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- Theorem 3.5. Consider the case that (uj,v) € M* and (uj,vp) ¢
Theorem 3.1. We are given the graph structures As, At and node fea- M. For GW learning (e.g., GRAFT), under the mild assumption of the
tures X, X as input. Denote feature propagation asRp = g(Ap)Xp, p =

’ : i intra-graph cost, ie.,
s, t, where g(-) is a function without learnable parameters. Denote the

additional linear transformation as Zp = RyW, where W € Rdxd Cs(ii) = a,Vui, Ce (k. k) = b, Yoy, (16)
is the learnable matrix. Assume that we set the intra-graph cost ma- Cs (i, j) = Cs(j 1), Ce(k, 1) = Ce (L k). Yup, ujop, v, (17)
trices as C, = RPR; and Cp = ZPZ; for p = s,t, respectively, Cr(k. 1) = Cp (k' 1), Yo, € Vi\{og. vpr | (18)
and let (ui, vg), (uj,v;) € M and(uj,v;) ¢ M* where M" is the vith uniform marginals t = (/... \/n1)T andv = (1/ns. ... 1ny)T,

ground truth. Then, there exists a case that |C;(i, j) — Cj(k,1)| =

i i i ithT(® = gyt
ICL(i, ') — C, (k. 1)| and |Cs (i, j) — Ce(k, D] # 1C5 i, ') — Co (k. D). the first iteration of the GW learning process with T pvT cannot

determine whether u; is matched to vy oruvy..

» Songyang Chen, Yu Liu, et al.: Combining Optimal Transport and Embedding-Based Approaches for
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