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Why network similarity? (1)
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hy network similarity? (2)
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Network Similarity: Definition

* INPUT: 2 anonymized networks

— GIVEN: node IDs
— NOT GIVEN: side-info
class labels

e OUTPUT: structural similarity score
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Network Similarity: Extension

* INPUT: set of anonymized networks

-

* OUTPUT: pairwise structural similarity scores
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Required Properties

* P1. effectiveness
— Size-independence
— Intuitiveness
— interpretability

e P2. scalability
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2 — Feature Aggregation

3 - Comparison similarity

metric
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NetSimile: overview .
1 — Feature Extraction



Step 1: Feature Extraction
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Step 2: Feature Aggregation

features

+ 5 agg] =6 .. &

— mec
— mea Why these aggregators?

— stan

They satisfy the effectiveness +
— skey scalability constraints!

— kurt ’} nE»
_ median, ...

median " mean . s.d. BHENESE kurtosis

single ‘signature’
vector per network
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Similarity Scores |

Networks ‘Signature’ Vectors
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Required Properties: NetSimile

VIP1. effectiveness
V] size-independence
V] intuitiveness

V] interpretability

v] avoids the node-correspondence problem

VP2. scalabiliti

The runtime complexity for generating NetSimile’s
‘signature’ vectors is linear on the number of edges in
the input networks: gt

O fnj+fn;-logn;))

Danai Koutra (CMU) - danai@cs.cmu.edu 13



* Experiments

* NetSimile
— Applications

e Conclusions

RoadMap
 Problem Definition

T
K

Danai Koutra (CMU) - danai@cs.cmu.edu 14



Experiments: Data

e 30 real-world networks
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* multiple synthetic networks
— Barabasi-Albert
— Forest Fire
— Erdos-Rényi
— Watts-Strogatz
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Experiments: intuitiveness +
interpretability of NetSimile
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(a) NETSIMILE homogenei Ty (b) EIG
in colors

Observation:

NetSimile gives better and more intuitive graph clusters

than the EIG method (eval-based competitor method).

Danai Koutra (CMU) - danai@cs.cmu.edu 16




Experiments:
NetSimile and node-overlap
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Observation:
The lower the NetSimile score (greater similarity), the higher
' the normalized node intersection of the input networks.
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Application:
Discontinuity Detection in Yahoo! IM
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(a) NETSIMILE between each day and day 0 in Yahoo! IM nodes: IM users
ﬁ edges: communication

events

Danai Koutra (CMU) - danai@cs.cmu.edu 18

i
K




 Problem Definition
e NetSimile
* Experiments

— Applications
e Conclusions

RoadMap

T
K

Danai Koutra (CMU) - danai@cs.cmu.edu 19



Conclusions

* Novel approach:
— ‘signature’ vector for each graph (summarization)

* NetSimile:
— effective

* size-independent, intuitive, interpretable

— scalable

* Applicability to a variety of problems
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Thank you!
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Experiments (2):
Are we measuring size?

1 I [ [ I I

L

Ratio of Number of Nodes

0 1 2 3 4 5 6 7
NetSimile Canberra Distance

Observation:
NetSimile is not measuring size — there is no correlation
between extracted features and network size.
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Advantages of NetSimile

M size-invariant
v scalable

LEMMA

The runtime complexity for generating NetSimile’s
‘signature’ vectors is linear on the number of edges in
the input networks: > # nodes

O(El;.:lf'nj +f°nj °10g(nj))
i avoids the node-correspondence problem
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