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Parallel Algorithms for Updating
Large Dynamic Networks

e Analysis of dynamic networks has become an
important tool for studying large-scale systems
of interacting entities that change over time.
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Figure: Changing of graph over time
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Figure: General approach for dynamic network algorithms

Updating Over the Sparsification
Tree

e Graph sparsification The original network is
recursively divided into several small subgraphs
over a structure called the sparsification tree.

e Based on the observation that the edges that
pertain to the property to be computed(key
edges), often form a very small portion of the
total edges of the network.

e Updating graph properties can be done by
processing only key edges.
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Figure: Overview of the framework

Previous Works and Challenges
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Figure: State of the art works on dynamic graphs.
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Challenges

e Designing an efficient algorithm to update with
minimal graph traversal.

e Determining the impact of changes and consider
which approach is best re-computation or update
algorithm.

e Metrics to determine the efficacy of the parallel

dynamic algorithms such as TEPS, speedup when
compared to its recompute counterpart.

Graph Properties
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Figure: Example of common graph properties

(d) SCC

Detecting SCCs on Dynamic
Networks
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Figure: Workflow of SCC algorithm
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e Graph is K-way partitioned across K processes.

e Fach partition creates multiple meta-graphs with
local SCCs as vertices and connections between
SCCs as edges during phase one.

e SCC is locally recomputed on the meta-graphs
during phase three.

e SCC computation is done over reduced-sized
meta-graphs, while communication is done over
updated edges.

e Recomputation for dynamic networks are isolated
to new batch of edges along with border vertices
of meta-nodes.

Results
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Figure: Strong scaling results for our SCC framework(red) and
baseline iSpan(blue) with respect to single threaded Tarjan's
implementation.

Scalability for 50 M Changes (85 % Edge Insertion)
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(b) Scalability
Figure: Scalability plot for SSSP implementation and speedup
comparison with baseline
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Figure: GPU implementation for updating SSSP on 50M
changes
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Figure: Speed up comparison for GPU implementation of
udpating SSSP vs GPU implementation of recomputing SSSP
from Scratch using Gunrock

Conclusion

e Parallel implementation of graph sparsification
which is used to divide the graphs into subgraphs
and used to detect which portion ot the network
is affected due to the changes

e New shared-memory algorithm for updating
SooP, MST, Page Rank, and SCC in dynamic

networks.

e Distributed algorithm for updating SCC in
dynamic networks.
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