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An improvement of the fast uncovering community algorithm∗
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Community detection methods have been used in computer, sociology, physics, biology, and brain information science
areas. Many methods are based on the optimization of modularity. The algorithm proposed by Blondel et al. (Blondel V
D, Guillaume J L, Lambiotte R and Lefebvre E 2008 J. Stat. Mech. 10 10008) is one of the most widely used methods
because of its good performance, especially in the big data era. In this paper we make some improvements to this algorithm
in correctness and performance. By tests we see that different node orders bring different performances and different
community structures. We find some node swings in different communities that influence the performance. So we design
some strategies on the sweeping order of node to reduce the computing cost made by repetition swing. We introduce a new
concept of overlapping degree (OV) that shows the strength of connection between nodes. Three improvement strategies
are proposed that are based on constant OV, adaptive OV, and adaptive weighted OV, respectively. Experiments on synthetic
datasets and real datasets are made, showing that our improved strategies can improve the performance and correctness.
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1. Introduction
A common principle is found in nature and human so-

ciety that individuals always incline to those that are simi-
lar. These subgroups were termed communities by Newman
et al.,[1] where nodes are connected tightly within community
and loosely connected among different communities. Finding
community is very important for understanding complex net-
work characteristics, discovering latent topics, and predicting
network evolution.

The theoretically and practically significant implications
have motivated many researchers to study the communities of
networks.[2–21] Many effective models are proposed and new
applications are exploited. These methods can be roughly clas-
sified into six categories: cut size-based, spectral-based, max-
flow min-cut-based, centrality- or betweenness-based, physi-
cal theory-based, and modularity-based methods.

Cut size-based method is to find the community struc-
ture that could optimize the difference between the number
or weight-sum of edges inside the communities and that of
outside communities.[2] The spectral-based method is a bi-
section method by calculating the eigenvector and eigenvalue
of Laplacian matrix.[3] Max-flow min-cut theorem states the
minimum cut between any two vertices and Flake et al.[4,5]

used maximum flows to identify communities in the World
Wide Web. Edge betweenness is the number of shortest
paths between all vertex pairs that run along the edge, which

shows edge centrality and importance. The betweenness-
based method always removes edges with largest between-
ness and recalculates betweenness and iteration between these
cycles.[6] Some researchers have studied the community struc-
ture based on physical theories. A simple model was proposed
to generate small-world network with a tunable community
structure.[7] Based on the Kuramoto model, they found that in-
creasing the fuzziness of a community structure will markedly
enhance the network synchronizability and this network ex-
hibits remarkable synchronization behavior on the topological
scale. An adaptive observer[8] was proposed based on the Lya-
punov stability theory to identify dynamical network topol-
ogy. Modularity shows the difference between community
topology and stochastic topology with the same degree dis-
tribution. Because “Modularity represented one of the first at-
tempts to achieve a first principle understanding of the cluster-
ing problem, it is by far the most used and best known quality
function”,[22] a lot of methods based on modularity were built
recently.[9–17] But researchers also found that two challenges
exist in this method: one is the fitness problem of topology
with large modularity to reality; the other is the performance
problem.

For modularity, Fortunato and Barthélemy[23] pointed out
that modularity optimization has a resolution limit that may
prevent it from detecting clusters which are comparatively
small with respect to the graph, even when they are well de-
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fined communities. A large value for the modularity maxi-
mum does not necessarily mean that a graph has community
structure.[24,25] Different community topologies may have the
same or nearly the same modularity that confuses which one
is the real community structure. So, modularity is important
for measuring the community topology but it is not enough.

Another challenge is the performance. The scale of net-
works is becoming enormous due to the rapid growth of infor-
mation quantity on the Internet. Finding community topology
with optimization modularity is non-deterministic polynomial
(NP)-complete. Fast and feasible algorithms are urgent. So
many heuristic methods are presented.

The first algorithm using maximization modularity as ob-
jective function is a greedy agglomerative hierarchical clus-
tering algorithm that was proposed by Newman.[10] Its com-
plexity is O(n2). Clauset et al.[11] pointed out that there are
a large number of uselessness operations in Newman’s algo-
rithm because of the structure sparsity of the adjacency ma-
trix. They arranged the data in the form of binary tree. Their
algorithm complexity is O(n log2 n) and it can deal with graph
with 106 edges. However, this method has a tendency to pro-
duce large communities with a large fraction of nodes. Wakita
and Tsurumi[15] introduced tricks to balance the sizes of com-
munities in order to avoid this undesired effect. Xiang et al.[16]

proposed a new metric to quantify the structural similarity be-
tween subgraphs and designed an algorithm for community
identification based on the metric. A novel greedy approach
has been proposed by Blondel et al.[17] The algorithm can fast
unfold communities in large networks with some high perfor-
mances. It could deal with graphs with 109 edges in a reason-
able time and the result has high modularity. So this algorithm
was widely used recently. However, with its wide applica-
tion, many researchers find that its performance changes with
the order of sequential sweep over vertices. What makes the
sweeping order influence its performance? What can be done
to improve the performance? These are the two goals of this
paper.

2. Improved fast unfolding community algo-
rithm

2.1. Blondel’s fast unfolding community method

The fast method of unfolding communities, proposed by
Blondel et al.,[17] is for a weighted graph. It consists of two
iterative phases.

The first phase is community merging. Initially assign a
different community to a different node. For each node i, eval-
uate the gain of modularity if it is moved from its community
to the community of its neighbors. Choose the neighbor node
j, if it makes the modularity gain a maximum, and it is also

positive. Then move i to the community of j, otherwise i stays
in its original community. Repeat this process for all nodes till
no further improvement can be achieved.

The second phase is graph reconstruction. Compact the
communities into nodes and assign weights to the links be-
tween the new nodes. Their weights are the sum of weights of
the links between nodes in the corresponding two communi-
ties. Then a new weighted network is constructed.

Reapply the first phase to this new network and iterate it
till no high modularity can be obtained.

We take the first phase and second phase as one “pass”
and repeat several “passes” till the modularity reaches a max-
imum.

This algorithm has high performance and it is easy to im-
plement on large networks. It is one of the most popular meth-
ods of unfolding communities.

2.2. Algorithm analysis

Just as pointed out in Ref. [17], we also find that the order
of sequential sweep over nodes influences the running time.
We do some experiments on benchmark network and real net-
work with middle size. Figure 1 shows the relationship be-
tween sweep order and performance.
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Fig. 1. (color online) Different running times by different sweep orders.

We can see that different orders indeed bring different
performances. Sometimes the influence is big, sometimes it
is small.

Analyzing the algorithm process, we see that the first
phase takes the most running time and after the first phase
the community number dramatically descends and modular-
ity dramatically increases. In the first process, some nodes
frequently change their community membership role and this
expends much unnecessary running time. We find that these
nodes always do not have close relationship with their neigh-
bor nodes and different local relationships make them moved
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to different local communities. Figure 2 shows an example of
this node.
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Fig. 2. (color online) Demonstration of swing nodes.

In Fig. 2, Node i which is termed swing node has two
neighbor communities Ca and Cb. The relationships between

Ca and swing node i, Cb and swing node i are nearly the same.

In Blondel’s algorithm, node i may move to the community

Ca in the first iteration, in the second iteration it may move to

community Cb, and later may move back to community Ca. Its

swing takes unnecessary running time.

We give definitions to formally represent their character-

istics.

Definition 1: Overlapping degree (OV) OV denotes the

overlapping degree of two nodes’ neighbors, which shows the

connection strength between nodes. There are two different

measurement methods of overlapping degree. One is based on

the weight sum of edges between nodes and shared neighbor-

hoods. The other one is based on the size of shared neighbor-

hood. So we give two definitions to calculate the nodes con-

nection strength. One is OVweight that is based on the weight.

For nodes i and j, their OVweight values can be calculated by

the following formula

OVweight (i, j)=
∑

k
p=1,wp∈Ni∩N j

(weight(i,wp)+weight( j,wp))

∑
K
p=1,wp∈Ni∪N j

(weight(i,wp)+weight( j,wp))
. (1)

The other alternative one is OVnode that shows the ratio
of shared neighborhood size to the size sum of both neighbor-
hoods. We define it as follows:

OVnode(i, j)=
|Ni∩N j|
|Ni∪N j|

, (2)

where Ni is the neighbor set of node i. The weight (i, j) is the
weight value of edge (i, j). |R| is the node number of set R.

For convenience, we use OV to represent both OVweight

and OVnode in this paper.
Definition 2: Swing nodes Swing nodes are those nodes

that have no clear community structure with their neighbors.
That means the connection strength between them and their
neighbors are all smaller than some threshold value,

OV(i, j)< θ , j ∈ NeighSet(i) , (3)

where NeighSet(i) is the neighborhood set of node i, and θ is
a threshold.

Formula (3) is the characteristic representation of quan-
tity for swing node i.

We have the intuition that if we deal with swing nodes
later the unnecessary moving and computing will be reduced
and the running time maybe decreases. However, discrimi-
nating which one is swing node is costly because we have to
compute nodes and all their neighbors. Now we consider mod-
ularity Q (formula (4)). For node i, the degree of its neighbor
node j is smaller, and their modularity is bigger. Algorithm

of Blondel’s aims at increasing modularity to maximum, then
node will have a bigger probability to move to the community
of its neighbor with a least weight-sum. So when we determine
which one is swing node we do not calculate all neighbors, we
just calculate the OV of node i and its neighbor with the least
weight-sum (if in unweighted graph, it is the neighbor with
least degree)

Q =
1

2m ∑
i, j

[
Ai j−

kik j

2m

]
δ (ci,c j) . (4)

Therefore we simplify the definition of swing node as fol-
lows.

Definition 2′: Swing nodes Node i is a swing node, iff

OV(i, j)< θ , j = argmin weighted sum(k)k∈NeighSet(i)

if OV(i, j) is OVweigt(i, j)

j = argmin degree(k)k∈NeighSet(i)

if OV(i, j) is OVnode(i, j) (5)

0 < θ 6 1. θ is a thresholod value.
It is obvious that the value of θ is important, which deter-

mines the effect of the improved algorithm.
In Blondel’s algorithm, we find the whole OV rises with

“pass”. So the initial threshold θ may take effect for reducing
unnecessary computing in the former “pass”, but in the later
the OVs of all pairs increase, initial threshold may become
useless. So we design an automatic strategy (AS) to assign the
threshold value.
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(i) AS-strategy and WAS-strategy
In this strategy, we give one initial value. With the proce-

dure it will adaptively change. The update method is

θ0= constant, θi=
θi−1+OV(i, j)

2
. (6)

Because there are two different methods of OV, we have two
different automatic strategies. One is based on OVweight and
the other is based on OVnode. We distinguish the two strategies
and refer to OVnode-based strategy as AS-strategy, OVweight-
based strategy as WAS-strategy.

OV can help reduce unnecessary computing, but mean-
while it takes extra computing task into the process. Besides
computing OV, AS takes more additional computing task on
adaptive threshold and there is a tradeoff between OV, AS, and
total performance. So we design another strategy for thresh-
old θ . This strategy also delays the swing nodes but it sim-
plifies the computing of OV threshold value. It is a constant
threshold-based strategy.

(ii) Cons-strategy
This strategy is to assign constant initial and increment

value in advance based on experience (We refer to this strat-
egy as Cons). Compared with AS, this strategy reduces the
process of modifying θ at each node. From several tests on
benchmark and real datasets, we find 0.2 is a suitable initial
value. And with the pass, we set it to be an increment constant
value 0.2. Because we do not know how many iterations will
happen, θ may be bigger than 1. We set it to be 1 when θ is
equal to or bigger than 1.

Input Network(Node,Edge)  

or Network(Node,Edge,Weight)

output , , //   communities topology

Begin

Do 
{//FirstPhase()

For each 

Calculate  j

or j

If ( ) 

prior_order

Else

delay_order

Endif

Endfor

prior_order delay_order OV_order 

Do

For each i
i Cj Cj, h i D

Endfor

until the Modularity is Maximum;   

//SecondPhase

Compact each community to one new node and build new network

update ;
}

Until the whole Modularity is Maximum

End

Fig. 3. Pseudocode of improved algorithm.

2.3. Improved algorithm

Comparing with the original algorithm, we add prepro-
cedure for reordering nodes. If the OV(i, j) is smaller than

threshold θ , move it to the delay node set, otherwise do it.
The pseudocode of improved algorithm is given as follows.

3. Experiments and analysis
To verify our improved algorithms, we do experiments

on artificial benchmark datasets and real networks. We choose
different size networks to evaluate our improved algorithms.
There are four algorithms evaluated. They are the original
algorithm with the original order, improved algorithm with
AS strategy, improved algorithm with Cons strategy, and im-
proved algorithm with WAS strategy. And their abbrevia-
tions respectively are Blo, Blo–AS, Blo–Cons, and Blo–WAS.
The evaluation standard consists of three aspects: correctness,
modularity, and performance.

Correctness shows the fitness between unfolded commu-
nity structure and real community structure. The normalized
mutual information (NMI)[27] is widely used to measure the
similarity between two partitions based on information theory,
which has been proved to be reliable.

Our experiments are done in the same hardware and run-
ning environment: double CPU, Linux Ubuntu 32bit, with a
memory of 3G.

3.1. Tests on artificial networks

LFR benchmark[28,29] is a widely used network genera-
tor for network analysis. We use LFR to build different size
benchmark networks. For artificial networks, we can obtain
the real community structure, so we can evaluate not only the
modularity and performance, but also the correctness of the
result.

3.1.1. Correctness, performance, and modularity eval-
uation with different network scales

We generate different scale benchmark networks from 10
thousand to 2 million. The parameters are k = 15, maxk = 50,
and µ = 0.6. The generated networks are well community
structures based on these parameters. For one benchmark net-
work, we do the same algorithm 10 times and average their
modularity values, NMIs and running times as the final results.
The results are compared in Fig. 4.

We can see that the NMIs and modularity values of Blon–
AS, Blon–WAS, and Blon–Cons are all some higher than those
of original algorithm. But the difference is some small. These
mean that the NMI is mainly determined by the original al-
gorithm and our improvements on the sweeping order do not
greatly influence the result quality. With the increase of net-
work size, the running time increases. In whatever size net-
works, Blon–AS and Blon–Cons both behave better than oth-
ers. Because Blon–WAS needs more time to calculate the OV
and adjust threshold for each node, it does not behave very
well.
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Fig. 4. (color online) (a) Comparison among the correctnesses for different algorithms on different network scales. (b) Comparisons
among the modularity values for different algorithms on different network scales. (c) Comparisons among running times for different
algorithms with different network scales.
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Fig. 6. (color online) Comparisons in modularity among different algorithms with different values of µ . Panel (a) shows modularity
values in different networks with different parameters. Panel (b) displays the modularity differences between the improved algorithms
and the original algorithm.

3.1.2. The quality evaluation of unfolding communities
with different mixing parameters

We also focus on the quality evaluation of unfolding com-
munities with different mixing parameters. In the real world,
network systems are complex and not every network has a la-
tent community structure or a clear community structure. A
good community detection method should find not only the

community structure with maximum modularity, but also truly

community structure. That is, if there are not latent commu-

nity structures in network, the unfolding algorithms should re-

sult in a low modularity.

In LFR, mixing parameter µ controls the latent commu-

nity structure. The bigger the value of µ , the fuzzier the com-

munity structure is. The smaller the value of µ , the better the
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community structure is. We can generate benchmark networks
to simulate the complex networks. We set the value of µ to be
in a range from 0.1 to 0.7 in intervals of 0.1. The node num-
ber is 100 thousand. We make the comparisons of modularity
and NMI among different values of µ . We do each algorithm
10 times and average their modularity values and NMIs. The
comparisons are made in Figs. 5 and 6.

As mixing parameter increases, the NMIs of all algo-
rithms decrease, especially when mixing parameter is bigger
than 0.6, NMI suddenly drops. To clearly observe the NMI dif-
ference, we use the NMI of original algorithm as baseline and
calculate the NMI difference between improved algorithm and
original and the results show in Fig. 5(b). Blon–Cons actives
stably and it has higher NMI than original algorithm. Blon–
AS and Blon–WAS are active unstably in NMI quality.

The four algorithms almost have the same modularity. We
also make the modularity difference based on the modularity
of original algorithm as shown in Fig. 6(b).

The ∆ modularity values of improved algorithms are not
monotonic. When mixing parameter is bigger than 0.6, all
∆ modularity values are all smaller than 0, which shows that
the improved algorithms help unfold the latent topology, espe-
cially when the network has no community structure.

3.2. Tests on real datasets

In order to confirm the validity of our improved algo-
rithms, we select three real networks with different scales from
30 thousand to 300 thousand (http://snap.Stanford.edu/data).
These datasets are free datasets and they also have true com-
munity structures. So we can verify our result correctness,
modularity, and performance. These datasets are from three
different social networks: DBLP, Youtube, and LiveJournal.
The three networks are all undirected unweighted networks,
which are special case of weighted graph.

The first dataset is extracted from the computer science
in DBLP that shows the coauthor relationship. The second
dataset is extracted from Youtube. Youtube is a video-sharing
social network, in which nodes are users and edges are friend-
ships. The third dataset is extracted from LiveJournal. It is a
free blogging community where users describe friendship to
each other.

The details of the three datasets are shown in Table 1.

Table 1. Detailed information about datasets.

Nodes Edges Type
DBLP 317080 1049866 Collaborative network

Youtube 1134890 2987624 Social network
LiveJournal 3997962 34681189 Social network

We implemented the four algorithms on these networks,
and the measurements of correctness, modularity, and perfor-

mance of the different algorithms are given in the following
Tables 2, 3, and 4.

Table 2. Results on DBLP.

Time/s Modularity NMI
Blondel 13 0.81923 0.083433

Blon–Cons 10 0.820455 0.084242
Blon–AS 12 0.820927 0.080859

Blon–WAS 12 0.820444 0.081146

Table 3. Results on Youtube.

Time/s Modularity NMI
Blondel 39 0.710458 0.075517

Blon–Cons 34 0.712148 0.075829
Blon–AS 36 0.716044 0.079491

Blon–WAS 55 0.713974 0.078876

Table 4. Results on LiveJournal.

Time/s Modularity
Blondel 155 0.714564

Blon–Cons 154 0.716239
Blon–AS 309 0.744835

Blon–WAS 453 0.745997

The NMI of the result from Blon–Cons is higher than
those from others on the DBLP dataset. On the Youtube
dataset, the NMI of result from Blon-As is higher than oth-
ers. The outcome is the same as that of benchmark networks.
This shows that our improvement algorithms can improve the
correctness of this algorithm to some extent.

We can see that the modularity values of improved algo-
rithms in 3 datasets are higher than that of original algorithm,
which shows that adjusting the sweeping order helps to maxi-
mize the modularity. However, we also see that the advantage
is not very big.

For the performance aspect, we can see that Blon–Cons
behaves best and it runs almost 15%∼30% higher than orig-
inal algorithm. Blon–AS and Blon–WAS have to cost more
running time to calculate OV and threshold than Blon–Cons.
So when the network scale is bigger, their performances be-
come bad.

4. Conclusion
In this paper we make some improvements on the fast un-

covering community algorithm designed by Blondel et al. We
design some strategies on the sweeping order of node to reduce
the computing cost made by repetition swing. We introduce
a new concept OV that shows the strength of connection be-
tween nodes. Three improvement strategies are proposed that
are based on constant OV, adaptive OV, and adaptive weighted
OV. Experiments on synthetic datasets and real datasets are
made, which shows our improved strategy can improve the
performance.
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