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developed. Accordingly, it is of great significance and practical value to
equip users of GL with the ability to perform a near-instantaneous selection
of an effective GL model without manual intervention. Despite the recent
attempts to tackle this important problem, there has been no comprehensive
benchmark environment to evaluate the performance of GL model selection
methods. To bridge this gap, we present GLEMOS, a comprehensive

GLEMOS provides a comprehensive benchmark environment, covering the steps required to achieve
effective instantaneous GL model selection, with multiple options for major building blocks.
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« Comprehensive Evaluation Testbeds. GLEMOS designs multiple models models
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selection techniques perform in these different settings.

 Extensible Open Source Environment. GLEMOS is designed to be
easily extended with new models, new graphs, and new performance
records.
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GLEMOS covers representative and diverse sets of graphs and GL models.

« Future Research Directions. We discuss the limitations of existing Graphs
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MOdeIS NC: Applicable for node classification. LP: Applicable for link prediction.
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ChebNet v v 27 Adamic/Adar v 1
PNA v v 32 SEAL v 36
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Meta-Graph Features

P(3)

Step 1—Structural
Feature Extraction

« GLEMOS provides multiple predefined sets of meta-graph features, with
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Step 2—Statistical
Feature Summarization

the largest one having more than 1,000 features.

Benchmark Testbeds
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Instantaneous Model Selection Algorithms

Algorithm
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Supervised Surrogates
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C3. Optimizable



