
Postdoc position on Graph Edit Distance,
Quadratic minimization in Caen, France

December 7, 2017

Brief Description of the position

The candidate will work within a small team of three persons in
collaboration with other laboratories. Together with this team the
candidate will develop new methods to compute close approximations
of the Graph edit distance on large graphs. This research activity will
be based on a formulation of the Graph edit distance as the minimiza-
tion of a quadratic functional. From this point of view, the Graph
edit distance is quite similar to error correcting graph matching. The
candidate will be encouraged to propose his own improvements of this
existing framework. Possible research directions, include the design
of efficient parallel bipartite graph matching methods (to be included
in quadratic minimization schemes) and proposals of new quadratic
minimization schemes. Validated methods will be included in a global
library on Graph edit distance developed by the team.
Salary: This position will be granted with about 2280 e/month net
salary.
Application domains: machine learning on graphs (prediction of
molecular properties, analysis of brain connectivity graphs, malware
detection, . . . )
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Further details:

Place: The research will be conducted at GREYC Laboratory (Caen, France)
in Normandy. The GREYC (UMR 6072) is affiliated to the CNRS,
University of Caen and ENSICAEN.

Start date: January/ February 2018

Duration: 12 to 20 months according to discussions with the candidate.

Topics: Graph Edit distance, combinatorial optimization, quadratic mini-
mization, error correcting graph matching.

Contacts to apply and further information:

• Luc Brun (luc.brun@ensicaen.fr, 02 31 45 27 01) and

• Sébastien Bougleux (sebastien.bougleux@unicaen.fr)

Required skills:

• PhD or Master in Applied Mathematics or computer science,

• experience in C++ or Matlab programming,

• knowledge in optimization.

Required documents: Please send the following documents:

• up to date CV,

• Any recommendation letter

• A short document on research experience and interests

Recent bibliography of the authors on the topic
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[9] Benoit Gaüzère, Sébastien Bougleux, and Luc Brun. Approximating
graph edit distance using GNCCP. In Structural, Syntactic, and Statisti-
cal Pattern Recognition - Joint IAPR International Workshop, S+SSPR
2016, Mérida, Mexico, November 29 - December 2, 2016, Proceedings,
pages 496–506, November 2016.
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Short description of the Graph Edit Distance

The graph edit distance (GED) is a well-known measure of dissimilarity be-
tween attributed graphs, proposed in the context of error-correcting graph
matching [6, 2]. A complete overview, with applications in pattern recogni-
tion and machine learning, can be found in [4, 5].

The GED captures the minimal amount of distortion needed to transform
an attributed graph G1 into an attributed graph G2 by iteratively editing
both the structure and the attributes of G1, until G2 is obtained. At each iter-
ation, one attributed node or edge is usually removed, inserted or substituted
with a non-negative cost (the strength of this local distortion). The resulting
sequence of edit operations γ, called edit path, transforms G1 into G2. Its
cost (the strength of the global distortion) is measured by Lc(γ) =

∑
o∈γ c(o),

where c(o) is the cost of the edit operation o. Among all edit paths from G1

to G2, denoted by the set Γ(G1, G2), a minimal-cost edit path is a path hav-
ing a minimal cost. The GED from G1 to G2 is defined as the cost of a
minimal-cost edit path:

dc(G1, G2) = min
γ∈Γ(G1,G2)

Lc(γ). (1)

Since Γ(G1, G2) has a large, potentially infinite cardinality, edit paths are
generally restricted so that each node and edge of each graph is involved in
a single edit operation. With this restriction, and under some constraints on
the cost c(·) 1, the minimal edit path problem (Eq. 1) is equivalent to the

1substituting an edge e1 by an edge e2 is not more expensive than removing e1 plus
inserting e2 [1]
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minimal-cost error-correcting graph matching problem (ECGM). This graph
matching problem finds optimal correspondences between the nodes of two
graphs so that each node is either assigned to another node (substituted) or
assigned to a dummy node (removed or inserted). Correspondences between
edges (edge edit operations) are induced by these node correspondences.
Like other graph matching problems, the minimal-cost error-correcting graph
matching problem can be written as a quadratic assignment problem (QAP).
Considering the general expression of QAP [3], the GED is given by [1]:

dg,c,D(G1, G2) = min
x∈πn,m,ε

c>x + g x>Dx (2)

where πn,m,ε = vec[Πn,m,ε] is the set of vectorized permutation matrices of size
(n+m)× (m+n) (one-to-one node correspondences or assignments), n and
m are the order of G1 and G2 respectively. The costs of editing nodes are
encoded by the vector c≥0 of size (n + m)2, and the cost of editing edges
by the (n+m)2 × (n+m)2 matrix D≥0. The parameter g is equal to 1/2
when both graphs are undirected, or 1 otherwise.
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