Unified Graph Matching in Euclidean Spaces
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We use the structured learning approach of [4] to determine the importance of first-order features (such as Shape-Contexts and SIFT), ok e g = - l _
second-order features (such as topological constraints and distances), and third-order features. Our graph-matching objective, map- "7 eparatonbetween frames

ping the points in V' to those in V"’ is defined as: CMU ‘hotel’ data (101 frames)

0.4F

-4+ linear assignment
- ® - guadratic assignment
<« % 4

<
o

| --<- balanced graph-matching
—>— isometric matching
|| —®— unified matching

g = argmin Z (I)l(pla f(p1)>7 HnOdeS T Z q)Q(plapQ? f(p1>7 f(pQ))7 Hedges T Z (I)S(plvp27p37 f(p1)7 f(p2)7 f(p3))7 Htri

V-V
f - plegﬁ (p17p2)€gj:t (p17p27p3)EGﬁ

node features edge features triangle features

A(g, g), after learning
()
DO

0.1F

Our approach is fully-supervised, i.e., we learn © = (gnodes; gedees; gtrl) from manually labeled correspondences provided by the user.
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