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Q: Can we allow each node to be parameterized by its own weight matrix?
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Localization: Localize the global GNN model for each node
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Conclusions
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Node-level localization:
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Motivation
Localize the weight matrix *  We identified the need to localize GNNs for different nodes
Proposed model: LGNN

* Encode graph-level general patterns using a global weight matrix
* Node-level and edge-level localization

b,lv =0 (Méci) Scaling and shifting factors

ng = MEAN ({h,lu_l - Yu € Cv}) Local context

Experiments

Edge-level localization:
» Extensive experiments demonstrate that LGNN significantly outperforms state-of-the-art GNNss.

h!, = o (AcGrR({W!hi ' 0al, , +b!  :VueC,}) Acereaation

az,v =0 (NZcL,v) + 1, b,lu,v =0 (N%)Cflu,v) Scaling and shifting factors

Reference

cl o = CONCAT (h,lu_l, h,lu_l) Local context

u,

Overall loss:

Prediction for semi-supervised node classification [1] Perozzi B, et al. 2014. Deepwalk: Online learning of social representations. KDD.

[2] Yang Z, et al. 2016. Revisiting semi-supervised learning with graph embeddings. ICML.
[3] Kipf, T. N., et al. 2017. Semi-supervised classification with graph convolutional
networks. ICLR.

[4] Velickovice, P., et al. 2018. Graph attention networks. ICLR.

[5] Xu K, et al. 2019. How powerful are graph neural networks? ICLR.

[6] Brockschmidt M. 2020. Gnn-film: Graph neural networks with feature-wise linear

modulation. ICML.

exp(hﬁ,k)
5:1 exp (hﬁ,k/)

Parameters set of global GNN Parameters set of localization

™~ e

Y vevs Sore1 Yo Inzy ik + Ac||Oc3 + A0z 13

+A (1A= 115/IA] + |1 Bll3/1BI)
. ~

Contains all shifting factors
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Overall loss

Contains all scaling factors




