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Context and motivations

Application domains

@ Computer networks,
@ Social networks,
@ Bioinformatics,

@ Chemoinformatics.
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Mining graph data

@ Graph mining aims to find patterns, hidden relations and
behaviors in data.
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Context and motivations

Mining graph data

@ Graph mining aims to find patterns, hidden relations and
behaviors in data.

Mining graph goals

@ Computing graph properties:
@ Density, diameter, radius, ...
@ Mining substructures from graph databases.

@ Substructures: paths, trees, subgraphs.
@ Frequent Subgraph Mining (FSM) task.
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Availability of graph data

@ Exponential growth in both size and number of graphs in
databases.
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Context and motivations

Availability of graph data

@ Exponential growth in both size and number of graphs in
databases.

@ Availability of graph data sources:
@ The protein data bank (PDB) contains 95280 of protein 3D
structures.

@ Facebook loads 60 terabytes of new data every day [Thusoo
2010].

@ Google processes 20 petabytes of data per day [Dean 2008].
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Context and motivations

Availability of graph data

@ Exponential growth in both size and number of graphs in
databases.

@ Availability of graph data sources:

@ The protein data bank (PDB) contains 95280 of protein 3D
structures.

@ Facebook loads 60 terabytes of new data every day [Thusoo
2010].

@ Google processes 20 petabytes of data per day [Dean 2008].
@ 3Vs of Big Data (Volume, Velocity and Variety).

@ Availability of cloud computing environments.
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Context and motivations

@ We are interested to FSM from graph databases.

Frequent subgraph mining algorithms

@ Various approaches of FSM.

@ Existing approaches are mainly:

@ Tested on centralized computing systems.
@ Evaluated on relatively small databases.

9 Few works for FSM in the cloud.
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Questions

@ Distributed FSM from
large graph database.

@ Data/computation
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Graph mining

Cloud computing

Frameworks for large data processing in the cloud
Related works

Background

Background

A graph is denoted as G =(V,E) where V is ° O
a set of nodes and E is a set of edges. 0 >

0 ./ e

A graph G’ = (V’,E’) is a subgraph of another < @ b
graph G = (V,E)iff: V' C V, and
E'CEN(V x V). . _Q

The density of a graph G = (V ,E) is

calculated by density(G) = (IVIiil\/E\l—ﬂ)‘
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Graph mining

Cloud computing

Frameworks for large data processing in the cloud
Related works

Background

Background

Cloud computing

@ Large number of computers that are connected via Internet.
@ Applications delivered as services.
@ Hardware and system software delivered as services.

@ Pay as you go.

@ Cloud services can be rapidly and elastically provisioned.
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Graph mining

Cloud computing

Frameworks for large data processing in the cloud
Related works

Background

Background
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MapReduce framework

@ A framework for processing huge datasets.

@ Large number of computers and task/node failures.
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Graph mining
Cloud computing

Frameworks for large data processing in the cloud
Related works

Background

Background

MapReduce framework
@ A framework for processing huge datasets.

@ Large number of computers and task/node failures.
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Background

Frameworks for large data processing in the cloud

Background

SPARK framework

@ A general engine for large-scale data processing.
@ Combine SQL, streaming, and complex analytics.

@ It offers several high-level operators that make it easy to build
parallel applications.

Spark MLib (machine

Shark (SQL) ¥ treaming learning)

GraphX(graph)

Apache Spark
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Graph mining

Cloud computing

Frameworks for large data processing in the cloud
Related works

Background

Background

SPARK framework: GraphX

@ A part of the Apache Spark project.

API for graphs and graph-parallel computation.
PageRank.

Connected components.

Label propagation.

Strongly connected components.
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Triangle count.
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