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Background of Hypothesis Testing

** Given: high-dimensional samples from unknown distributions xz and v
** Goal: determine whether ;2 and v differ

* Project data linearly and follow

X
by Wasserstein testing [1] - rrorector AT
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Testing with Nonlinear Dimensionality Reduction

» Use nonlinear operator modeled by kernel method

KMS(u,v) = max W(fuu, fuv)
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Kernel Max-Sliced Wasserstein Distance

KMS(u,v) = max — W(fuu, fyv)
fe?: 7=

DXD

o # :reproducing kernel Hilbert space (RKHS) dependentonk( -, - ) : |

£+ RP = R': nonlinear projector

1. Statistical guarantees of KMS
2. Computational guarantees of KMS

3. Practical Applications

Wang, March, and Xie. Statistical and Computational Guarantees of Kernel Max-Sliced Wasserstein Distances. ICML-25



Finite-Sample Guarantees

KMS(u,v) = max  W(fuu, fu)
fe?: Il 7=

Theorem (Informal). Assume k(x, x) < A, Vx. With high probability,
KMS(u, i,) = O(n™""?).

e (O(-) hides constant depending on A

« KMS breaks the curse of dimensionality of Wasserstein distance
* Free of distribution assumptions
* MS distance [Sloan N et. al, 2022, Tianyi et. al, 2021]: finite diameter of support

» KMS distance [Wang et. al, 2022]: light-tailed distribution



Finite-Dimensional Reformulation

weER: ||w||,=1 rel’,

KMS(i,,v,) = max min 2 ﬂ,](M Lw)?
1,j=1

* M, el “" . concatenation of kernel valued on data points

* Non-concave quadratic optimization problem

Theorem. KMS(/i , V) is // SP-hard to compute
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Finite-Dimensional Reformulation
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* Approximation algorithm using semidefinite relaxation (SDR):
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Semidefinite Relaxation (SDR)

KMS(P ,Q0) = fax min 2 7if\M; M"’ K
§20.Trace(S)=Lrank($)=1 | #€l’, £= ’ ,
n _
< max min Z ﬂi,j<Mi,jMi,j’ 5 >
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Theorem (Informal). Stochastic gradient method with biased oracles solves SDR up to o
optimality gap with operational complexity

O(n’67>)



Quality of Semidefinite Relaxation
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Summary

A novel non-parametric metric for comparing high-dimensional distributions
Sharp finite-sample guarantees

Computational Guarantees:

A. Non-concave quadratic maximization problem: ./ “?-hard

B. Approximation algorithm with performance guarantees:
Practical Applications:

1. High-dimensional Two-Sample Testing

2. Change-Point Detection



