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Introduction
What Should Be the Fundamental Unit of Graph Foundation Models?

Challenge: Graph foundation models (GFMs) aim 
to learn across diverse graphs, generalize across 
datasets, and transfer to unseen graphs. 

Key Observation:
- Node- and dataset-level approaches struggle 
with substantial variations in node features and 
semantics across graphs.
- Relations may exhibit more consistent 
semantics across graphs, offering a promising 
foundation for cross-graph knowledge transfer.



Introduction
From Language Tokens to Relation Tokens

Inspiration:
LLMs learn transferable knowledge 
through a shared token vocabulary, 
enabling generalization across diverse 
tasks.

Our Idea:
REEF introduces a relation vocabulary, 
treating graph relations as semantic 
tokens to enable knowledge sharing 
and generalization across graphs.



Method
Relation-Aware Graph Foundation Model

3. Dataset-specific Feature Adaptation
4. Pre-training Strategy

1. Relation-aware Aggregator  
2. Relation-aware Classifier 

Key Components:
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Preprocessing: Feature Alignment
Heterogeneous node features are aligned into a 
unified representation space using SVD-based 
or LM-based methods, enabling cross-dataset 
learning.

!𝑥! = 𝒯 𝑥! ∈ ℝ"! , 𝑥! ∈ ℝ
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Relation Vocabulary Construction
To capture transferable relational semantics, 
REEF constructs a shared relation vocabulary 
using natural-language and encodes relation 
tokens with a pre-trained language model.

ℎ# = LM 𝑟 , 𝑟 ∈ ℛsource
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1. Relation-aware Aggregator
Different relations exhibit distinct structural 
patterns, motivating REEF to generate relation-
specific aggregation parameters through a 
shared hypernetwork for adaptive message 
passing.
Φ#
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2. Relation-aware Classifier
Another shared hypernetwork generates 
relation-specific classifiers conditioned on 
relation semantics, allowing diverse graph 
learning tasks to be handled through unified 
relation prediction.

Ψ# = ℱCls ℎ#; Θ#,Cls 	
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3. Dataset-specific Feature Adaptation
Motivation: Although relation semantics can be 
shared across graphs, node feature distributions 
and dataset characteristics may vary 
significantly.
Dataset-specific Projector: Dataset semantics 
guide the generation of dataset-specific 
projection parameters, enabling adaptive 
feature transformations across graphs.
ℎ&𝒢 = LM 𝑡𝒢 , Φ𝒢
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Dataset-level Feature Bias: A dataset-conditioned 
feature bias enriches node representations with 
domain-specific semantic information.

REEF integrates relation-aware neighbor aggregation with dataset-
specific node transformations to learn transferable graph 
representations.
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4. Pre-training Strategy
Relation Token Prediction (RTP): 
REEF unifies node classification and link prediction into a shared relation prediction task, allowing relational 
knowledge to be learned across heterogeneous graphs. Each training instance is represented as a relation 
triplet: 𝑠! , 𝑟!. , 𝑠. . The relation prediction is formulated as:

𝑃 𝑦 = 1 ∣ 𝑠! , 𝑟!. , 𝑠. = ℱ 𝑠! , 𝑟!. , 𝑠. ; Θ

Mixed-Dataset Training:
Training samples from multiple graph datasets are jointly optimized, enabling REEF to learn shared relational 
knowledge across different domains.

Graph Data Augmentation:
Random edge dropping introduces structural variations during pre-training, improving robustness and 
generalization across graphs.



Experiments
Pre-training Performance

Experimental Setup: (1) Joint pre-training on seven graph datasets from four domains. 
         (2) Comparison with independently and jointly trained GNN baselines.

Key Findings
Superior Performance: REEF achieves the 
highest average accuracy of 79.70%, 
outperforming RGCN by 2.87 pp.
Reduced Negative Transfer: Joint training 
substantially degrades the performance of 
conventional GNNs, while REEF maintains 
stronger performance across datasets.
Effective Knowledge Sharing: Relation-aware 
modeling facilitates knowledge transfer 
across heterogeneous graph datasets.



Experiments
Few-shot Transfer Learning (1-shot, SVD-based)

Experimental Setup: Evaluate 1-shot transfer learning on three unseen graph datasets using SVD-aligned 
node features.

Key Findings
1. Superior Few-shot Transferability: REEF outperforms the strongest baselines by 4.45–9.35 pp 
across three unseen datasets.
2. Cross-Graph Generalization: Relation-level pre-training enables effective transfer with only one 
labeled example per class.



Experiments
Few-shot Transfer Learning (3-shot, LM-based)

Experimental Setup: (1) 3-shot transfer learning on text-attributed graphs, with node features initialized 
using Sentence-BERT. (2) Two pre-training settings: S1 excludes E-commerce graphs, while S2 additionally 
includes Amazon Photo.

Key Findings
1. Strong LM-based Transferability: 
REEF achieves the highest accuracy across all three target 
datasets using LM-based node features.
2. Cross-Domain Generalization: 
REEF maintains strong performance on E-commerce datasets 
even without E-commerce pre-training data.



Experiments
Cross-Domain Generalization

Experimental Setup: 
(1) Evaluate cross-domain generalization on 26 graph datasets across six domains, covering diverse graph 
structures and semantics.
(2) Follow the GraphAny evaluation protocol and compare REEF with GAT, GraphAny, and TS-Mean.

Key Findings
1. Strong Cross-Domain Generalization: REEF 
achieves the highest average accuracy (70.75%) 
across 26 datasets, ranking first in 5 out of 6 graph 
domains.
2. Robustness to Diverse Graph Structures: REEF 
substantially outperforms GraphAny on 
heterophilic graphs (+7.43 pp), demonstrating 
strong adaptability to diverse neighborhood 
patterns.



Experiments
Zero-shot Transfer to Unseen Domains and Tasks

Experimental Setup: 
(1) Evaluate zero-shot transfer on BBBP and HIV molecular graph classification, an unseen domain and task during 
pre-training.
(2) Follow the GOFA evaluation setting, without molecular-domain pre-training or target-task fine-tuning for REEF.

Key Findings
1. Zero-shot Cross-Domain and Cross-Task Transfer
REEF achieves competitive performance on molecular graph 
classification without molecular-domain pre-training or target-
task fine-tuning.
2. Strong Performance with Limited Supervision
REEF achieves 63.17% AUROC on HIV, outperforming GOFA by 
10.15 pp, despite using no additional molecular QA fine-tuning.



Experiments
Ablation Study

Experimental Setup: 
(1) Evaluate four ablated variants by modifying relation representations, dataset adaptation, and graph augmentation.
(2) Compare pre-training and transfer performance to quantify the contribution of each component.

Key Findings
1. Importance of Relation Semantics: LM-initialized relation representations provide transferable semantic 
knowledge beyond randomly initialized relation embeddings.
2. Contribution of Dataset Adaptation: Both dataset-specific feature bias and projection improve REEF’s overall 
performance, supporting adaptation across heterogeneous graphs.

3. Effectiveness of Graph Augmentation: Graph augmentation further enhances model 
performance, particularly in transfer learning.



Conclusion
We introduce relation tokens as transferable semantic units to facilitate knowledge 
sharing and generalization across graphs from diverse datasets and domains.
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Relation tokens offer a promising direction for building transferable 
graph foundation models, while improving semantic robustness and 
computational efficiency remains an important future direction.

We propose REEF, a relation-aware graph foundation model that leverages 
hypernetworks to generate relation-specific parameters for adaptive graph learning.2

We develop a unified Relation Token Prediction (RTP) objective to support joint pre-
training across diverse graph datasets and tasks.3

Extensive experiments demonstrate strong cross-graph generalization, including multi-
dataset pre-training, few-shot transfer, and zero-shot transfer to unseen domains and 
tasks. 
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