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label propagation animation

clusters of nodes represented by colors
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label propagation method
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(setting) cluster of node i represented by its label ci

(initialization) put each node i in own cluster e.g. ci = i

(propagation) label ci set to most frequent in neighborhood Γi

ci = argmax
c
|{j ∈ Γi : cj = c}|

(convergence) propagate until no node i changes its label ci
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label propagation details
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(ties) label ties resolved randomly with retention

(order) labels propagated asynchronously for convergence

(links) generalization to weighted multigraphs with adjacency A

ci = argmax
c
|{j ∈ Γi : cj = c}| = argmax

c

∑
j

Aijδ(cj , c)

(equilibrium) propagate until convergence followed by floodfill
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label propagation algorithm

(optimization) label propagation is equivalent to Potts model

F({c}) =
∑
ij

Aijδ(ci , cj)

(optimum) revealed structure is local & not global optimum

(time) complexity almost linear O(m1.2) in number of links m

(terminology) . . . = relocation algorithm = local greedy optim.

10
2

10
3

10
4

10
5

10
6

0

5

10

15

20

M
e
th

o
d
 I
te

ra
ti
o
n
s

Network Nodes

 

 

 Planted Structure

 Random Graph

 Google Web

10
2

10
3

10
4

10
5

10
6

10
−3

10
−2

10
−1

10
0

10
1

10
2

M
e

th
o

d
 T

im
e

Network Nodes

 

 

 Planted Structure

 Random Graph

 Google Web

5/13



label propagation advances

(modularity) constrained label propagation is Louvain algorithm

ci = argmax
c

∑
j

(
Aij −

kikj
2m

)
δ(cj , c)

(preferences) label propagation using (anti)position pi of node i

ci = argmax
c

∑
j

pjAijδ(cj , c) ci = argmax
c

∑
j

(1− pj)Aijδ(cj , c)
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label propagation clusters
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(left) communities, (middle) overlaps & (right) equivalences

ci = argmax
c

∑
j

Aijδ(cj , c) +
∑
kj 6=i

1

kk − 1
AikAkjδ(cj , c)

(bottom) hierarchical detection of nested clusters’ dendrogram

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

2

2

2

2 2
2

2

2 2

2

2 2

2

2

2

2

2
2

2

2 2

2

2

2

3

33
3

3

3

3

3
3

3

3

3

3

3

3
3

3

3

33

3

3

3

3

4

4

44

4

4

4

4

4
4

4

4

4

4
4

4

4

4

4

4

4

4

4 4

5

5

5
55

5 5

5

5

5

55

55

5
5

5
5

5

5
5

5
5
5

1 52 3 4

A B

7/13



label propagation networks

(weights) straightforward for weighted multigraphs ↑
(directions) there is no general method for directed graphs

(signs) signed graphs with mp positive & mn negative links

ci = argmax
c

∑
j

{
1/mp for Aij ≥ 0
1/mn for Aij < 0

}
Aijδ(cj , c)

(multipartite) labels propagated synchronously in each partition
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label propagation example
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label propagation abstraction
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label propagation applications

(recommendation) people you may know on Facebook∗

(compression) degrees of separation between Facebook users†
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Ugander & Backstrom (2013) Balanced label propagation, In: Proceedings of WSDM ’13, pp. 507-516
†

Boldi et al. (2011) Layered label propagation, In: Proceedings of WWW ’11, pp. 587-596
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label propagation conclusions

(method) simplest/fastest/parallel algorithm in literature

(generality) method for almost any graph/clustering/use case

(literature) reviewed > 150 references & selected 78 references

(practice) first network abstraction & (future) more applications
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CHAPTER 1

LABEL PROPAGATION FOR CLUSTERING

Lovro Šubelj

University of Ljubljana, Faculty of Computer and Information Science, Ljubljana, Slovenia

Label propagation is a heuristic method initially proposed for community detection in
networks [50, 26], while the method can be adopted also for other types of network cluster-
ing and partitioning [5, 39, 62, 28]. Among all the approaches and techniques described in
this book, label propagation is neither the most accurate nor the most robust method. It is,
however, without doubt one of the simplest and fastest clustering methods. Label propa-
gation can be implemented with a few lines of programming code and applied to networks
with hundreds of millions of nodes and edges on a standard computer, which is true only
for a handful of other methods in the literature.

In this chapter, we present the basic framework of label propagation, review different
advances and extensions of the original method, and highlight its equivalences with other
approaches. We show how label propagation can be used effectively for large-scale com-
munity detection, graph partitioning, identification of structurally equivalent nodes and
other network structures. We conclude the chapter with a summary of the label propaga-
tion methods and suggestions for future research.

1.1 Label Propagation Method

The label propagation method was introduced by Raghavan et al. [50] for detecting non-
overlapping communities in large networks. There exist multiple interpretations of network
communities [23, 54] as described in Chapter ??. For instance, a community can be seen

Advances in Network Clustering and Blockmodeling.
By P. Doreian, V. Batagelj & A. Ferligoj Copyright c� 2017 John Wiley & Sons, Inc.

1

SUMMARY AND OUTLOOK 23

same machine as the concerned user, in order to minimize the communication between the
machines. As reported in 2013 [68], the users are effectively partitioned among machines
using a variant of label propagation under constraints presented in Section 1.3.1.

A related application is compression of very large web graphs and online social net-
works to enable their analysis on a single machine [13]. Most compression algorithms rely
on a given ordering of network nodes such that the edges are mainly between the nodes
that are close in the ordering. In the case of web graphs, one can order the nodes represent-
ing web pages lexicographically by their URL, whereas no equivalent approach exists for
social networks. Boldi et al. [12] adopted the label propagation method in Equation (1.15)
to compute the ordering of network nodes iteratively starting from a random one. Using
such a setting, the authors reported a major improvement in compression with respect to
other known techniques. Most social networks and web graphs can be compressed to just
a couple of bits per edge, while still allowing for an efficient network traversal. For in-
stance, this compression approach was in fact used to reveal the four degrees of separation
between the active users of Facebook in 2011 [2].

1.7 Summary and Outlook

In this chapter, we have presented the basic label propagation method for network clus-
tering and partitioning, together with its numerous variants and advances, extensions to
different types of networks and clusterings, and selected large-scale applications. Due
to high popularity of label propagation in the literature, our review here is by no means
complete. In particular, we have focused primarily on the results reported in the physics
and computer science literature. However, the very same approach is also commonly used
in the social networks literature [8, 20], where it is known under the name relocation al-
gorithm or simply as a local greedy optimization. The label propagation method and the
relocation algorithm thus provide a sort of common ground between two diverging factions
of network science in the natural and social science literature [29].

As stated already in the introduction, label propagation is neither the most accurate nor
the most robust clustering method. Yet, it is a very fast and versatile method that can
readily be applied to largest networks and easily adopted for a particular application. It
should be used as the first choice for gaining a preliminary insight into the structure of
a network, before trying out more sophisticated and expensive methods. In the case of
very large online social networks and web graphs, the label propagation method is in fact
often the only choice. Future research should therefore focus more on specific applications
of label propagation in large networks, where the use of simple and efficient methods is
unavoidable, and less on new ad-hoc modifications of the original method, since there are
already quite many.
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