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Complementarity
(Optimization Problem)

Optimization Problem (OP)

Objective function (minimize or maximize)

subject to:

Equality constraints
Inequality constraints
Bound on variables




Complementarity
(MPEC)

Mathematical Program with Equilibrium Constraints
(MPEC)

Objective function (minimize or maximize)

subject to:

Constraining optimization problem 1

Constraining optimization problem n




Complementarity
(MPEC-KKT)

Mathematical Program with Equilibrium Constraints
(MPEC)

Objective function (minimize or maximize)

subject to:

KKT conditions of constraining problem 1

KKT conditions of constraining problem n




Complementarity
(Equilibrium)

Equilibrium Problem (EP)

Optimization Optimization
problem 1 problem n




Complementarity
(Equilibrium-KKT)

Equilibrium Problem (EP)

KKT KKT
conditions of | ® e e | conditions of
problem 1 problem n




Complementarity
(EPEC)

Equilibrium Problem with Equilibrium Constraints

(EPEC)

MPEC 1

MPEC n
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Two-stage stochastic programming

Expectation CVaR

\/

minimize,, O,f(xy,A)
subjectto  h(x,y,A)=0
g(x,y,A)<0



Decision framework

— Decisions x are made
— Stochastic vector A realizes in a scenario

— Given x, decisions y(x,A) are made for each
realization of A



Decision tree

leaf

root

branch node

st stage 2nd stage
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Decision tree

Scenario 1, P,

Scenario 2, P»
9 )

Scenario 3, P;

Bilateral

. ) Pool
Contracting
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Scenario formulation

A, o, high
A=<A, @, average

A, a, low

Probability
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Scenario formulation
S 3
minimize_, ., ., Z :Zocif(xi,yi,ki)
=1

subjectto  h(x,y,\)

9()(“)’“7%)S
X, =X, = X,

0 1=12,3
0 1=12,3



Non-anticipativity constraint



Node formulation

3
minimizg, . Z%=> of(X,y,2)
=1

subjectto  h(x,y,,A,)=0 i =123
g(x,y,A)<0 i=123

Non-anticipativity constraints are implicit!



EVP]

EXPECTED
VALUE of the
PERFECT
INFORMATION

Measure of the value of “perfect” information



EVP]

m inimiz&(bxwxyh,)’z,h ZP — Zaif(xi’yi’ki)

subjectto  f(x,,y,,A,) =

No anticipativity constraints!



EVP]

EVPI=2>-2Z"

EVPI Is non-negative



VSS
(only expectation)

VALUE of the
STOCHASTIC
SOLUTION

Measure of the relevance (gain) of using a
stochastic approach



maximize, ,

subjectto

Solution x°



VSS



VSS

VSS =7°-7°

VSS is non-negative



