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Over-Pessimism Problem of DRO

* The objective function of DRO:

ming sup Eq[€(fs(X), 1)
QEP (Ptr)

* P(P:) is the distribution set defined via some distance metric as:

:P(Ptr) = {Q: DiSt(Q:Ptr) < p}

* When the testing distribution is included in P (Ps,-) , the testing performance
1S guaranteed.

* When the distribution set P (P;,-) is overwhelmingly large, the learned
model will predict with low-confidence.
S Over-Pessimism



What Caused the Over-pessimism? '-i;y.
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—— from the distance metric perspective
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Geometric Wasserstein Distance

Definition 3.1 (Discrete Geometric Wasserstein Distance GW¢, (,7) [4]). Given a finite graph G,
for any pair of distributions p°, p' € P,(Gy), define the Geometric Wasserstein Distance:

dp
GWa, (", p") —mf{ / > mis(pvidt | o + diva, (pv) = 0, (0)=p°,p(1)=p1}, @)

(i,5)€EE

where v € R™*™ denotes the velocity field on Gy, p igfl continuously differentiable curve p(t) :
0,1] = Z,(Go), and k;;(p) is a pre-defined interpojdtion function between p; and p;.
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Geometric Wasserstein DRO e
Objective function:
0" = argmin sup Rn(0,p) = sz (fo(xi),y:) — B sz log p;

0o P:QW%;O (Pt ,P)<e

Sample weights updating:

dpi _
p — Z wijkij (b — £5) + B Z wijkij(log p; — log pi),

j:(4,5)EE j:(3,5)EE

Algorithm 1 Geometric Wasserstein Distributionally Robust Optimization (GDRO)

Input: Training Dataset D:, = {(z:,y:) };—1, learning rate g, gradient flow iterations 7", entropy term f3,
manifold representation GGy (learned by kNN algorithm from D).

Initialization: Sample weights initialized as (1/n, ..., 1/n)”. Predictor’s parameters initialized as (%),
for : = 0 to Epochs do

1. Simulate gradlent flow for T" time steps according to Equation 5~6/to learn an approximate worst-case
probability weight p”

2. 00+ 9@ —aeve(z pi 4:(6))
end for
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