
MOTIFS
The LEGO® of networks



LEARNING OUTCOMES

Understand what motifs are 
Analyse a network using motifs 
Count motifs using different 
algorithms











What do these networks 
have in common?



What do these networks 
have in common?



Dyads

Milo et al. Network Motifs: Simple Building Blocks of Complex Networks  (2002) - Science
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Triads



4 nodes and above (directed)

Quite too many 

Difficult to compute

Often No clear explanation



4 nodes and above 
(undirected)
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Feed-forward loop



Food webs

Gene regulation

Electronic circuits

Neurons

www



Terrorism
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Felmlee et al. Social Network Motifs: A Comparison of Building Blocks 

across Multiple Social Networks  (2017) dais-ita 

 



Motifs profiling

Counting
Phase I



Types of algorithms
TypeApproach

Enumeration

Analytic

“Classical”
Single subgraph

Encapsulation
Matrix-based

Decomposition
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2.5 Other Surveys and Related Work
To the best of our knowledge there is no other comparable work to this survey in terms of scope,
thoroughness and recency. Most of the already existing surveys that deal with subgraph counting
are directly related to network motif discovery. Some of them are from before 2015 and therefore
predate many of the most recent algorithmic advances [82, 105, 150, 180, 198], and all of them
only present a small subset of the strategies discussed here. There are more recent review papers,
but they all di�er from our work and have a much smaller scope. Al Hasan and Dave [6] only
consider triangle counting, Xia et al. [200] focus mainly on signi�cance metrics, and �nally, while
we here present a structured overview of more than 50 exact, approximate and parallel algorithmic
approaches, Jain and Patgiri [72] presents a much simpler description of 5 di�erent algorithms.

3 EXACT COUNTING
As subgraph counting evolved over the years, a multitude of algorithms andmethodswere developed
that address the problem in di�erent ways and for distinct purposes. As such, it is useful, although
not easy, to group strategies together in order to facilitate their understanding as well as learn why
and how they came about. With this in mind we divided this section into two major groups of
algorithms, namely enumeration and analytic approaches, which are further subdivided in their
respective section. Table 2 summarizes our proposed taxonomy composed of six aspects, ordered
by their publication year: (i) approach (enumeration or analytic), (ii) type (a subgroup of the
underlying approach), (iii) k-restriction (does the method only work for certain subgraph sizes?),
(iv) orbit awareness (does the method also count orbits?), (v) directed (is the method applicable to
directed graphs?) and (vi) if code is publicly available. At the end of this section, we also present
some related theoretical results that in�uenced some of the algorithms we discuss.

Table 2. Overview of all major exact algorithms.

Year Approach Type k-restriction Orbit Directed Code
M������ [121] 2002 Enum. Classical None 7 3 [9]
ESU [193, 196] 2005 Enum. Classical None 7 3 [194]
I������ [71] 2007 Enum. Classical  5 7 3 7
G������ [56] 2007 Enum. Single-subgraph None 7 3 7
K����� [78] 2009 Enum. Classical None 7 3 [122]
G����� [147, 149] 2010 Enum. Encapsulation None 3 3 [144]
R��� [102, 103] 2010 Analytic Decomposition  5 7 3 [104]
N�M� [85] 2011 Enum. Single-subgraph None 7 3 [155]
N������ [92] 2012 Enum. Encapsulation  6 7 3 [93]
SCMD [185] 2012 Enum. Encapsulation None 7 7 7
����M���� [110, 111] 2012 Analytic Decomposition  6 7 3 [109]
ISMAGS [40, 68] 2013 Enum. Single-subgraph None 7 3 [133]
���������� [80] 2013 Enum. Encapsulation None 7 3 [81]
F�SE [130] 2013 Enum. Encapsulation None 7 3 [145]
ENSA [205] 2014 Enum. Encapsulation None 7 3 7
O��� [62, 63] 2014 Analytic Matrix-based  5 3 7 [64]
H����ESU [75] 2015 Enum. Encapsulation None 7 3 7
S��� [176] 2015 Enum. Encapsulation None 7 3 7
O������ [127, 128] 2016 Analytic Matrix-based  4 3 3 7
PGD [3, 5] 2016 Analytic Decomposition  4 3 7 [2]
P������ [61] 2017 Enum. Encapsulation None 7 3 7
E����� [136] 2017 Analytic Decomposition  5 3 7 [168]
J���� [112, 114] 2017 Analytic Matrix-based None 3 7 [113]

Ribeiro et al. A Survey on Subgraph Counting: Concepts, Algorithms and Applications to Network 
Motifs and Graphlets  (2019)
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Main idea:  
1) randomly pick a node

Classical enumeration algorithms

2) count all motifs this node forms

3) remove the node



Main idea:  
1) randomly pick a node

Classical enumeration algorithms

2) count all motifs this node forms

3) remove the node

4) repeat until no nodes left













Motifs profiling

Phase II



Motifs profiling

Benchmarking
Phase II



Random network

Not a good representation of real 
networks

Simple to generate
Simple to count motifs on



Z-score

Quantity that compares the 
difference between the 

observed and the expected  
value in units of standard 

deviation



Z-score

zx =
x − ⟨x⟩

σ[x]



Z-score

zx =
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σ[x]
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Z-score
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Motifs count Benchmark average count



Z-score

zx =
x − ⟨x⟩

σ[x]

Motifs count Benchmark average count

Benchmark st dev



Benchmark

Erdos-renyi Barabási-albert
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Squartini et al. Early-warning signals of topological collapse in interbank networks (2013) Sci. Rep. 
 

Interbank loans



Interbank loans
Er benchmark 

 
CM benchmark 
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Interbank loans
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Interbank loans



Interbank loans



Interbank loans



Interbank loans







Temporal motifs



Temporal motifs

Liu et al. Temporal Motifs for Financial Networks: A Study on Mercari, JPMC, and Venmo Platforms (2025)

Fraud detection
Friendship prediction
Vendor identification



Temporal motifs
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Temporal motifs



Past project

Network of passes

Do pass networks change 
based on performance?

Do different networks  
lead to goals?



Past project

When there’s a shot on goal, 
reciprocity was lower



Motifs can tell us more about the system

Expensive to count

Sometimes difficult interpretation

Final discussion


