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Moore’s Law is slowing down Data availability is exploding
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Robust optimization 
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Computational  
effort

Conservatism

Distributionally Robust  
Optimization (DRO)

Can we get the  
best of both worlds?
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u = (v1, . . . , vK)
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<latexit sha1_base64="Y3Z+fEaa8YIam0IbJf7MazD8cKk="></latexit>minimize f(x)

subject to ḡ(x, u) ≤ 0 ∀u ∈ U(K, ε)
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{

K
∑

k=1
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p ≤ ε

p
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function<latexit sha1_base64="zlvG11RaWrOUBhr03RYXfEiSMLg="></latexit>

K∑

k=1

wkg(x, vk)
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Solving the MRO problem
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ḡ(x, u)  0, 8u 2 U(K, ✏)

dualize constraint
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subject to ∑K
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[−g]∗(x, zk)− zTk d̄k + φ(p)λ‖zk/λ‖
p/(p−1)
∗ + λεp ≤ sk, k = 1, . . . ,K

λ ≥ 0

Solving the MRO problem

19

conjugate 
function cluster 

centers

<latexit sha1_base64="ZpnWhRON3RJ12t8EJ/McEad5ZlE="></latexit>function of p � 1
<latexit sha1_base64="wUJNMSDzm3dGb0Oi9dMLPfgDhVE="></latexit>

�(p) ! 1 as p ! 1

�(1) = 0
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Number of Clusters

<latexit sha1_base64="Sf8kQIPO3kZXEiHQ7PmQgH5zZhQ="></latexit>

1
<latexit sha1_base64="heQhNZR/HhR6nCq8gLNgaq6VHv4="></latexit>

3
<latexit sha1_base64="GX69XE50MfVJgQFEl60Ljr4kucc="></latexit>

N
<latexit sha1_base64="NqiAyaLuZotqlrFwSP5UVpgYwvE="></latexit>

K

Kuhn, Mohajerin Esfahani, Nguyen, Shafieezadeh-Abadeh (2019)
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Robust 

Optimization
Distributionally Robust 

Optimization



Probabilistic guarantees in MRO

21

<latexit sha1_base64="s5c+IQTIOP8BgEu44CeeQ9F1yi0="></latexit>

P
N (E(g(x̂N , u)) ≤ 0) ≥ 1− β
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(d1, . . . , dN )

<latexit sha1_base64="2/URprxKPa2MO7BfifQjauixbAw="></latexit>

εN (β)<latexit sha1_base64="D9oSTyaWuTMxjdI4216cckua0q0="></latexit>

U(N, εN (β))
light-tailed

uncertainty set 
radius

Fournier and Guillin (2013)
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U(N, εN (β))
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ḡ(x, u)

<latexit sha1_base64="Tmhh0WQwpgTrB1d94G1aA2hsM2c="></latexit>

ḡ
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maxj≤J Lj

2
D(K)

<latexit sha1_base64="utFxK6PMOczQL/CkNm8HBFrXBKk="></latexit>If each −gj is Lj-smooth in u, we have



Worst-case values with maximum-of-concave constraints

24

<latexit sha1_base64="XKAj4XpWAqJx8ZxtO+I27KRF5xc="></latexit>

g(x, u) = max
j≤J

gj(x, u)

<latexit sha1_base64="rHtcZ2N6tLNuSUufQ5VTtaD3mzI="></latexit>

d̄3
<latexit sha1_base64="LHNqIIEGEDE31BGZ+0LoYMa+acM="></latexit>

d̄1

<latexit sha1_base64="b+q2W8bmvehEqkRze5VCmo1oZ4c="></latexit>

d̄2

clustering 
value

<latexit sha1_base64="datV2xYZ8P+NCu4oM15pN546UJc="></latexit>

N∑

i=1

K∑

k=1

aik‖di − d̄k‖
2

Theorem (max-of-concave function)

<latexit sha1_base64="VYavtAywLe6yHNcAZ+Kxdo9ckmo="></latexit>
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Online out-of-sample performance 
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Obtain near-optimal out-of-sample values 


