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Overview

• Existing Study on GNN Pre-training
• Conditions on transferable GNNs
• Proposed transferable framework
• Input space of GNN
• Ego-graph Information Maximization objective

• Experiments
• Model analysis



Existing Study on GNN Pre-training

Strategies for pre-training graph neural networks. ICLR 19’

Pre-Training Graph Neural Networks for Generic Structural Feature Extraction

Neither guarantee nor indicator of
positive or negative transfer !



A transfer learning perspective on GNNs
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Graph Similarity as an indicator

• WL-test use rooted subtree to distinguish different graphs.

Can we use rooted subtree (ego-
graph) to measure the similarity

between graphs？



Ego-graph distribution difference as indicator

A natural view of graph neural network is a function F over graph(ego-graph) and node features.
Hence, transferability is measured upon domain (feature) discrepancy.



Definition of structural information



Design of transferable learning objective

ØMotivation, if self-supervised model approximates the ego-graph
distribution of the source graph. The inference error on target graph
𝜀! therefore, captures the structural difference if 𝜀" is small.

ØWe further use empirical loss different Δ𝑙 between source and target
graph to evaluate the potential of such transfer.



Ego-graph Information Maximization (EGI)

• To capture the joint distribution of structural information and node
features, an idea GNN maximize the mutual information between
structural information {𝑔# , 𝑥#} and its outputΨ. Such that,

• Discriminator 𝐷 is asked to distinguish the samples from joint
distribution and product of two marginal distributions.



EGI Model Optimization
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Transferability of EGI

• The above theorem states the empirical risk difference on source and
target graph are bounded by the Laplacian difference on in-degree and out-
degree adjacency matrices.
• Specifically, the EGI bound term Δ!(𝐺", 𝐺#) describes the transferability of
the EGI objective.



Application of EGI

• Usage of EGI
• Have a series of similar large graph on different task, train EGI embedding on
any of the graph and get transferable embedding easily.

• Usage of EGI gap term Δ$ 𝐺% , 𝐺&
• point-wise pre-judge: compute the term between source and target graph to

assess the potential of positive transfer ( < 1.0 in practice)
• pair-wise pre-selection: when multiple source graphs are available 𝐺*+, 𝐺*,, 𝐺*-

select most suitable source graph 𝐺*∗ with the smallest EGI gap Δ/



Experiments

• Synthetic Experiment
• Limit the power of rooted subtree by number of hop and still try to find
structural equivalent nodes

• Unsupervised Transfer on node classification
• Train self-supervised encoder on source graph. Obtain node embeddings on
target graph without fine-tuning.

• Few-shot fine-tuning on relation classification
• Jointly train the encoder and task-specific loss



Synthetic experiments

Synthetic task: finding structural equivalent nodes



Real Data Experiments

Task: Unsupervised transferring on role identification
Dataset: Airport (USA, Europe, Brazil), role – level of popularity

Common self-supervised algorithms such as DGI and GVAE fails to positive transfer.



Real Data Experiments

Task: Unsupervised transferring + fine-tuning on Link Prediction
Dataset: knowledge graph (YAGO)
Post-fine-tuning: use transferred encoderΨ
Joint-fine-tuning: jointly optimize the EGI and task objective on target



Model Analysis

• Efficient Computation of term Δ$
• Enumerating every single pair of ego-graph between source and target graph
can easily blow up the memory (N by M pairs – N,M is the number of nodes).
• In practice, we can estimate it by uniformly down sample such pairs

• Relation to the depth of rooted subtree (ego-graph)



Thanks and Q&A

• More results are available: https://arxiv.org/abs/2009.05204
• Questions and discussions: qiz3@Illinois.edu

https://arxiv.org/abs/2009.05204

