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Convex Optimization
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iIf feasible set of (P) or (D) is bounded or has Slater point
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Real decision problems depend on uncertain parameters z.
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Duality of Robust Optimization

sup inf P(z) = sup sup D(z)
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Conditions for gap-free duality?

------------------------------ 3 gap

> W,z A

(P-W) (D-B)



Convexity Assumptions
Uncertainty set: Z2={z:c,(2) <0V =1,...,L}

Constraint functions:

c¢/(z) pcc in z for every ¢ —fi(x, z;) pcc in z; for every i
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s.t Zé:o Yie =0



Convex Reformulation of (P-W)

iQf sup fo(x, zp)

ZoEZ -
st. supfix,zj)) <0 Vi=1,...,1 (P-W)

ziezZ




Convex Reformulation of (P-W)

iQf sup fo(x, zp)

ZoeZ _
st. supfi(x,z;)) <0 Vi=1,...,1 (P-W)

ziezZ

S.t. (—f})*z(X, y/,g) -+ 2521 V,'ng< (Yié/Vig) < O Vi= 1, . ,/ (P'W,)
S o Vie =0 Vi=1... ..




Convex Reformulation of (P-W)

iQf sup fo(x, zp)

ZoEZ -
st. supfix,zj)) <0 Vi=1,...,1 (P-W)

ziezZ

II (subject to regularity conditions)

Inf (—fo)*z(X, )/075) + 2221 VOECZ< (YOE/VOE)
x,y,v>0

S.t. (—f})*z(X, y/,g) -+ 2521 V,'ng (Yié/Vig) < O Vi= 1, . ,/ (P'W,)
S o Vie =0 Vi=1... ..




Convex Reformulation of (P-W)

iQf sup fo(x, zp)

ZoEZ -
st. supfix,zj)) <0 Vi=1,...,1 (P-W)

ziceZ

]I (subject to regularity conditions)

inf  (—fo)*2(x, yo.r) + 2221 VoeCy (Yoe/Voe)
x,y,v>0

S.t. (—f})*z(X, y,-,g) + 2521 VieC; (Vie/Vie) <0 Vi=1,...,1 (P-W’)
S o Vie =0 Vi=1... ..

Ben-Tal, Nemirovski & El Ghaoui, Princeton University Press, 2009; Bertsimas & Sim, Oper.
Res., 2004; Ben-Tal, den Hertog & Vial, Math. Program., 2015; etc.
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Primal Worst = Dual Best

If (D-B) has a Slater point...

robust

inf (P-W)

Beck & Ben-Tal, Oper. Res. Lett., 2009.



