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In the last 5 years 
learning on 

graphs exploded

6



@spcl_eth

@spcl

spcl.ethz.ch

7

Graphs + Deep Learning = Graphs Neural Networks (GNNs)



@spcl_eth

@spcl

spcl.ethz.ch

7

Graphs + Deep Learning = Graphs Neural Networks (GNNs)



@spcl_eth

@spcl

spcl.ethz.ch

7

Graphs + Deep Learning = Graphs Neural Networks (GNNs)



@spcl_eth

@spcl

spcl.ethz.ch

7

Graphs + Deep Learning = Graphs Neural Networks (GNNs)



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8

Classification 
or regression 

of nodes



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8

Classification 
or regression 

of nodes



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8

Classification 
or regression 

of nodes

Classification 
or regression 

of edges



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8

Classification 
or regression 

of nodes

Classification 
or regression 

of edges



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8

Classification 
or regression 

of nodes

Classification 
or regression 

of edges

Classification 
or regression 

of graphs



@spcl_eth

@spcl

spcl.ethz.ch

A Single GNN Layer

8

Classification 
or regression 

of nodes

Classification 
or regression 

of edges

Classification 
or regression 

of graphs



@spcl_eth

@spcl

spcl.ethz.ch

9



@spcl_eth

@spcl

spcl.ethz.ch

9



@spcl_eth

@spcl

spcl.ethz.ch

9



@spcl_eth

@spcl

spcl.ethz.ch

9



@spcl_eth

@spcl

spcl.ethz.ch

9

Classification 
or regression 

of graphs



@spcl_eth

@spcl

spcl.ethz.ch

9

Classification 
or regression 

of edges

Classification 
or regression 

of graphs



@spcl_eth

@spcl

spcl.ethz.ch

9

Classification 
or regression 

of nodes

Classification 
or regression 

of edges

Classification 
or regression 

of graphs



@spcl_eth

@spcl

spcl.ethz.ch

+

How to marry these two?

9

Classification 
or regression 

of nodes

Classification 
or regression 

of edges

Classification 
or regression 

of graphs



@spcl_eth

@spcl

spcl.ethz.ch

+

How to marry these two?

9

Classification 
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of edges

Classification 
or regression 
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Main challenge: understanding how 

to merge these two conceptually
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How do we enable these 
GNN workloads on the LPG 

graph datasets while 
harnessing all the existing 

label/property information?

? :?

?

:?

We need the right 
encoder!
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CSCS Cray Piz Daint & Ault
64GB ς2TB memory per server

Evaluation: Used Machine & Objectives

Main goal: show that LPG2vec 
successfully harnesses the label and 
property information from the LPG 

graph datasets to offer more accurate 
predictions in graph ML tasks
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Node Classification, aka
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Task: predict the research 
area of the publication

Impact from each label/property pairImpact from each label/property

Harnessing most 
cases increases 

accuracy 

In same cases, 
accuracy decreases

It is important to understand the datawell and 
select the right encoded LPG information 
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