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Abstract

Many real world networks have inherent commu-
nity structures, including social networks, trans-
portation networks, biological networks, etc. For
large scale networks with millions or billions of
nodes in real-world applications, accelerating cur-
rent community detection algorithms is in de-
mand, and we present two approaches to tackle
this issue
• a K-core based framework that can accelerate
existing community detection algorithms
significantly;

• a parallel inference algorithm via stochastic
block models that can distribute the workload.

Introduction

The community structure of a graph reflects the
connectivity between different nodes. Within each
community, nodes are more likely to be connected
to each other than to nodes from different com-
munities. If each node is allowed to exist in only
one community, the community structure is called
non-overlapping. In this work, we consider the non-
overlapping case only.
Recently, algorithms for large-scale community de-
tection have been devised, with linear or near-linear
time complexity. However, even those linear-time
algorithms become slow when detecting communi-
ties for large graphs in the big data era because the
coefficient in the time complexity is not negligible.

(a) (b)
Figure: ego-Facebook, with 10 focal nodes.

K-core Based Acceleration
Framework

The K-core of a graph is the largest subgraph
within which each node has at least K connections.
Advantages
•Applicable to most of the existing algorithms;
•Fast and preserving the quality (in terms of
modularity).

Framework: 3-Step Algorithm

1 GK ← Kcore(G, K)
2 gK ← CommunityDetection(GK)
3 g ← Recover(G, gK)

• sort unlabeled nodes in descending order according to the
ratio of their neighbors in the K-core

• g(i)← the most frequent neighboring label of i

Here, G is the original graph, g is a vector of com-
munity labels, K is some integer, GK is the K-core,
and gK contains community labels for the K-core.

Figure: an Example Graph
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Figure: an Example Graph: Community Detection by the
Framework Using 2-core

Why does it work?
• Intuition: Groups of nodes with denser
connections (intra-community connections) will
still have dense connection in the K-core

•Theorem: If the algorithm is to maximize the
likelihood function, the community labels of the
remaining nodes given GK is expected to be the
same as when given G.

Parallel Inferencing Algorithm

Stochastic Block Models (SBM) are commonly used
for community detection.
SBM Model
Each node belongs to one of the m blocks and we
use Z ∈ {0, 1}n×m to represent the block labels.
Zik = 1 means node i belongs to block k and in
each row of Z only one entry can be one. We also
define a matrix B ∈ [0, 1]m×m where Bk1,k2(k1 6= k2)
represents the connecting probability between two
nodes from block k1 and k2 respectively. If k1 = k2,
Bk1,k2 represents the connecting probability inside
the block.
Using the matrices B and Z, we define a probability
matrix Θ = ZBZT . Then the adjacency matrix G
of a sample network can be drawn from the model
by

Pr(Gij) =



Θij if Gij = 1,

1− Θij if Gij = 0,
(1)

for i, j ∈ {1, 2, · · · , n} and i 6= j. Typically, the
adjacency matrix G is available from the data set.
Our main purpose is to infer Z
If only G is given, the log-likelihood function is

L(B, Z|G) = ∑
i 6=j

log Pr(Gij)
= ∑

i 6=j
log[(1−Gij) + (2Gij − 1)Θij].

It is difficult to maximize such a likelihood function
through traditional optimization methods, and con-
sequently to find the optimal Z and B.
Algorithm
1 Approximate B using its diagonal vector;
2 Partition G, Z and B respectively to all the
processors;

3 Alternatively update Z ← argmaxZ L(B, Z|G)
and B ← argmaxB L(B, Z|G) until converge
• Run in parallel
• When updating Z, only communicate the change of
connected nodes in the network

• When updating B, only communicate the changed blocks.

The computing time is a linear function of the num-
ber of edges, and the communication cost grows lin-
early to the number of parallel processes.

Experiments

K-core Framework
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(a) Modularity
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(b) Relative Running Time
Figure: Email-Enron Data Set (∼ 104 nodes)

Conclusion

•Even if K is small, the K-core based framework
can accelerate community detection algorithms
significantly, while preserving the modularity;

•The SBM based inferencing algorithm can take
the advantage of parallel computing resources.
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