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Wasserstein DRO

Given a cost function ¢ : R¥1 x R R, the Wasserstein
Transport Cost between two measures P and Q is

D(P,Q) = infrenpg [ (U, V)dr, st. U~P,V ~Q.
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Wasserstein DRO

Given a cost function ¢ : R¥! x R — R, the Wasserstein
Transport Cost between two measures P and Q is

D.(P,Q) = inf /c(U, V)dr, st. U~P,V ~Q.
7ell(P,Q)

The Wasserstein distributionally robust optimization (WDRO)
framework solves the minimax stochastic program:

infﬂ SUPPeB; (P%; i) Ep w(Xa & /8)]
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Transport Cost between two measures P and Q is

D.(P,Q) = inf /c(U, V)dr, st. U~P,V ~Q.
rell(P,Q)

The Wasserstein distributionally robust optimization (WDRO)
framework solves the minimax stochastic program:

inf sup Ep[{(X,Y;0)]
B PeBs(Py i)

where Bs(IPy; ¢) is an ambiguity set of candidate measures for P*,
constructed as a ¢-ball around the empirical measure P

Bs(Py; ) = {P € P(R*)[D (P, Py) < 6}
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WDRO Linear Regression

It is shown that using the cost function

Cq,O((xv y): ('LL,’U)) = ”l’ - UHZ + 00 - ‘y - ’U‘

equates WDRO linear regression with p-norm regularization on
RMSE.
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WDRO Linear Regression

It is shown that using the cost function

Cq,O((mvy)a (uv U)) = ||l’ - UHE + 00 |y - U|7

equates WDRO linear regression with p-norm regularization on
RMSE.

Theorem 1 ((Blanchet, Kang, & Murthy, 2019, Theorem 1))
For any q € [1,00] we have

inf sup Ep[(Y —B7X)% = inf {\/W‘f‘ \[Hﬁup} ,

BER? P:Bs(cq.0) BeR?

with (p7 Q) such that p*1 4 qfl -1
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The Knowledge-Guided Cost

With a prior knowledge 6, we control the extent of perturbation
along the direction of 6. The knowledge-guided cost function
associated to the g-norm is

Cor(x —u) = ||z — qu + A (07(z —u)? +o00-|y—vl
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The Knowledge-Guided Cost

With a prior knowledge 6, we control the extent of perturbation
along the direction of 6. The knowledge-guided cost function
associated to the g-norm is
cor(z —u) = ||z — qu + A (0" (x — u))2 + 00|y — vl
We call it
1. Strong-transferring if A = o0,
2. Weak-transferring if A < oo .

Proposition 1

We have the following upper bound for strong-transferring:

inf sup Ep[(Y —87X)?] < inf Ep: [(Y — ()" X)?
B PeBs(cq o) L V1< inf B [(V - (06" X)7]
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Tractable Reformulation of Knowledge-Guided WDRO

With data y € RY and X € RV*? and an accessible learner
6 € R?, we study the strong-transferring estimator that solves

argmin { ly —XB|l2+6 - min || — &0, } ,
B kER
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Tractable Reformulation of Knowledge-Guided WDRO

With data y € RY and X € RV*?, and an accessible learner
6 € R?, we study the strong-transferring estimator that solves

argmin {Hy —XBl2+ 6 -min||f — Iier} ,
Jé] kER
and for p = ¢ = 2, its weak-transferring counterpart:

argmin {Hy —XBlla+6- [Bllw, } ;
B

1

- ———00".
1015 + A~

with Uy =1
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Tractable Reformulation of Knowledge-Guided WDRO

With data y € RY and X € RV*4 and an accessible learner
6 € R?, we study the strong-transferring estimator that solves

arg;nin {Hy — XpBl2 + 51’?6%3 18— ’ﬂg”p} ,
and for p = ¢ = 2, its weak-transferring counterpart:
arggﬂn{ﬂy — XBll2 +6|Bllw, }
1

R
The hyperparameters are

with Uy =1 00",

1. 6 € ][0, 00] controls the regularization strength;

2. X\ € [0, 00] measures our confidence in the prior knowledge 6.
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Feasibility Set

—— Prior Knowledge 6

Figure 1: Feasibility Sets: Left — Strong-Transferring Regularizer
(p =g =2, A = x0); Right — Weak-Transferring Regularizer (p = ¢ = 2,

A= 2).

—— Prior Knowledge 6
A=2
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Thank youl!
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