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- Minimize risk under a local worst-case distribution O

- Distribution shift described by an ambiguity set .Z .

Example:
1O : MMD(Q, Py) < p} or Wasserstein-ball

MMDg,(O, P) := sup de(Q P) L. N P

1Al =1

— xxNQk(x X) + [E yNPk(y y)
_2[Ex~Q yNPk(x y)

- We can bound performance under O ( # F,,) beyond

statistical fluctuation (classical learning theory)

* Question: how do we actually solve an MMD-

constrained optimization problem? (Non-trivial!)
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5% denotes the support function of the set ¢

Many alg. as special cases, e.g., SVM, multi-kernel...

- Decision variable f can be interpreted as the test

function in the kernel two-sample test

- Comparison with Wasserstein DRO:

* MMD enjoys closed-form estimator for fast
computation and favorable convergence rate

- For general ML loss (0, - ) with nonlinear models,
there exists no exact reformulation of Wasserstein
DRO. Kernel DRO can be applied in such cases
thanks to the universality of RKHSs.
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Distributionally robust learning with ARKS

We construct a solution: f ey — 0, computable robustness certificate:
J(x) = sup{l(0, 2)k(z,x) } | | A
16 -) =oIn (6, &)

Z SUp
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c: transport cost in OT, o > 0 : bandwidth _ Z sup{ (0, 2)k(z, &)

=1 <

-kernel choice: k(x, x) := e ~“%*)? (OT in log-scale) T LQ.Po)=p N
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< ln{ }
N
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v applies to loss with practical models, e.g., DNN ARKS 6bjective
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* We proposed a distributionally robust

Iegrnlng algorljchm by constructing solutions Interesting future directions
using the dua“ty theorem of Kernel DRO. . Design specific kernels for robustness beyond norm-
ball perturbation
o Exp|0|t|ng the connection between OT and . Physics, information geometry, and general dynamic OT
: : : : . Causal inference via distributional robustness
kernel methods, we provide a distributional
robustness certificate. References
: - * Zhu,].-), Jitkrittum,VV, Diehl, M. & Scholkopf, B. Kernel
‘ In. C().ntrellst with many DRO.a|gOFItth, our Distributionally Robust Optimization. AISTATS 202
distributionally robust learning algorithm *  Zhu,].-], Kouridi, C., NemmourY. & Schélkopf, B.
. . . Ad ially Robust Kernel Smoothing. AISTATS 2022
applies to large-scale learning with DNNSs. versarially FoBUst Rernel Smoothing
This is enabled by the kernel DRO theorem Code
that allows us to use reqgularized kernel e KDRO: https:/github.com/ji-zhu/kdro
approximation for genera| functions outside * ARKS: https://github.com/christinakouridi/arks
RKHSs.

Website: |j-zhu.github.io
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