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Community Detection

Scenarios Algorithms

« VIP Customer . ELPA
+ Reputation Escalator /7 + GN
« Fraud Seller « Fast Unfolding




How to make it Dynamic?

Static Communities Streaming Data




Definition & Solution

1. Decide New Node’s community
2. Update Graph Physical Topology
3. Effect communities and modularity




Streaming Graph

DStream

Stock Graph




Models and Algorithms
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Quick Overview of
Fast Unfolding

Modularity Community
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Incremental Algorithms

% Join & Vote % Union & Modularity Greedy




incEdgeRDD stockCommunityRDD




UMG 1 - Union




UMG 2 - findBestCommunity

gain1=G(node(d), community(1))

gain2=G(node(d) , community(2))




UMG 3 - updateCommunities




Flow Example Code




Experiment Results
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https://snap.stanford.edu/data/

Stanford Large Network Dataset Collection(as-733)
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Modularity Trend — AS

Modularity Trend (Autonomous System)




Online Trading Graph




Modularity Trend — OT

Modularity Trend (Online Trading)




Key Points

Merge Small graph into Large graph

Local changes
Index or summary

Delicate formula
Commutative law & Associative law
Parallelly & Incrementally




Complex GraphX
Operators




Graph Union Operator

Graph Union Operator
https://issues.apache.org/jira/browse/SPARK-7894

[GraphX] Complex Operators between Graphs: Union
https://github.com/apache/spark/pull/6685




Complex GraphX Operators

Union of Graphs (G U H)
Intersection of Graphs ( G N H)
Graph Join

Difference of Graphs (G — H)
Graph Complement

Line Graph ( L(G) )

Complex Operators between Graphs
https://issues.apache.org/jira/browse/SPARK-7893




Streaming Optimization
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Monitoring and Correction

[Daily Running] [Hourly Monitoring]

Data Loading ] [ @ Streaming-FU ] [ ydularity Threshold Checking}

FastUnfolding FastUnfolding

commRDDTable modularityTable

communityID communityInfo mTime mValue

communityl (inl,totl,degreel, modularityl) timestamp1 totalModularity1




Streaming Resource Allocation




Streaming-
Buffer
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Conclusion

&

® Complex Operators will help
% Daily Rebuild & Threshold Check
® Costs more memory and time

checkpoint with Streaming or Graph?
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Static vs. Dynamic

Static Model Dynamic Model




