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1. Introduction

Â Networks capture the most essential ingredients 

of complex system: basic component units and 

the interaction configuration

simple in form and powerful in modeling

Â Many investigations into 

Â topological characteristics and their origins

Â Link to dynamical processes and functional 

roles



Partitioning of complex networks

Á partitions of communities

communities: connections inside are denser 

than in between

identifying substructures important to the functions, 

organizations, evolutions, etc., for the complex 

systems that the networks represent.



Communities structure identification in 

networks - relevance

Â Governing certain functions

Â Implications for dynamical processes

Â Serve as guide on reducing the network

Not the only perspective though ïothers may 

be necessary for a better understanding of 

network structures and the dynamical 

processes they support.



Partitions of similar components

Some examples of interest:



Partitions of similar components

Similar: ñstructurally equivalentò, sharing similar 

connection patterns

Advantages:

Áflexible in capturing various types of structures

Ácould, but not necessarily so, be the same as

communities

ÁProviding additional (complementary)

information of the community network

Challenges:

ÅLacking a universally accepted definition

ÅLacking efficient algorithms

ÅNeed prior information of partitions as input



input:     A -- adjacency matrix         

NG -- number of groups

Newman-Leicht algorithm (NLA) [1]
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[1]   M.E.J. Newman and E.A. Leicht, PNAS 104 (2007) 9564

NLA is based on probabilistic mixture models and 

the expectation-maximization algorithm

model: -- probability a node falls into group r (r = 1,é,NG)

~ probability a node in group r connects to node j (/     )
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Newman-Leicht algorithm (NLA) [1]

[1]   M.E.J. Newman and E.A. Leicht, PNAS 104 (2007) 9564
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NLA ïAdvantages and 

Shortcomings

ÁAdvantages of NLA

Ádoes not need other input except the number of groups

Áflexible in identifying various similar groups

Áthe efficiency is not bad ( ~O(N 2 ))

ÁShortcomings

Áfails for certain types of networks

Áinaccurate for identifying similar groups whose 

nodes have remarkably different average degrees

Ánot symmetric between a network and its complement

Our motivation: overcome the disadvantages of NLA



The Symmetry Principle [2]

The partition of a network A under certain premise

should be equivalently obtained by applying the same 

or converse premise to its complementary network           
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[2]   J. Wang and C.-H. Lai (2009) (in preparation)
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The Symmetry Principle [2]

[2]   J. Wang and C.-H. Lai (2009) (in preparation)

Remarks

Åthe symmetry has not been taken into

consideration explicitly before in partitioning

complex networks

Åit should be a necessary condition for a 

better/more consistent algorithm/definition of

the structures 

(e.g. for Kernighan-Lin algorithm)



2.  APBEMA ïthe construction [3]

APBEMA (The a priori probability-based expectation-

maximization algorithm)

[3]   J. Wang and C.-H. Lai, New J of Phys. 10 (2008) 123023

input:     A -- adjacency matrix         

NG -- number of groups
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model: -- probability a node falls into group r (r = 1,é,NG)

-- a priori probability a node in group r connects to node j

--

equation:    and are that maximizeqp        
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2.  APBEMA ïthe construction [3]

[3]   J. Wang and C.-H. Lai, New J of Phys. 10 (2008) 123023
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(NLA fails due to                  )

Advantages of APBEMA

1. applicable without any restriction on the degree 

distribution
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Advantages of APBEMA

2.  more accurate in recognizing similar groups 

whose averaged degrees are remarkably 

different.



Advantages of APBEMA

3. flexible in controlling the heterogeneity effects 

on grouping

4. Applicable to weighted networks

5. Advantages of NLA are all inherited here:

Á flexible in identifying various structures

Ádoes not need other inputs (A, NG)

Áapplicable to both directed/undirected 

networks

Á the same efficiency



Analysis of example networks 

using APBEMA

The dolphin social network [4,5]

[5]   M.E.J. Newman, Phys. Rev. E 74 (2006) 036104

[4]   D. Lusseau et al, Behav. Ecol. Sociobiol 54 (2003) 396



Analysis of example networks 

using APBEMA

The network of the American college football teams extracted

from the schedule of Division I games of the 2000 season [6]

[6]  M. Girvan and  M.E.J. Newman, PNAS 99 (2002) 7821 036104


