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* Learning RD?GCN: Learn relational decision trees for separate densities -> extract
first order rules -> count number of satisfied groundings

Vanilla GCN: feature matrix and adjacency matrix & RD?GCN: relation rule matrix
(obtained by counting the number of satisfied groundings of the obtained first-order
rules (R1 - Rm) w.r.t the query variables) and distance matrix
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Conclusion and Future work

* We present RD?’GCN, a graph neural network that can learn from multi-relational data utilizing
the different densities separately

* We do not make assumptions on the supervision or the arity of predicates and automatically
constructs rules that allow for a rich latent representation

* RD’GCN replaces adjacency matrix with distance matrix which allows the RD?GCN to learn
richer set of features, allow for meaningful interpretations and have clear semantics

* Future works
* Joint learning and inference over multiple types of relations
* Using more classical rule learning techniques
* Extending our framework to node classification
e Learning in the presence of hidden/latent data and rich human domain knowledge

DSD, SY and SN acknowledge DARPA Minerva award FA9550-19-1-0391. DSD

https://sta rli ng-Utda llas.ed U/ acknowledges ICT-48 Network of Al Research Excellence Center \TAILOR" (EU
https://www.mI.informatik.tu-darmstadt.de/ Horizon 2020, GA No 952215) and the Collaboration Lab \Al in Construction"

. . . (AICO). SN acknowledges AFOSR award FA9550-18-1-0462. Any opinions, findings,
https://5|tes.google.com/V|ew/devendradhaml conclusion or recommendations expressed are those of the authors and do

not necessarily represent the view of AFOSR, DARPA or the US government.


https://starling.utdallas.edu/
https://www.ml.informatik.tu-darmstadt.de/
https://sites.google.com/view/devendradhami

	Slide Number 1

