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‘What has been will be again,
what has been done will be done
again; there is nothing new
under the sun.

Ecclesiastes 1:9
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What is a motif?

A motif is a pattern that recurs in multiple observations of a system.

Source: Wikipedia
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What is a motif?

It is often easier to recognize an instance of the motif than to define
the underlying pattern.
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What is a network?

A network is a collection of entities and the relations between them.
E.g. a group of people and friendship status.

[Ham20]

A graph (a.k.a a graph) G = (V ,E) is a pair of sets where V is a
set of entities called ’nodes’ and E ⊂ V × V
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What is a network?

A subgraph of G is another graph formed by a subset of the nodes
of G . It is connected if there is a path between all pairs of nodes.

A pair of graphs G , H is isomorphic (≅) if a bijective mapping
f ∶ VG → VH such that any two vertices u and v of G are adjacent
in G if and only if f (u) and f (v) are adjacent in H

Source: Wikipedia
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What is a network motif?

High-level:

A pattern which manifests itself as groups of related subgraphs.

Semi-Formal:

We say a pattern (small connected graph) is a motif given a set
of graphs G if it is isomorphic to more subgraphs of g ∈ G than
expected.

[SS10]
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Why are motifs interesting?

Network motifs raise the hope that network function can be under-
stood in terms of basic computational building blocks. - Uri Alon
2003

[MSOI
+
02]
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Why are motifs interesting?

Motifs can be applied to solve many computational problems.

Graph generation
Function prediction
Structure prediction

[JBJ20]

[SGYR
+
20]
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Questions?
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Motif mining is not easy

To identify the set of recurrent patterns in a graph (or set of graphs) you
need to solve 3 sub-problems:

1 Pattern search: Enumerate all possible subgraph patterns.

2 Pattern detection: For each pattern, count # of appearances.

3 Significance testing: For each occurrence count, measure
significance. (Repeat 1 and 2 on null model)

[SS10]
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The arrival of computational motif mining [MSOI
+
02]

Uri Alon & co sparked the network motif mining field in 2002.

”None of the network motifs shared by the food webs matched the
motifs found in the gene regulation networks or the World Wide
Web.... Different motif sets were found in electronic circuits with
different functions. This suggests that motifs can define broad classes
of networks, each with specific types of elementary structures.”
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M-Finder Sampling Algorithm [KIMA04]

1 Pick a graph pattern p size k
2 Sample random k-subgraphs S, compute adjusted concentration

estimate

Cp =
∑s∈S 1[s≅p]

∣S∣
3 Repeat for a randomized graph.
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Mined motifs uncover design principles. [MZA03]

Need to be careful when attributing function to motifs [ISS06].

Randomization
External context
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CaRNAval exploits domain knowledge to identify

application-specific motifs. [RSW
+
18]

Look for new motifs connecting known motifs.

[RSW
+
18]
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Questions?
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Part 2.1 Representation Learning

Bottlenecks in combinatorial approaches: motif size and variabil-
ity.
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Motifs are often related or come from noisy data

Bottlenecks in combinatorial approaches: motif size and variabil-
ity.
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Representation Learning

Idea: work in a vector space instead of discrete space.

[Ola]
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Representation Learning

Learn the parameters θ of a function fθ(X ) which maps input data
X to a vector space with useful properties.

[Ola]
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Representation Learning

We choose θ by backpropagation to minimze a differentiable
penalty function known as the loss function.

[Ola]
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Graph representation learning maps discrete structures to
continuous spaces

Message passing lets us represent graphs in an order invariant man-
ner.
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VeRNAl uses a continous embedding to mine fuzzy motifs

[OMP
+
22]

1 Use the continuous properties of representation techniques to capture
continuous relationships.

2 Use motifs as building blocks for larger motifs.

L(θ, u, v) = ∑
u,v∈V (G)

[K(u, v) − fθ(u)T fθ(v)]2 (1)
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SP-Miner encodes subgraph-supergraph relationships
[RAJJ20]

Observation: A motif is a subgraph of many supergraphs.
Idea: Encode subgraph-supergraph structures in representation step.
When A ⊂ B, f (A) < f (B):

E(A,B) = ∣∣max(0, fθ(A) − fθ(B))∣∣2 (2)

L(θ,A,B) = ∑
(A,B)∈P

E(A,B) + ∑
(A′,B ′)∈N

max(0, α − E(A′
,B

′)) (3)
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SP-Miner Identifies large motifs
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Summary

1 Network motifs are important features of real-world networks.

2 Mining network motifs is a rich and interesting problem.

3 Recent advances are opening new doors for motif mining methods.
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