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Introduction

• Graph data

– e.g. social network, chemical molecules, flights 
between cities, networks

• Frequent subgraph mining

– discovering interesting patterns in graphs

– unsupervised algorithms: gSpan, FSM, Gaston…

– applications such as: finding common 
submolecules [10], graph indexing [22]
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Frequent subgraph mining
Input:   a database of connected labelled graphs

a minimum support threshold
e.g.  minsup = 3

Output: all subgraphs appearing in at least minsup graphs

They each have a
support of three graphs
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How to choose the minsup threshold?

• How ?
– too high, too few results

– too low, too many results,  
performance often exponentially degrades

• In real-life:
– time/storage limitation,

– the user cannot analyze too many patterns,

– fine tuning parameters is time-consuming (optimal 
values are dataset dependent)
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A solution

• Redefining the problem as top-k frequent 
subgraph mining

– Input: k, the number of patterns to be generated.

• Output:

– the k most frequent subgraphs
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Top-k frequent subgraph mining
Input:   a database of connected labelled graphs

the number of patterns k.  e.g.  k = 7

Output: the top k most frequent subgraphs

Support 
of 
3 graphs

Support 
of 
2 graphs
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Challenges

• An algorithm for top-k subgraph mining 
cannot use a fixed minsup threshold to reduce 
the search space.

• Therefore, the problem is more difficult.

• Large search space



Current algorithms

• The algorithm of Li et al [13] is inefficient. It 
generates all patterns to then select the top-k 
subgraphs.
(it cannot terminate on the Chemical340 dataset)

• The algorithms of Duong et al. [3,4] are
approximate (they can miss some frequent 
subgraphs).

• Our proposal: an efficient and exact algorithm 
named TKG for top-k subgraph mining
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Graph

A graph G = (V, E, LV , LE, φV , φE)

• V  is the set of vertices

• E is the set of edges

• LV is the set of vertex labels

• LE is the set of edge labels.

A graph database GD = {G1, G2 . . . Gn} is a set of 
labeled graphs.
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Graph isomorphism

• Let there be two graphs:
– Gx = (Vx, Ex, LxV , LxE, φxV , φxE) 

– Gy = (Vy, Ey, LyV , LyE, φyV , φyE)

• Gx is isomorphic to Gy if there is a bijective mapping
f : Vx → Vy such that:
– for any vertex v ∈ Vx, it follows that LxV (v) = LyV (f(v))

– for any pair (u, v) ∈ Ex, it follows that (f(u), f(v)) ∈ Ey

and LxE(u, v) = LyE(f(u), f(v)).
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(i.e. the two graphs have the same structure with the same labels)

e.g. 

is isomorphic to



Subgraph isomorphism

• Let there be two graphs

– Gx = (Vx, Ex, LxV , LxE, φxV , φxE) 

– Gz = (Vz, Ez, LzV , LzE, φzV , φzE). 

• Gx appears in the graph Gz, or equivalently 
that Gx is a subgraph isomorphism of Gz, 
if Gx is isomorphic to a subgraph Gy ⊆ Gz.

e.g. 
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appears in this graph:



Support of a subgraph
• Let there be a graph database GD. 

• The support (occurrence frequency) of a subgraph Gx in 
GD is the number of graphs where Gx appears, that is:
sup(Gx) = |{g|g∈ GD∧Gx ⊑ g}|

e.g.                  has a support of 3 in this graph database:
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Search space pruning property

• There can be millions of subgraphs in a database!

• To avoid looking at all of them, frequent subgraph 
mining algorithms apply the “Apriori” property:

– If a subgraph Gx is infrequent, then all its supergraphs are 
infrequent.

• e.g.
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Is infrequent (support = 1). 
Thus all its supergraphs are infrequent



Problem definition

• Let there be a user-defined parameter k ≥ 1 and a 
graph database GD. 

• Problem (Top-k frequent subgraph mining):
Finding a set T of k subgraphs such that their support 
is greater or equal to that of any other subgraphs not 
in T.

Note: in some cases, more than k patterns could be included in 
the set T.
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The TKG algorithm
Basic idea
1. Start with minsup = 1.
2. Perform a dept-first search starting from single 

edges to explore the search space.
3. Keep a queue Qk that contains the current top-k

subgraphs found until now.
4. When k patterns are found, raise minsup to the 

support of the least frequent subgraph in Qk.
5. After that, for each subgraph added to Qk, raise 

the minsup threshold.
6. When the algorithm terminates, the top-k

subgraphs have been found.
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More details…

• Each subgraph is represented by a DFS code.

• When a subgraph is extended with an edge, we calculate 
its support and check if its DFS code is canonical. If not, 
it means that this subgraph is a duplicate and we can 
ignore it.

• This technique was proposed in gSpan to avoid 
processing duplicate subgraphs.
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The TKG algorithm

• The resulting algorithm finds the correct result.

• However, it has poor execution time because 
the search space is too large.

• Solution: three strategies →



Strategy 1 – dynamic search

• Observation: 

– if we can find subgraphs having a high support first, we 
can raise minsup more quickly to prune reduce the 
space.

• Strategy  

– We store subgraphs that can be extended to generate 
more subgraphs in a priority queue Qc , ordered by
decreasing support.

– Instead of using a depth-first search, we always extend 
the subgraph having the highest support in Qc first.



Strategy 2 – skip strategy

• To find extensions of a subgraph g, the algorithm 
scans all input graphs of the database that 
contain g.

• The algorithm counts the support of each 
extension.

• After processing a graph Gj, let hsup be the 
highest support among the found extensions and 
rn be the number of remaining graphs. 

• If hsup + rn < minsup, it indicates that the 
subgraph g has no frequent extension. 

• This strategy decreases runtime



Strategy 3

• Initially, the algorithm scans the database to 
calculate the support of all single edge graphs.

• Then, use this information to update Qk, 
minsup and Qc, before performing the 
dynamic search. 

• Doing so decreases the processing time for 
single edge graphs.
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Experiments
Datasets

|GD| = graph count    |Lv| = vertex label count
|LE| = edge label count

Algorithms

• TKG with or without optimizations
• gSpan with an optimum minutil value
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Influence of k on runtime
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• For larger k values, runtime increases because more patterns to consider
• The dynamic search reduces TKG’s runtime by up to 100 times
• The Skip strategy reduces TKG’s runtimes



Influence of k on memory
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• For larger k values, memory increases because more patterns to consider
• The dynamic search reduces TKG’s memory by up to 8 times on some datasets
• The Skip strategy slightly reduces TKG’s memory on some datasets



Comparison with gSpan
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Runtimes are very close, despite that top-k pattern mining is more difficult.



Conclusion

• The TKG algorithm for top-k frequent subgraph
mining

➢An exact algorithm

➢Three optimizations

➢Performance close to that of running gSpan with an 
optimal minsup threshold

• Future work: optimizations and extensions for other 
graph mining problems.

• Source code and datasets available as part of the  
SPMF data mining library (GPL 3).
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http://www.philippe-fournier-viger.com/spmf/

http://www.philippe-fournier-viger.com/spmf/
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Running an algorithm

Discovered patterns

http://www.philippe-fournier-viger.com/spmf/

http://www.philippe-fournier-viger.com/spmf/


Thank you. Questions?
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SPMF Open source Java data mining software, 177 
algorithms http://www.phillippe-fournier-viger.com/spmf/

http://www.phillippe-fournier-viger.com/spmf/
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