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Learning Representations

Motivation We observe that GNN'’s predictive accuracvy typically increases with the size of search space in hyperparameter tuning, but  Key Results (1) Comparison with other search methods on node classification (partial results);

with a cost of very long tuning time. (2) Visualization analysis; (3) Time advantage; (4) Is graph condition useful?
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(\1% SO * W * OO, g4 The optimal GNN (2) We notice via visualization that: i) grid search may lead to overfitting on validation; ii) GNN-
AN “ W X * e GNNs found by grid search Diff indeed generates parameters by looking into the potential population; iii) Parameters
A=) . — GNNs found by random search generaterd by GNN-Diff are of better quality than simply adding random noises.
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Graph Signals Coarse Search Parameter Autoencoder (PAE) Graph Conditional Latent Sampling and Prediction (3) Time costs of GNN-Diff (pink). Clear time advantage compared to grid search. Generate
X C DDPM (G-LDM) better parameters in much shorter time. Almost free lunch!
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