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Proof Outline: Consider the 2-Adaptability Problem:
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Summary

minimize max

⇠2⌅


⇠>C x+min

k2K

�
⇠>Qyk

: Tx+Wyk  H⇠
 �

subject to x 2 X , yk 2 Y, k 2 K

The K-Adaptability Problem:

Objective Uncertainty: Constraint Uncertainty:

� strong approximation 
guarantees 

� MILP reformulation  
that scales polynomially

� weak approximation 
guarantees 

� MILP reformulation 
that scales 

✤ exponentially in K 
✤ polynomially in rest

� �



Numerical Experiments

here-and-now: 
build facilities

observe: 
customer demands

wait-and-see: 
product delivery

t

�

Can be modeled as two-stage robust integer program 
with objective uncertainty!

Supply Chain Design:
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Numerical Experiments

here-and-now: 
early-stage investment 
(first mover advantage)

observe: 
risk factors

wait-and-see: 
late-stage investment 

(no advantage)

t

�

Can be modeled as two-stage robust integer program 
with constraint uncertainty!

Investment Planning:

c(⇠)>x

r(⇠)>x

costs:
profits:

costs:
profits: 0.8 · r(⇠)>y(⇠)

c(⇠)>y(⇠)



Numerical Experiments
Investment Planning:
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