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Sampling (1/2) Y-

e Sampling
— Reduce network size
— Generates subgraph
— Allows the property computation

e Based on
— Random Walks
— Breadth First Search (BFS)
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Sampling (2/2) Y-
GEEE—

e Many algorithms are biased

= [mprovements:

— Degree correction (Random Walk)

— Randomized subset of neighbours (BFS)

e Sampling reduces sizes

e Reduced complexity of property computation

e But: When to Stop? (w.r.t the desired properties)

= Quality not traceable
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Finding the best Algorithm
GEEE

0.63

0.62

* y-Axis:
. Property value
* X-AXis:

Sampling Size (%)

0.6

0.59

0.58

0.57

0.56

0.55

0.54

0.53

0.52 i i i i i i i i i
0 10 20 30 40 50 60 70 80 90 100

Tim Grube | P2P Networks | Technische Universitat Darmstadt Monotone Sampling of Networks 6



Finding the best Algorithm
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Finding the best Algorithm
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Finding the best Algorithm
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Finding the best Algorithm =y
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- Some properties are converging monotonously
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Idea: Exploit Monotonicity )
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e Some algorithms produce monotonously converging properties

» Allows simple and good extrapolation
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e Compute samples and compare convergence of graph properties
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Simulation: Setup (1/2) =Y
G

e Sampling Algorlthms collected from related work
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Simulation: Setup (2/2)

e Networksl
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1. Stanford Large Network Dataset Collection (https://snap.stanford.edu/data/)

Tim Grube | P2P Networks | Technische Universitat Darmstadt Monotone Sampling of Networks 9



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

Results: Ranking w.r.t. to Monotonicity (1/4) @)
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Results: Ranking w.r.t. to Monotonicity (2/4) @)

e Undirected Social Networks
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Results: Ranking w.r.t. to Monotonicity (3/4)
G

e Peer-to-Peer networks
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Results: Ranking w.r.t. to Monotonicity (4/4) @P
G

e Webgraph
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Conclusion & Future Work
N

e |Improved Algorithms not necessarily better

e Basic Algorithms performing good

e Random Walks mostly outperforming BFS

e |nteresting: Uniform Sampling always in the better half

e Future Work

— Analyze the monotonicity of distributions
— Understand the reasons for the differences of the monotonocity

— Develop estimators for network properties
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