the tutorial.

• The Five Families of GFMs
– LLM-Enhanced GNNs (10 mins)
– GNN-Enhanced LLMs (10 mins)
– Unified Graph Models (15 mins)
– Graph Mixture-of-Experts (15 mins)
– Graph Prompt Learning (10 mins)

• Future research directions (15 mins)
We present a general outline of content expected in each section:
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Table 1: Summary of the taxonomy of graph foundation models.

Paradigm Family Realization Paths and Representative Models

LLM-Integrated GFMs LLM-Enhanced GNNs Text Augmentation (TAPE [9], KEA [3], SimTeG [4]).
Direct Embedding (ENGINE [38], OFA [14], UniGraph [10]).

GNN-Enhanced LLMs Graph-to-Text (NLGraph [26], GraphText [37], InstructGraph [28]).
Graph-to-Token Projection (GraphGPT [25], LLaGA [2], Graph2Token [30]).

GNN-Native GFMs
Unified Graph Models Feature-Level Alignment (OpenGraph [35], LEDA [18]).

Structure-Level Alignment (RiemannGFM [22], GFT [32], ULTRA [6]).
Task-Level Alignment (GIT [33], PRODIGY [12], SCR [29]).

Graph Mixture-of-Experts Component-Level Composition (Graph MoE [27], SAMGPT [36]).
Model-Level Composition (AnyGraph [34], OMOG [15]).

Graph Prompt Learning Appended Node Features (GPF/GPF-Plus [5], GraphPrompt [16]).
Inserted Subgraph (All-in-One [24], GPPT [23], PSP [7]).

2.1 LLM-Enhanced GNNs
LLM-Enhanced GNNs keep a GNN as the downstream learner and
use LLMs only to improve textual node or edge attributes before-
hand. Here the LLM serves as a semantic front-end rather than the
final predictor. This design is natural on text-attributed graphs, and
existing methods fall into the following categories:
Text Augmentation: Methods that use a LLM to generate ad-
ditional text and then encode that as graph features. The gener-
ated text can plays different roles, including explanations, domain
terms or task-relevant descriptions that are absent from the origi-
nal graph. TAPE [9] uses explanation-style generations, converting
LLM-produced explanations into node features before GNN train-
ing. KEA [3] augments nodes with technical terms and descriptions
and SimTeG [4] further explores this direction by adapting the text
encoder on graph corpora and then re-encoding node text with the
adapted language model.
Direct Embedding:Methods that use the LLM directly as a seman-
tic encoder, skipping any text generation. ENGINE [38] freezes the
LLM and relies on trainable GNN ladders to adapt text embeddings
to graph structure. OFA [14] uses shared text encodings for nodes,
edges, and task descriptions so that different classification tasks
can be handled in one interface. UniGraph [10] applies the same
embedding-first pipeline to cross-domain pre-training and transfer
on text-attributed graphs. The same pipeline also applies when
relation labels or graph descriptions are textualized.

2.2 GNN-Enhanced LLMs
GNN-Enhanced LLMs use graph encoders to make graph struc-
ture consumable by an LLM. The main issue is how to map non-
sequential graph inputs into the text or token interface expected
by the LLM, and existing methods can be categorized as follows:
Graph-to-Text:Methods that serialize the graph into natural lan-
guage and let the LLM reason over the resulting prompt. NLGraph [26]
represents the direct verbalization route by describing graph struc-
ture and task context in text. GraphText [37] introduces syntax-
aware graph verbalization. InstructGraph [28] standardizes graph
descriptions with code-like formats for graph-centric instruction
tuning. In practice, this route often requires long or dense graphs
to be aggressively summarized before prompting.
Graph-to-Token Projection:Methods that first encode the graph
with a GNN and then project graph representations into the to-
ken space of the LLM. GraphGPT [25] uses a projector to align

GNN-produced graph features with graph tokens. LLaGA [2] first
reorganizes the graph into structured node sequences and then
projects them into token embeddings. Graph2Token [30] pushes
this direction further by aligning graph tokens with the LLM vo-
cabulary without tuning the LLM backbone, and the same idea also
extends naturally to multimodal graphs. Compared with graph-to-
text prompting, token projection avoids rewriting the whole graph
into text but requires a stable alignment layer between graph and
language representations.

2.3 Unified Graph Models
Unified Graph Models attempt to reuse one graph backbone across
different domains and tasks without explicit expert decomposition.
Their central strategy is to align heterogeneous graphs into a shared
modeling interface before prediction, and existing methods can be
categorized as follows.
Feature-Level Alignment:Methods that map heterogeneous node
or edge attributes into a shared latent space and then apply a com-
mon graph backbone. OpenGraph [35] combines feature projection
with contrastive pre-training so that graphs from different domains
can be processed in one representation space. LEDA [18] makes
this alignment more explicit by learning a shared latent distribution
across domains through variational alignment, rather than only
matching projected vectors.
Structure-Level Alignment: Methods that align graphs through
shared structural primitives rather than raw attributes. Rieman-
nGFM [22] samples trees and cycles as canonical structures, while
GFT [32] extracts computation trees as a discrete structural vocab-
ulary. ULTRA [6] applies the same idea to knowledge graphs by
learning relation-level structures that can be reused across different
relation spaces. In all three cases, the backbone no longer oper-
ates on domain-specific adjacency patterns alone, but on aligned
structural units that can transfer across graphs.
Task-Level Alignment: Methods that reformulate node, link and
graph-level prediction into a common interface. GIT [33] merges
task-relevant computation trees through a virtual node and per-
forms prediction on that shared target. PRODIGY [12] instead con-
structs prompt graphs whose label nodes are read out after message
passing. SCR [29] recasts different tasks as task-specific knowledge-
graph structures for a unified reasoning interface. The common
goal is to avoid separate task-specific heads by translating different
prediction targets into one reusable reasoning pipeline.
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2.4 Graph Mixture-of-Experts
Graph Mixture-of-Experts methods maintain multiple specialized
modules and use routing to combine them for each graph or task.
Instead of forcing one backbone to handle all settings equally well,
this family decomposes transfer into expert specialization plus ex-
pert selection. The key design choice is whether routingmixes small
functional modules or selects full expert backbones, and existing
methods can be categorized as follows:
Component-Level Composition: Methods that combine light-
weight modules rather than full graph backbones, usually keeping
most of the backbone shared and only specialize a small part of the
pipeline (such as feature alignment, aggregation, or scaling). Graph
MoE [27] routes among lightweight aggregation experts, while
SAMGPT [36] composes domain-specific scaling weights through
two-stage routing.
Model-Level Composition: Methods that route each input to
complete expert models. AnyGraph [34] performs hard routing
over multiple experts for each input graph. OMOG [15] assigns one
GNN expert to each source graph and combines them through top-𝑘
gating. Because each expert keeps its own encoder and inductive
bias, this route better preserves graph-specific modeling choices,
albeit at higher cost than component-level composition.

2.5 Graph Prompt Learning
Graph Prompt Learning adapts a pre-trained graph backbone with
a small prompt module instead of updating all model parameters.
The key idea is to reformulate a downstream task so that it better
matches the inductive bias of the pre-trained graph model, thereby
enabling efficient adaptationwithout full fine-tuning. Existingmeth-
ods can be grouped into the two categories:
Appended Node Features:Methods in which the prompt is im-
plemented as additional learnable features attached to existing
nodes, so the original graph topology is unchanged. GPF [5] uses a
shared prompt vector for all nodes. GPF-Plus [5] introduces multi-
ple prompt vectors and selects them adaptively. GraphPrompt [16]
further shows that prompting can also be injected into hidden
representations. This design is parameter-efficient and simple to de-
ploy, but its gains are sensitive to prompt design and source-target
mismatch.
Inserted Subgraph: Methods that introduce prompt nodes or
prompt subgraphs and connect them to the original graph, so the
prompt can modify both features and structure. All-in-One [24]
learns prompt nodes together with their internal and cross-graph
connections, while GPPT [23] uses task or class nodes to recast
downstream prediction on the augmented graph. PSP [7] further in-
jects structural cues into the prompted graph to improve adaptation.
Inserted-subgraph prompting is more expressive than feature-only
prompting, but it also brings extra graph-construction overhead
and can become brittle on large or highly mismatched graphs.

2.6 Future Research Directions
Scalable Data Construction for GFMs: A key foundation of suc-
cessful foundation models is training data scale. For GFMs, however,
progress remains constrained by the lack of large-scale, high-quality,
and reusable graph data for pre-training. Future research should
therefore focus on scalable graph data construction, including richer

graph corpora and meaningful synthetic graph generation, so that
GFMs can learn from broader semantic and structural coverage.
Domain-Specific GFMs: Current GFMs still suffer from negative
transfer under domain mismatch, which suggests that one uni-
versal model may not be the most practical path today. A more
realistic direction is to develop domain-specific GFMs that combine
shared graph backbones with domain-specific experts, adapters, or
retrieval modules. Such designs may better balance reusable graph
priors and specialized domain knowledge.
Graph Tokenization: Current GFMs still lack a native way to
convert graphs into reusable pre-training units. Future research
should therefore develop graph tokenization mechanisms that pre-
serve topology, node and edge types, attributes, and recurring
higher-order patterns, rather than flattening graphs into text-like
sequences. Better graph tokenization can further support graph-
native objectives such as masked subgraph completion and joint
modeling of topology and attributes.
Robust and Efficient GFMs: Beyond clean benchmarks, practical
GFMs must remain reliable under noisy structure, class imbalance,
distribution shift, and realistic resource constraints. At the same
time, many current methods, especially those integrating LLMs or
large expert modules, remain expensive in both time and memory.
Future work should therefore pursue uncertainty-aware prediction,
corruption-resistant graph modeling, imbalance-aware adaptation,
and lightweight yet expressive architectures.

3 ADDITIONAL INFORMATION
Intended Audience The tutorial is intended for researchers and
practitioners interested in graph learning, foundation models, large
language models for graphs, and transferable learning over graph-
structured data. We aim to make the tutorial largely digestible to a
general data management audience looking to understand recent
advancements in the space of GFMs.
Related tutorials. There are tutorials on large language models
for graphs [11], which primarily emphasize the interaction be-
tween LLMs and graph learning. Another closely related tutorial
is Towards Graph Foundation Models [21]. Compared with these
tutorials, our tutorial places stronger emphasis on a family-driven
organization of the GFM landscape, covering the major implementa-
tion paths of current GFMs, discussing their limitations and future
directions from a data management perspective. In VLDB 2024,
the presenters hosted a tutorial titled "Efficient Training of Graph
Neural Networks on Large Graphs" [20].

4 PRESENTERS
(1) Alexander Zhou is an Assistant Professor (Research) in the
Department of Computing at The Hong Kong Polytechnic Univer-
sity, having received his PhD from The Hong Kong University of
Science and Technology. His research interests include graph struc-
tures, algorithms, learning and foundation models with a particular
focus on social network analysis. He has published more than 20
publication in top venues.
(2) Haoyang Li is an Assistant Professor (Research) in the De-
partment of Computing at The Hong Kong Polytechnic University
having received his PhD from The Hong Kong University of Science
and Technology. His research interests include graph foundation
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models, large language models, and data management for machine
learning. He has published more than 30 papers in top venues.
(3) Lei Chen is a Chair Professor in the Data Science and Analytics
Thrust and Artificial Intelligence Thrust at The Hong Kong Univer-
sity of Science and Technology (Guangzhou), where he also serves
as Dean of the Information Hub. He is a Fellow of the ACM and
IEEE, and his research interests include data-driven AI, knowledge
graphs, and query optimization on large graphs and probabilistic
databases. He received the ACM SIGMOD Test-of-Time Award in
2015, the VLDB Best Research Paper Award in 2022 and the VLDB
Excellent Demonstration Award in 2014. He was the General Chair
of VLDB 2024 in Guangzhou and currently serves as President of
the VLDB Endowment for the 2026–2027 term and Editor-in-Chief
of IEEE Transactions on Knowledge and Data Engineering.
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