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Motivation

« Graph few-shot learning deals with label scarcity on graphs.
* Pre-trained GNNs have promoted the advancement of graph few-shot learning by providing rich graph knowledge via large-

scale label-free training.

* For economic and security considerations, pre-trained GNNs might be accessed only via Model-as-a-Service (Black-box).
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Challenges

* When applying pre-trained GNNSs in few-shot learning: < Leverage a lightweight graph meta-learner, enabling:

*»» Task Gap: Pre-training objectives may include task-
irrelevant information for downstream few-shot tasks.

*» Black-box Setting: Conventional fine-tuning isn’t applicable

without access to internal gradients.

*» Overfitting: Limited meta-training tasks can lead to
memorization and poor generalization

Graph Meta-learning with Black-box Pre-trained GNNs (Meta-BP)

v Capturing just task-relevant knowledge needed for
downstream node classification

v Leveraging outputs from black-box pre-trained GNNSs, no
access to the gradients or parameters

v Fast adapting to novel few-shot tasks with a compact
subnetwork.
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« Qutputs include both task-relevant

(denoted as O) from the black-box and task-irrelevant information.

pre-trained GNN as the initial
embeddings of GML

Parameter sensitivity: training Meta-BP
with varying capacity ratios

» Information bottleneck: learning
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Meta-Learner Pruning

Methods

Parameter efficiency: the number of

parameters shows the extracted final
subnetwork for adaptation is much smaller
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