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Abstract Prediction Task GNN layers

We use a Graph Neural Network to predict drug-drug interactions. - . : . GraphSAGE layer
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Graph Convolution

Shallow and Deep Aggregators

:1 ) Models AGG embedding AGQG Edge Total Algorithm 1: GraphSAGE algorithm
>\:l layers pal'anls paranls predictor paranls Illpllt . C}I'Llph Q(V 6). input fe'dtlll'es {X-l;. Yo = V}. depth [\—: \Veight l'n'dtl'iceS
X, . params WF¥ VEk € {1,.... K}: non-linearity o differentiable aggregator functions

AGGREGATEy, Vk € {1, ..., K}:; neighborhood function N : v — 2V
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Custom Deep , narrow aggregator,
e Increase aggregation layers to 6.

e Decrease hidden dimensions between them. ;’ fl‘}.d% A
e same total model parameters. i
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q | Further iterates: Node v

First iterate: Node v’s latent representation - - ‘ i represents information from an : : .. : .

¢ itself and immediate neighbgrs. Zgi?létrelg?ti'blj)gg(e) fvnse 1r eﬁ)ggigntatlon evre)r larger section of the Graph. depth K in the algorithm are recursive iterations which
5 5 5 ' correspond to the layers of the aggregator. [4]

Conclusion and Future Work

Experiments
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