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Graph Matching

Graph matching finds node correspondence among multiple graphs.



Formulation via Affinity Maximization
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edge similarity

Graph matching incorporates both first order (node-node) and second

order (edge-edge) similarities.

S. Gold and A. Rangarajan. “A graduated assignment algorithm

for graph matching,” |EEE Transaction on PAMI, 1996



Graph Matching via Affinity Matrix
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Formulated as quadratic assignment problem (QAP): "y = =
=
max vec(*’X ) 'K vec("X) - : -
) Diagonal elements - node similarity
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st Xe€({01)56X1<1,X™ <1 "

M. Leordeanu and M. Hebert.  "A spectral technique for correspondence Off_dlagonal elements - edge 5|m|lar|ty

problems using pairwise constraints.” in ICCV, 2005



Graph Embedding and Linear Matching

Qﬁg * Linear similarity matrix:
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_ « We simplify the NP-hard QAP into
 Graph embedding embeds graph Linear Matching problem.
structure (nodes and edges) into

node embedding vectors. max tr¢:X' M)
« Graph affinity can be evaluated st Xe{0115%6X1<1X™ <1

between node embeddings.



Our approach
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Sinkhorn matching

Affinity metric

graph with features

feature extractor

image pairs

Eq. (18)

Eq. (15)

Eq. (4)

= PIA

= PCA

embedding layers

First end-to-end solution in graph matching incorporating embedding.
NP-hard QAP simplified to LAP (solved exactly) thanks to embedding.

Combinatorial permutation loss for supervision.



GConv

GConv is mainly inspired by Graph Convolutional Network (GCN).
Feature aggregated from adjacent nodes.
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of
froae @Nd fr4 are neural networks and weight-sharing among all nodes.

Kipf and Welling, “Semi-Supervised Classification with Graph
Convolutional Networks.” ICLR 2017



CrossConv

Features are aggregated from nodes with similar features across
graphs.
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Sinkhorn
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Fully differentiable!
a8 —a |] (for end-end training)
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It meets the comblnatorial nature of graph matching.

Permutation Loss

Cross-
entropy
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State-of-the-art Performance on
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*Real Image Datasets

mizithsoed | gero bike bird boat bottle bos o car  cat chair cow tshle dog home mbike person plant sheep sofa trmin v | mean

GMN | 319 472 519 408 687 722 536 S2E 346 486 TL3 477 548 SL0 386 751 495 450 830 863 | 553
GMN-PL | 311 462 582 459 706 764 612 617 355 537 589 575 569 493 341 TS5 511 536 832 BEG [ 570
PIA-OL | 307 577 586 47.2 740 745 621 666 336 617 654 580 671 589 419 777 647 505 ELE 99 | 6L6

PIA | 415 558 600 SL9 750 758 596 652 333 659 628 627 677 621 420  ®02 643 805 §27 90 | 630

PCA | 40.9 550 G658 47.9 769 T1.9 615 67.4 337 655 636 GL3 GB9® GLE 449 715 6.4 575 867 909 | 638

rner.hcu:l| face m-bike car duck w-bottle

HARG-SSVM[] | 91.2 444 584 552 666
GMN-VOC[25] | 981 650 729 743 705
GMN-Willow [45] | 99.3 714 743 828 767
PCAVOC | 100.0 698 786 824 051
PCA-Willow | 100.0 767 840 935 969




Thank you!

« Paper: https://arxiv.org/abs/1904.00597
« Code: https://qgithub.com/Thinklab-SJTU/PCA-GM

J Code on GitHub {

« Contact
 Runzhong Wang:
runzhong.wang@sjtu.edu.cn
« Prof. Junchi Yan:
yanjunchi@sjtu.edu.cn

« Homepage of our lab:
http://thinklab.sjtu.edu.cn
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