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Graph Matching: a New Concave Relaxation Function and Algorithm

LIU Zhi-Yong?

Abstract Recently, approximate graph matching based on relaxing the permutation matrix to a doubly stochastic
matrix has become an important and popular topic. The key point lies in which approximation over a continuous set is
usually easier to implement than that over a discrete one. However, a consequent trouble related to such a relaxation
is how to properly map the doubly stochastic matrix back to a permutation one. In the literature, a concave relaxation
function for matching problem between the undirected graphs without self-loops was recently proposed, such that the
doubly stochastic matrix can converge to a permutation one in a smooth way, and got a state-of-art performance on
matching accuracy. Unfortunately, except for the undirected graphs without self-loops, there are no concave relaxation
proposed for any other types of graph models. In this paper, we propose a concave relaxation for the directed graphs
without self-loops, based on which a graph matching algorithm is then presented. Extensive experimental comparisons

witness the validity of the proposed methods.
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Table 1  Experimental results of the matching accuracies of the five algorithms on 100 random generated graph pairs
UCHii % (Matching error) OPT Umeyama, QCV GA Ours
YA (Mean) 5.2754 11.8887 8.3875 8.7470 6.1231
b2 (Standard deviation) 0.8102 2.2723 1.9357 1.6678 1.2435
e fEVLHC L (No. of optimal matching) 100 0 1 0 21
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Fig.1 Matching accuracies of the five algorithms for

matching graphs with different noise levels
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Fig.2 Matching accuracies of the four algorithms for

matching graphs with different sizes
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