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Synthetic network
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* Select nodes to maximize information gain using -
graph signal recovery theory
Representativeness
 Representative sampling to control generalization
error due to labeling noise
« Tool: graph sparsification
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(b) Barabasi—Albert model (BA)
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Limitation & Future work

* Limitation: over-reliance on a priori knowledge of
label construction

* Future direction: adaptive methods for designing
the signal subspace to effectively handle both
homophily and heterophily

» Extension to an online active learning setting that
iteratively incorporates node response information to
further enhance query efficiency



