Efficient Graph Similarity Computation with Alignment Regularization
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Graph Edit Distance Analyzing GED in Embedding Space Empirical Analysis

GED as a graph similarity measure has been popularly adopted on graph search queries, due to its
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Figure 1. The optimal edit path with 3 edit operations to transform G; to G;. As a result, GED(G;, G,) = 3. k Node Graph IMDB 225.682 379.480 1253.551 357.933 133437 48.750
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GNN for GED Computation Transferability

With the great success of deep learning technigues, some recent works have treated GED compu- AIDS700 LINUX
tation as a learning problem, and use graph neural networks (GNN) for GED Computation. Such The best matching between two graphs can be inferred by minimizing the difference between mse p  pQ@l0 | mse p  pQll
GNN-based methods have achieved higher efficiency and estimation accuracy than traditional the intra-graph node-graph similarity and cross-graph node-graph similarity. SimGNN 1573 0835 041712479 0912 0635
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SimGNN GMN A single GED discriminator does not fully capture the dissimilarity between two graphs, while

GraphSim,  GSImCNN. diverse discriminators may provide complementary information to reflect GED more accurately.

= ERIC consistently achieve state-of-the-arts performance across all evaluation metric.

By adaptively combining NTN and ¢y distance, our model makes similar graphs closely located . L. . . L. . .
MGMN, GCN-Mean ar};undpthe qtery vvhilegdissimilar granhs far away from the query 5rap Y = Alignment Regularization can be incorporated into existing methods and improve their
GNN Encoder . ) ’ | performance, such as SimGNN and EGSC.
Matching Model Method Time Comblexit T . - = ERIC is faster than all baseline models in the inference stage.
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The matching model captures the cross-graph node level interactions. The computational cost of
such a sequential framework mainly comes from the matching model, which requires
computational and memory cost quadratic in the number of nodes. Therefore, such matching
model makes the learning process inefficient, especially in the inference stage. Efficient gRaph similarity Computation (ERIC)

Multi-Scale GED Discriminator Alignment Regularization b) The pred'Cted 5|m||ar|ty ranking based on ERIC
(ignore during inference)
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