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networks,

I.

Community

detection,

The central idea in this paper is to avoid LPA’s random labeling scheme. We propose an improvement to LPA’s label update rule by leveraging information from the k−neighborhood,
where k refers to the k-step neighbors of a given node.

LPA,

The rest of the paper is organized as follows: in Section II,
we give a brief taxonomy of a number of LPA variants
followed by some LPA related work. In Section III, we give
the details of the proposed LS-LPA algorithm. The empirical
study and results are discussed in Section IV.

I NTRODUCTION

A real world network may be modeled as a graph with a
set of nodes connected with edges. A community can then
be deﬁned as a group of nodes with denser connections
compared to the rest of the network. A community structure
in a graph means the existence of these groups. It is a very
common feature for many real world networks in many ﬁelds
including communication, social, collaboration and biological
networks [1].

II.

R ELATED W ORK

We are interested in improving the label propagation
algorithm for community detection. We therefore limit this
section to reviewing some LPA variants proposed as extensions
to the standard LPA. LPA detects community structure using
network topology [15]. It starts by assigning a distinct label
to each node. At every step, each node changes its label to
the one carried by the largest number of its neighbors. After
convergence, the community structure is obtained by grouping
together nodes with the same label.

Finding communities in large scale networks has many
applications, e.g., discovering users with a common location,
ﬁnding friends sharing similar interests or occupations in an
online social networks, etc. In Biology, community detection
is commonly used to discover the functional grouping in
metabolic networks [5]. This has led to a great interest in
community detection algorithms. By its very nature (analogous
to graph partitioning), community detection is an NP-hard
problem. Researchers in several disciplines (e.g., physics, computer science) have proposed many algorithms for community
detection. They also have suggested different taxonomies to
classify this body of research and identify the important
works [4], [14]. Most of those taxonomies have now concurred
in identifying four classes: vertex clustering [3], [25], quality
optimization [13], [2], sub graph discovery [24] and model
based techniques [15], [16]. The work we propose in this paper
is relevant to the fourth class of techniques. Speciﬁcally, we
propose a new version of the Label Propagation Algorithm
(LPA) called Link Strength-based LPA (LS-LPA).

A number of extensions to the LPA approach have been
proposed in the literature. We developed a taxonomy of these
extensions according to the drawbacks of LPA that they have
tackled. Figure I shows our taxonomy. Most of the previous
related work focused on three characteristics of LPA: stability,
computational cost and overlapping communities:
Stability
Usually, the communities detected by LPA are unstable,
due to the random choices during the updating rule in case
of multiple maximal frequent labels among neighbors. Some
variants improve this rule and avoid the random choice by
different strategies:

LPA was proposed by Raghavan et al. [15]. It presents
some desirable qualities such as no parameters required, easy
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implementation, fast execution for large networks, and the
ability to detect valid communities even in random graphs.
However, LPA has several inherent drawbacks. In particular,
in the case where multiple labels (of the neighbors of a given
vertex) are equally frequent, LPA randomly selects one of those
most frequent labels to assign to the given vertex. This solution
leads to the possibility that two or more disconnected groups of
nodes may end up having the same label, which translates into
assigning the same label to different unrelated communities.

Abstract—The Label Propagation Algorithm (LPA) is a fast
algorithm for community detection. This algorithm has proved its
efﬁciency and scalability even in large social networks. It is based
only on updating the label of each node by the most frequent
label within its neighbors. However, in case of many maximal
labels, a random choice is made. This reduces the performance
of the algorithm. In this paper, we propose a new version of
LPA, called Link Strength-based LPA (LS-LPA), that addresses
this issue. In our approach, we rank labels according to the link
strength of each neighbor. The strength of links is quantiﬁed via
k-neighborhood which includes common neighbors and multi-step
neighbors. Experiments on different networks with different sizes
show that our solution improves LPA’s performance signiﬁcantly.
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Xie and Szymanski [21] have proposed to rank the labels
assigned to each node. A set of operators is introduced to
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COPRA
Gregory [6]

Taxonomy of improved variants of LPA.

control and stabilize the propagation dynamics. Brieﬂy, these
operations resolve the randomness issue in LPA by storing all
assigned labels with a probabilistic score in every iteration.
These scores are used to eliminate the randomness by privileging the label having the highest score.
Another algorithm, called CenLP (Centrality-based Label
Propagation), was proposed by Sun et al. [18]. This algorithm
replaces the random update order of LPA by arranging nodes
according to a new centrality measure based on local density
of neighborhood. This concept had also been exploited in a
previous work by the same author [17] where the main idea
consists of using the impact of a node on its neighbors in order
to determine the update order of node labels.

Computational Cost
The simple principle of LPA makes propagating labels
within a large network very fast. This feature results in
very long iterations, which, in turn, leads to much larger
communities compared to the actual ones. Some techniques
were developed to reduce the number of label updates for each
node. Leung et al. [9] proposed a hop attenuation technique
that adds a score associated with each label which decreases
as it propagates away from its origin. A node is initially given
a score of 1 for its label. After it collects scored labels from
its neighborhood, the node is assigned the label having the
maximum score after attenuation.
Another optimization was proposed by Xie and Szymanski [22]. They add a new update rule and label propagation
criterion to LPA. It is based on avoiding unnecessary updates.
Most nodes are in a very diverse neighborhood. First, the
fraction of attempted updates that result in changes to new
labels is high. However, the competition between communities
is restricted only to their boundaries after a few iterations.
The authors deﬁne an interior node as a node that shares
the same label with all of its neighbors. Nodes that are not
interior are called boundary nodes. Moreover, the authors
considered active and passive nodes depending on whether or
not those nodes update their labels. Consequently, they deﬁned
a criterion that allows for active boundary nodes to be updated
and avoids updating all other nodes. These changes reduce
signiﬁcantly the number of iterations, which consequently
improves computational efﬁciency.

Overlapping Communities
Early community detection algorithms focused only on
disjoint communities within networks. However, in many cases
elements in real world networks belong to more than one group
at the same time. Thus, researchers later also extended existing
algorithms or developed new ones that can detect overlapping
communities. LPA and its numerous extensions are able to
cope with overlapping communities.
Xie et al. [20] have tackled this problem by proposing
an approach that relies on the principle that one way to
account for overlap in LPA is to allow each node to possess
multiple labels as proposed by S. Gregory [6]. The approach
detects and analyzes both individual overlapping nodes and
entire communities. In fact, the authors introduced a procedure, called Speaker/Listener, that records label exchanges
between nodes according to dynamic interaction rules similar
to human communications. A node accumulates knowledge
of repeatedly observed labels instead of erasing all but one
of them. Moreover, the more a node observes a label, the
more likely it will spread this label to other nodes (mimicking
people’s preference of spreading the most frequently discussed
opinions).
As mentioned before, S. Gregory introduced the principle
of extending LPA to detect overlapping communities. He
proposed a new version of LPA called Community Overlap
PRopagation Algorithm (COPRA) [6]. Gregory deﬁned a
mapping function of vertices and community identiﬁers to
their belonging coefﬁcient in every LPA iteration. Thus, the
algorithm labels each vertex x with a set of pairs (c, b), where
c is a community identiﬁer and b is a belonging coefﬁcient
indicating the strength of x’s membership in community c.
III.

L INK S TRENGTH BASED L ABEL P ROPAGATION
A LGORITHM

The main idea of our community detection approach is
to extend the LPA algorithm by harnessing the topological
features of links. We measure their strength in order to avoid
the LPA random choice problem as much as possible.
The principle of LPA is to assign a label to every node in
the network and set them in a random order. For each node,
LPA updates the label by choosing the most frequent label
within its neighbors. If several maximal frequent labels exist,
the algorithm selects one of them randomly. This process is
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⎧
⎨ {x}
Γ(x)
Γ (x) =
⎩ 

vi ∈Γ(x) Γ

Γ(4) = {1, 2, 3, 5, 8}
Γ (4) = {1, 2, 3, 5, 8, 11, 9, 7, 6}
2

Now, we deﬁne the number of the k-step common neighbors CN k (x, y) between the nodes x and y:


A. Link Strength
The notion of quantifying a link is commonly used in
different ways by the link analysis community. For instance,
it is used to predict future links among unconnected pairs in
a given social network [10][11].
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B

where:

7

5

•

For a node x, LabelMax represents the set of maximal
frequent labels, and

•

For each l ∈ LabelMax, the set FreqMax contains
the nodes labeled by l.

6

Figure 2.

|Γ(x) ∩ Γ(y)|
∑vi ∈Γk (y) CN k−1 (x, vi ) − |Γk−1 (y)|

In our approach, the strength of the link (x, y) is measured
by CN k (x, y). A score is assigned to each maximal frequent
label l by summing the strength of the links associated to the
nodes carrying the label l. The label with the highest score is
assigned to the node that is currently being processed. This
label score at step k is deﬁned as:

11

2

(1)

In the example:

CN k (x, y) =

C

k−1 (v )
i

where Γ(x) is the set of direct neighbors of the node x.

To explain our contribution, we start by describing how
we measure the strength of links, then we illustrate how we
incorporate this measure into the LPA algorithm.

A

Label Score
3
1

if k = 0
if k = 1
otherwise

k

For example, it was used in [7] to measure the similarity
between two nodes in order to deﬁne the shared nearest
neighbor (SNN). If two nodes are close to a common set of
neighbors, that means they are close to each other. Recently,
the same principle was extended to exploit the concept of
inﬂuence in community detection. if two nodes inﬂuence
a common set of (direct and indirect) neighbors, then this
suggests that they are close to each other and conﬁrms their
same-community membership [19].

B

link Strength: link → CN k (, )
(4,1) → 2
(4,2) → 1
(4,3) → 1
(4,5) → 0

Labels
A
B

Our idea is based on the following fact. When two nodes
share more common neighbors, they are more likely close to
each other and susceptible of belonging to the same community. This principle has been used in several other contexts.

A

k-LPA SCORES FOR THE ILLUSTRATIVE N ETWORK

Table I.

repeated until each node in the network gets the most frequent
label from its neighbors. We maintain the simple principle of
LPA, i.e., each node takes the most frequent label among its
neighbors. However, we replace the random choice labeling
when multiple maximal frequent labels appear by choosing
the label of neighbors having the strongest links.

Illustrative Network

Figure 2 illustrates a situation of random choice. Let 4 be
the node that is currently being processed by LPA. To update
node 4’s label, LPA has to consider two maximal frequent
labels appear: A (two times) and B (two times). It is clear that
the best choice is label A because nodes 1 and 2 belong to the
same community of node 4. This can also be seen from the
fact that they share more neighbors with 4 than nodes 3 and 5.
So, in order to guide the LPA to the right choice, we rely on
the strength of links leading to the maximal frequent labels.
Thus, we quantify the strength of a link (x, y) between two
nodes x and y by measuring the number of common neighbors
between them noted CN(x, y). If this value is null, we check
the common neighbors between x and all the neighbors of y
and so on.

Let us return to our example of Figure 2. We illustrate the
computation of the obtained label scores in Table I. For this
example, the label assigned to node 4 is label A
B. k-LPA Algorithm
In the labeling process, when updating the label of node
x, we delay the random choice until after reducing the set
of neighbors having the maximal frequent label FreqMax.
From this set, we discard all nodes that do not have common
neighbors if they exist. Intuitively, those discarded neighbors
are less attractive to their communities. Two possible scenarios
may then occur:
•

Let us formalize this metric. First, we deﬁne what we call
the k-step neighbors:
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If the remaining set (LabelMax) is not empty, a label
is chosen randomly from LabelMax and assigned to
the node x.

•

Table II.

If none of them share neighbors, we apply the same
process (checking attractiveness) over the neighbors
of neighbors. This same process is repeated k steps.

EXPERIMENTS

Scenario
1000S
1000B
5000S
5000B
10000S
10000B

The following algorithm implements this process:
1:
2:
3:
4:
5:
6:
7:
8:

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:

PARAMETERS OF THE N ETWORKS GENERATED FOR THE

Initialize the labels at all nodes in the network. For a given
node x, Cx (0) = x.
Set t = 1.
Arrange the nodes in the network in a random order and
set it to X.
for all x ∈ X do
k←0
while (x Not Labeled) do
LabelMax ← Compute-SetLabelMax(x)
{compute their corresponding label}
FreqMax ← Compute-SetFreqMax(x)
{compute all x’ neighbors that have maximal frequent
label}
if LabelMax < 2 then
Label x with label ∈ LabelMax
else
for all (v ∈ FreqMax) do
Compute link-strength (x, v)
end for
Compute Labelscore(x, k)
if Labelscore(x, k) = 0 then

n
1000
1000
5000
5000
10000
10000
IV.

d
10
10
15
15
20
20

D
50
50
50
50
50
50

cmin
10
20
10
20
10
20

cmax
50
100
50
100
50
100

E XPERIMENTS

To evaluate our LS-LPA community detection algorithm,
we performed experiments on a set of synthetic networks
generated from the LFR benchmark [8]. Several parameters
were conﬁgured to generate different network scenarios: the
number of vertices n, the average degree d of the network,
the maximum degree D, the mixing parameter μ (each vertex
shares a fraction μ of its edges with vertices in other communities), and cmin and cmax , the minimum and maximum
community sizes respectively. These parameters are used to
generate different networks with different community sizes and
different degree distributions.
In Table II, we describe the 6 networks generated and
used in our experiments. For each scenario of size n,
(1000, 5000, 10000), two networks were generated. The networks with a sufﬁx "S" ( resp. "B") have small (resp. big)
communities.

if More than one label has maximal score then
Randomly assign a label for x
else
Assign this Maximal Label for x
end if
end if
end if
k++
end while
end for

We adopt the Normalized Mutual Information (NMI) measure from the ﬁeld of information theory to evaluate k-LPA approach [12]. NMI is a de facto standard in the community
detection literature. It estimates the proximity between actual
results and found results in order to assess the degree of
accuracy of the detected communities. We deﬁne a confusion
matrix N, where the rows stand for the real communities and
the columns for the communities obtained by the algorithm.
Ni j is the number of nodes of the real community i that appear
in the found community j. The number of real communities is
denoted CA and the number of found communities is denoted
CB . The sum over row i of matrix N is denoted Ni and the
sum over column j is denoted N j . NMI is deﬁned as:

if Every node has a label that the maximum number of
their neighbors have then
Stop the algorithm.
else
Set t = t + 1 and go to (3).
end if

CA CB

−2 ∑ ∑ Ni j log
NMI =

Concerning the complexity of our algorithm, let us recall
that LPA’s complexity is near linear. Based on their experiments, the authors found that irrespective of the number of
vertices n, 95% of the nodes or more are classiﬁed correctly
by the end of iteration 5. Hence, generally LPA complexity is 5
times O (m), where m is the number of edges in the network.
Our k-LPA adds a multiplicative factor k.D where D is the
maximal degree of the network, in the worst case.

i=1 j=2

CA

∑ Ni log

i=1

 
Ni
N

CB



Ni j N
Ni N j

+ ∑ N j log
j=1




Nj
N



The value of NMI varies between 0 and 1. The closer
NMI’s value is to 1, the closer the detected communities are
to the actual ones.
In order to evaluate the k-LPA algorithm, we ran LPA and
k-LPA on all of the aforementioned network scenarios. For
each one, we varied the mixing parameter μ in the interval
[0.1 . . . 0.8] by a step of 0.1 and measured NMI values.

In spite of the seemingly signiﬁcant increase in computational cost, our approach is still efﬁcient in practice given the
fact that social networks typically have low density and low
average degree [1]. Further, in practice, k is bounded at most
by 2. Indeed, in all of our experiments, we rarely exceeded
two steps of neighborhood.

In Figure 3 and Figure 4, we report comparative results
between LPA and k-LPA for the different network scenarios.
In all scenarios, with small values of μ, both algorithms give
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NMI of LPA and k-LPA on synthetic networks for n = 1000 and 5000.
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very impressive performance. When μ increases the detecting
power of both algorithms decreases with k-LPA outperforming
LPA in most cases.

in Section II.)
CenLP is a two-phase algorithm. The ﬁrst phase gives the
update order of the network nodes instead of the random order
in the original LPA. The order obtained through this phase
is mainly based on a new metric of centrality. The authors
claim that starting by updating the border nodes then the
internal nodes usually gives better performance. The second
phase is the Improved LPA Label updating rule. It preserves
the original principle but, in case of equal maximum number
of highest frequencies, the current (to be updated) node takes
the label of its most similar neighbor called preference node,
a metric deﬁned by the authors based on two other metrics
Local density, and Structural similarity.

In the case of small networks, Figure 3.a and Figure 3.b,
LPA outperforms k-LPA in the NMI interval 0.4 to 0.6.
However, LPA exhibit a sharp decline after that interval,
exactly, when μ = 0.7 for the 1000S network (Figure 3.a) and
μ = 0.6 for the 1000B network (Figure 3.b). k-LPA maintains
good performance even for greater values of μ. For example,
NMI = 0.362 when μ = 0.8 which means better detection
ability even in a fuzzy community structure in a roughly
connected network.
Concerning networks with 5000 nodes (Figure 3.c and
Figure 3.d), both algorithms give good performance until
μ = 0.6. However, for greater values of μ, k-LPA gives better
accuracy. In the case of larger networks, the case of n = 10000
nodes (Figure 4), the behavior of LPA and k-LPA remains
good even for greater μ values. However, k-LPA continues to
detect the community structure until μ = 0.75. For all networks,
with the same magnitude as LPA, k-LPA performs better in
networks with large communities.

In terms of time complexity, CenLP slightly affects the near
linearity of LPA in the ﬁrst step to deﬁne the updating order
then in the second step to deﬁne the node preference. The cost
of these operations is O (m) and O (n) respectively. Overall, the
authors claim that the complexity of their algorithm is nearly
O (n) in scale free networks. In contrast to our algorithm, the
complexity of the original LPA is affected just by a simple
factor of D, the average node degree in the network.

Several algorithms have been proposed to improve the
original LPA. To illustrate, we compared, we compared LSLPA with CenLP [18], a recent algorithm that tackles the same
issue as our algorithm, i.e., LPA stability (as shown in Fig I

Figure 5 shows the performance of both algorithms in
1000 and 10000 networks respectively. The two curves have
almost the same behavior. However, we should mention that,
generally, in the different network scenarios, LS-LPA shows

366

in order to ﬁnd the closest neighbor that is likely to belong
to the same community and propagate its labels. This gives
better results than LPA for the high values of μ but requires a
longer time.
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For networks with large communities (Figure 7), the
analysis of the runtime of k-LPA shows that its run times
remain comparable to the previous case of networks with small
communities.
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In this paper, we presented a new algorithm for community
detection called Link Strength-based Label Propagation Algorithm (LS-LPA). The proposed approaches extends the Label
Propagation Algorithm (LPA). We keep the simple principle
of the original algorithm but we improve its label update rule.
In the case of random selection of labels among neighbors,
our new version avoids the randomness by ranking the encountered labels according to the strength of links associated
with neighbors holding those maximal frequent labels. Our
experimental results show substantial improvements in terms
of the detected communities, which proves the suitability of the
approach even when we deal with large and dense networks.
We plan on applying our algorithm on real world networks and
on extending k-LPA to deal with overlapping communities.
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