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Massively scalable optimal transport: : GNN with optimal transport Fast & accurate transport plan
and -48% error for graph distance learning and embedding alighment
Multiscale OT Nystrom
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Parallelizable, runs in O(nz) — K already has that many entries! oEEN N R
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Calculate P via Sinkhorn algorithm: P ~ PSP = diag(5) K*P diag(f) Balanced OT 0.034 15.3 27.4 LCN-Sinkhorn 4.0 5.1 1.4 . .
Runs in O(nlogn)! Embedding alighment
. L 3x faster & 3.1pp more accurate
Locally corrected NystrOm (LCN) LCN: Provalgly better apprOX|mat|orj, sgme convergence
How to incorporate short- and long-range interactions? ) ?parsgfcorrect:nls, prova(l;l(;/ rec_L_Jr;e kernella&pzprommatlon error of Nystrom M
or uniform and clustered data [Theorem ]. Origina )68 67 9%
Correct low-rank Nystrom approximation with sparse values: * Better kernel approximation directly translates to better Sinkhorn approximation Full Sinkhorn 402 70.1%
Knys = UA'V [Theorem 3. Multiscale OT 88.2 26.8%
Ko = Kyoe — KSNp KD . S_F;]arse and4LCN-Sinkhorn converge in O(In min K /¢), like full Sinkhorn Nystrém Sinkhorn 102 47 8%
g 7> [Theorem 4] Sparse Sinkhorn 49.2 68.4%
LCN is a g(?neral kerngl approximat.ion. | | , e Sparse and LCN-Sinkhorn allow fast backpropagation via analytical gradients LCN-Sinkhorn 26.8 21.0%
We can still use the Sinkhorn algorithm - LCN-Sinkhorn, runs in O(nlogn + nl*) [Prop. 1].




