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Abstract

Graphs are widely used data representation structures, modeling interactions between elements of
a set. One challenge with graphs is that dot products and metrics are not defined in the graph space.
One classical way to measure distances between graphs is the Graph Edit Distance (GED), defined as
the minimum cost of a set of operations transforming one graph into another. Those operations are
classically deletion, insertion, and substitution at edge and node levels. The mathematical resolution
of this NP-complete problem is costly to compute with classical combinatorial optimization algorithms
like A, depth-first search[1], or Integer Linear Programs (ILP)[2] and even not feasible for large graphs.
Several approaches aim to approximate the GED by relaxing constraints, as in the Bipartite Graph Edit
Distance[3] or an ILP with time constraints.
In our presentation, we consider the computation of the GED between two graphs as a supervised metric
learning problem, combining the representation power of Graph Neural Networks (GNNs) and optimal
transport.
Indeed, GNNs are a natural approach to embedding graphs in a Euclidean space. At each layer, GNNs
update the embedding of each input graph node, with an aggregation of the previous node embeddings
and their local neighborhood. Therefore, iteratively, the graph structure is taken into account inside
each node representation. The obtained set of node embeddings can be seen as a graph distribution in
the latent representation space.
To learn an approximation of the GED in an end-to-end fashion, our model consists of two siamese
GNNs and a comparison block placed at the end: each graph pair’s nodes are augmented by positional
encoding, then embedded by multiple Graph Isomorphism Network layers[4], the obtained embeddings are
compared through a Multi-Layer Perceptron and discrete optimal transport[5][6] applied on a Euclidean
metric defined in the embedding space. Optimal transport guarantees to preserve metrics properties such
as symmetry, positivity, and triangular inequality. It also guarantees permutation invariant matching
which is a desired property in graph representation learning. Using discrete optimal transport also
enables the extraction of an edit path from one graph to another, bringing explainability to decisions
taken by the model. We provide experimental results on benchmark datasets and comparisons, with
recent works in the domain, with similar approaches|7][8].
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