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Graph similarity measurement algorithm combining global and
local fine—grained features
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Abstract: Since calculating the exact similarity between two graphs is usually an NP-hard problem, the
tradeoff between precision and speed needs to be addressed. In this paper, a pooling-based graph neural
network method is proposed, which effectively integrates the coarse—grained interaction features of the
graph data and the fine—grained interaction features of the nodes between the subgraphs, and further reduce
the computational cost while ensuring the accuracy. The experimental results show that the proposed
method has good performance on real graph data sets. Compared with existing methods, the proposed
method not only improves the accuracy but also improves the computational efficiency.
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Table 1 Results on AIDS data set

ik MSE 0 . p@l0 p@20

Beam 12.090 0.609 0.463 0.481 0.493
AL Hungarian 25.296 0.510 0.378 0.360 0.392

\Al 29.157 0.517 0.383 0.310 0.345

SimpleMean 3.115  0.633 0.480 0.269 0.279

Hierarchi-
3.046 0.681 0.629 0.246 0.340
calMean

Hierarchical
3.396  0.655 0.505 0.222 0.295
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Table 2 Results on LINUX data set

ik MSE 0 ¢ p@l0 p@20
e Beam 9.268 0.827 0.714 0.973 0.924
bl (%) Hungarian 29.805 0.638 0.517 0.913 0.836
Bk VI 63.863 0.581 0.450 0.287 0.251
SimpleMean  16.950 0.020 0.016 0.432 0.465
Hierarchi-
6.431 0.430 0.525 0.750 0.618
calMean
. HierarchicalMax  6.575 0.879 0.740 0.551 0.575
i AttDegree 8.064 0.742 0.609 0.427 0.460
AttGlobalCon-
3.125 0.904 0.781 0.874 0.864
text
AttLearnableGC  2.055 0.916 0.804 0.903 0.887
SimGNN 1.509 0.939 0.830 0.942 0.933
PGSC
) 0.678 0.978 0.882 0.950 0.943
(pool-hist)
PGSC 0.429 0.981 0.887 0.961 0.945
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Table 3 Results on IMDB data set

VIRZS MSE 0 4 p@10  p@20
SimpleMean  3.749 0.774 0.644 0.547 0.588
Hierarchi-

5.019 0.456 0.378 0.567 0.553
calMean
Hierarchical

993 0.455 0.354 0.572 0.570

Max
AttDegree 2.144 0.828 0.695 0.700 0.695
AttGlobal

555 0.684 0.553 0.657 0.656
GNN Context
VRS Attlearn-
1.455 0.835 0.700 0.732 0.742
ableGC
SimGNN 1.264 0.878 0.770 0.759 0.777
PGSC
) 0.910 0.899 0.779 0.841 0.831
(pool-hist)
PGSC 0.736  0.904 0.784 0.839 0.841
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(pool-hist)
PGSC 2.154  0.861 0.689 0.468 0.550
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Fig. 3 Query examples visualization
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