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Deep graphs – A general
framework to represent and
analyze heterogenous complex
systems across scales
Julia Hellmig
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41. Introduction

Current network representations

● Weighted Graphs

● Node weighted networks

● Hypergraphs

● Multilayer networks

But: some features are still missing
and no network representation can do
all these things

Missing Features

● Interactions between groups on
different scales

● Association of information with
heterogenous types of objects and
relations

●
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51. Introduction

Aims of Deep Graphs

● Entail and unify existing network
representations

● Generalize and extend network
representations by the missing
features

Benefts of Deep Graphs

● Combine heterogenous datasets

● Integrate a priori knowledge of
groups of objects and their relations

● Conduct analysis of interrelations of
the system within the network
representation
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Deep graphs – The basis

● A fnite, directed graph

● Every node can contain features

● Every edge can contain relations

● Every feature and relation is of a
type

 

2. Deep graphs
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Deep graphs 

 

2. Deep graphs
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Supernodes and Superedges

● Any subset of nodes of a graph can

be grouped into a supernode

● Edges can be placed between
supernodes and between
supernodes and nodes

● Any subset of edges of a graph can

be grouped into a superedge

● A supergraph results by
partitioning the node set and
subsequently partitioning the edge
set

2. Deep graphs

Partitioning of the graph by category

Results in seven supernodes
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● Find potentially informative
partitions of a graph

→  all edges originating from
nodes with a political ideology of
“egalitarism” target nodes of the
category “state”

● Compute similarity measures
between different partitions

→  calculate the normalized
variation of information metric,
Jaccard index or the normalized
information index

2. Deep graphs

Intersection Partitions

● Choose partitions of a graph of which a
intersection partition should be created

● All nodes that belong to all partitions
(supernodes) of the chosen ones belong to
the intersection partition

● An edge belongs to the intersection partition
if it originates and targets a node in a
supernode of the intersection partition
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1. Every row in a Dataframe is a Node

2. Columns are features of the nodes

3. Create edges

a) Connectors: create edges 
between nodes with relations
b) Apply a priori knowledge about
The relations of the nodes
c) Selectors: flter the edges 
based on selective properties

4. Create a supergraph by identifying
a partition of the graph

5. Compute partition-specifc features
to the supernodes   

3. Construction of a Deep graph
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Application to global precipitation data

● Precipitation measurements from 1998
to 2014 

● Local formations of spatio-temporal
clusters of extreme precipitation events

4. Application to Precipitation Data
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Create clusters

● Every grid cell in a 3D grid can have 26
possible neighbors

● Create edges between those neighbor
nodes based on their spatio-temporal
distance

● Clusters of connected nodes are
created

4. Application to Precipitation Data

Traxl, D., N. Boers, A. Rheinwalt, B. Goswami, and J. Kurths (2016), The size distribution
of spatiotemporal extreme rainfall clusters around the globe, Geophys. Res. Lett., 43,
9939–9947, doi:10.1002/2016GL070692. 
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Partitioning

● Partitioning of the graph by
clusters 

● Creation of spatio-temporal
extreme rainfall clusters

● Computation of supernode
features

● Creation of superedges between
clusters that have a strong
regional overlap

● Agglomerative, hierarchial
clustering of the clusters into
familes

4. Application to Precipitation Data
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● Partitioning of the graph based
on family membership of the
nodes

→  now extensive statistical
analysis could be performed

4. Application to Precipitation Data
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184. Application to Precipitation Data

Visualization of the time evolution
of extreme rainfall clusters
 

● Concentration on two families of
extreme precipitation clusters in
South America
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194. Application to Precipitation Data

● Concentration on two families of
extreme precipitation clusters in
South America



  

Ju
lia

 H
el

lm
ig

D
ee

p 
gr

ap
hs

 –
 A

 g
en

er
al

 fr
am

ew
or

k 
to

 re
pr

es
en

t a
nd

an
al

yz
e 

he
te

ro
ge

no
us

 c
om

pl
ex

 s
ys

te
m

s 
ac

ro
ss

 s
ca

le
s

204. Application to Precipitation Data

Conclusion

● Introduction of a framework to describe and analyze heterogenous
multiscale systems

● Based on network theory

● Includes an extensive software package that is easy to handle and apply to
own data
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21Sources

Sources

● Dominik Traxl, Niklas Boers and Jürgen Kurths, “Deep graphs-A general
framework to represent and analyze heterogenous complex systems across
scales”, Chaos: An interdisciplinary Journal of Nonlinear Science 26, 065303
(2016) https://doi.org10.1063/1.4952963

● Traxl, D., N. Boers, A. Rheinwalt, B. Goswami, and J. Kurths (2016), The size
distribution of spatiotemporal extreme rainfall clusters around the globe,
Geophys. Res. Lett., 43, 9939–9947, doi:10.1002/2016GL070692.

https://doi.org10.1063/1.4952963
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