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Motivation: Data representation in Machine learning
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nD — Distributions (n>>3)



Background: Optimal transport and Gromov Wassersein

F7H(4)

Optimal transport problem: Given probability measures u =
i=1Pi0x;, v = Xj=1q;0y,

OT (u,v) = , min z C(xl-, Yj)Vij ,

e]R‘nXm —
L,j
st,yln=py'1,=¢q
* OT defines a metric between u and v
« Complexity of OT: O(n3)

Gromov Wasserstein problem: Given mm-spaces X =
(X; dX; ,u); Y — (Y) dYr V)

GW(X,Y) = Sonin., Yiirjrldx(xp, xi0) = dyCy, yO)lyijyi e,
+
subjectto: y1,, = pw)/Tln = DPv

e GW defines a metric between X and Y.

4
e Computational complexity (Frank-Wolfe): O <% - 1n31n (n))



Background: Linear Gromov Wasserstein embedding

0(K?) O(K) dyo(xo, x0)  dyi(T§(x0), To(xp) )

Given K measures, how to efficiently compute their GW distances?

« Linear GW embedding: X! = (X?, dXi,,lli) - vli=d, (Té(xo),Té(x(’))) — dyo(xg,x{) € Lﬁys((XO)z)
2

* Linear GW distance: GW(Xi,Xj) ~ LGW(Xi,Xf) = ||vi — vf”LZ((Mo)@Z).
* Linear GW defines a metric.

* Computational complexity:

4
* Embedding construction K- O (n3 In(n) %) for K measures:

» Distance computation: (12<) -0(n?)



Our contribution: Linear Partial Gromov Wasserstein embedding

e Linear Partial GW embedding: Suppose y = (id X T(f)#,uo is an optimal solution for PGW(XO,Xi), then the
LPGW embedding is defined by:

Xt = (Xi, dXi,,ui) - (vi,ﬁi,,&i) where
« vi=dy (Toi(xo), Té(x(’,)) — dyo(xg, x;) (displacement)
« [i* =y, (information for mass destruction /transportation in source domain)

. 2
o Ot = (,u‘)® — (y1)®? (mass creation in the target domain

 Linear PGW distance: PGW(Xi,Xj) ~ LPGW(Xi,Xj) = ”vi - Uj”Z

L<(ﬁi/\ ru')®2> i (|(ﬁi)®2 B (‘Ij)®2| +

|t + pJl).



Properties of Linear Partial Gromov Wasserstein distance

* Linear PGW defines a metric. _-éf:.? :}f:?
L e
) ) LR o
e Computational complexity: Hies e

4
* Embedding construction K- O (n3 In(n) %) for K measures:

» Distance computation: (12{) -0(n?)

 LPGW embedding provide a noise-rubost representation for ,

the data Data reconstruction by embeddings
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Accuracy analysis
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Thank you for your attention
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