
GRAVER: Generative Graph Vocabularies for Robust GFM Fine-tuning

◼ The Instability of GFM Fine-tuning

 Observations from SOTA GFMs: huge variances under few-shot fine-tuning

 Why? Random few-shot sample selection brings fine-tuning uncertainty.

Haonan Yuan, Qingyun Sun, et al. GRAVER: Generative Graph Vocabularies for Robust Graph Foundation Models Fine-tuning, NeurIPS 2025.



GRAVER: Generative Graph Vocabularies for Robust GFM Fine-tuning

◼ The Instability of GFM Fine-tuning

 How does fine-tuning instability happen?

 Challenge: mismatch between support samples and pre-trained graph patterns.

Haonan Yuan, Qingyun Sun, et al. GRAVER: Generative Graph Vocabularies for Robust Graph Foundation Models Fine-tuning, NeurIPS 2025.
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◼Key Insight: Tokenize Graphs with Vocabulary

 Understanding graph data through the lens of language modeling

Haonan Yuan, Qingyun Sun, et al. GRAVER: Generative Graph Vocabularies for Robust Graph Foundation Models Fine-tuning, NeurIPS 2025.
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◼GRAVER: Pretrain-then-Finetune ➔ Pretrain-then-Augment-then-Finetune 

Haonan Yuan, Qingyun Sun, et al. GRAVER: Generative Graph Vocabularies for Robust Graph Foundation Models Fine-tuning, NeurIPS 2025.
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Haonan Yuan, Qingyun Sun, et al. GRAVER: Generative Graph Vocabularies for Robust Graph Foundation Models Fine-tuning, NeurIPS 2025.

◼Phase 1: Pre-training with Transferable Graph Vocabulary

 Goal: identify subgraph (graph vocabulary) that generalize across tasks and domains.

 Step 1: Multi-Domain Alignment
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◼Phase 1: Pre-training with Transferable Graph Vocabulary

 Goal: identify subgraph (graph vocabulary) that generalize across tasks and domains.

 Step 2: Factor-aware Ego-Graph Disentanglement

 multi-channel encoder:

 neighbor attention:

 updating:
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◼Phase 1: Pre-training with Transferable Graph Vocabulary

 Goal: identify subgraph (graph vocabulary) that generalize across tasks and domains.

 Step 3: Semantic-Independence Promotion

 regularizer:

 Why it work?

Key Takeaway: Graph vocabulary is the smallest & indivisible unit

that preserves structural semantics.
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Haonan Yuan, Qingyun Sun, et al. GRAVER: Generative Graph Vocabularies for Robust Graph Foundation Models Fine-tuning, NeurIPS 2025.

◼Phase 2: Vocabulary Modeling with Generative Graphon Experts

 Goal: generate transferable, class-consistent graph vocabularies from structure-

feature graphon distributions (establish a “vocabulary bank”).

[Picture Credit] Graphon Pooling in Graph Neural Networks. Alejandro Parada-Mayorga, et al.
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◼Phase 2: Vocabulary Modeling with Generative Graphon Experts

 Goal: generate transferable, class-consistent graph vocabularies from structure-

feature graphon distributions (establish a “vocabulary bank”).

 Step 1: Structure Token Modeling

 structure token graphon approximation:

 Step 2: Feature Token Modeling

 feature token graphon approximation:

shared non-parametric
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◼Phase 2: Vocabulary Modeling with Generative Graphon Experts

 Goal: generate transferable, class-consistent graph vocabularies from structure-

feature graphon distributions (establish a “vocabulary bank”).

 Step 3: Conditional Vocabulary Generation

 Principle: Root (structures) + Affix (features)

 sample and generation (coordinate sampling): 
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◼Phase 2: Vocabulary Modeling with Generative Graphon Experts

 Goal: generate transferable, class-consistent graph vocabularies from structure-

feature graphon distributions (establish a “vocabulary bank”).

 Why it work?

Key Takeaway: The generated graph vocabularies match the true distribution

(their gap converges to 0).

TVD: the strongest statistical 

distance measurement

(> KL, JS, and Wasserstein)
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◼Phase 3: Fine-tuning with Augmented Support Samples

 Goal: strengthen support samples with vocabulary-based structural augmentation.

              (“supervised augmentation”)

 MoE-CoE Network for Selective Augmentation

 MoE (Mixture-of-Experts): where to route

 CoE (Collaboration-of-Experts): how to compose

 vocabulary compose:

 optimize:
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◼Experiment: One-shot Cross-Dataset/-Domain Transfer background color denotes 

different dataset domain

the best performance 

across all 7 target datasets

more challenging setting,

remains the best
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Graph Pre-training

Prompt-based

Graph Fine-tuning

Multi-domain GFMs

the best average score,

the lower variation (more robust / stable)
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◼Experiment: Few-shot Node and Graph Classification

consistently outperforms all baselines 

across different m-shot settings.

the advantage is more pronounced 

when m is very small.

remains robust under

both feature noise and structure noise.

even performs better as the noise 

becomes stronger.
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◼Experiment: Ablation Studies

promote 

vocabulary 

independence

vocabulary 

augmentation

the MoE-CoE 

selective network

• All three components contributes to overall performance.

• Importance: VA  >  MC  > SIP

raw text significantly boost 

improve zero-shot adaptability

more effective under the 

cross-domain settings

(more challenging)
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◼Experiment: Efficiency and Sensitivity

the most time-efficient 

among baseline SOTA GFMs

though requires a relative higher GPU 

memory, its performance is better.

GRAVER offers the best 

accuracy-memory trade-off.

(To ensure continuity, interpolation smoothing is applied.)

GRAVER exhibits low hyperparameter sensitivity

➔ easy to fine-tune in practice
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