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Simulation Optimisation

•The purpose of simulation is to estimate the values of a
performance measure θ(x), for a scenario x, of a stochastic system
by conducting a statistical experiment.

• Simulation optimisation (SO) is used to find the best
scenario x from a collection of feasible scenarios C in terms of the
system outcome.

•This can be formulated as
min θ(x),
s.t. x ∈ C. (1)

•How we solve (1) depends on the type of feasible region (discrete
or continuous), the number of feasible scenarios (i.e. finite,
uncountably infinite), and what we know about θ(x).

•We define θ̂(x) to be an unbiased estimator of θ(x).

•The SO algorithm simulates K scenarios x1, . . . ,xK (where K
may be random) and chooses as the best

x̂∗ = argmini=1,...,K θ̂(xi). (2)

A possible fundamental error in SO problems:

The optimal scenario is never simulated, meaning
x∗ /∈ {x1, . . . ,xK}.

Convergence

•Guaranteed asymptotic convergence is the primary way SO
algorithms are designed to address the above fundamental error.

• If x̂∗ is the estimated optimal on iteration k then for global
convergence we want

P
 lim
k→∞

x̂k
∗ = x∗

 = 1.

•Scenario x′ is locally optimal if θ(x′) ≤ θ(x) ∀ x ∈ N (x′). That
is, x′ has a better performance than the scenarios in its
neighbourhood.

Adaptive Random Search

When the feasible region, C, is discrete and large, the adaptive
random search (ARS) algorithm is the standard convergent al-
gorithm that is used.

The general ARS algorithm is as follows:

1 Set k = 1.

2 By distribution, Pk(·), choose scenarios to simulate (Ek ⊂ C).

3 Apply the simulation to the scenarios x ∈ Ek.

4 Compute the value, θ̂(x), for all x ∈ Ek.

5 Choose the scenario with the best θ̂(x) (min or max depending
on optimisation problem) as x̂∗k+1.

6 Update the memory, and if necessary, update Pk(·). Let
k = k + 1. Return to 2.

Common choices of Pk(·):
•Distributions can be chosen to favour scenarios in a neighbourhood
of x̂∗k (known as a local sampling distribution).

•Using a distribution that allocates some positive probability to all
scenarios allows the algorithm to escape from local optimums
(known as a global sampling distribution).

•Typically Pk(·) changes with each iteration and focuses on
promising regions of the feasible scenarios.
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Adaptive Hyperbox Algorithms

Adaptive hyperbox alorithms (AHA) are locally convergent
ARS algorithm that can be used for D-dimensional integer scenarios.

The general AHA is as follows:

•Let S(k) be the set of scenarios that have been tried up to
iteration k and x(d) be the d-th element of scenario x.

•Find a hyperbox around the current best solution,
Hk =

x : l(d)k ≤ x(d) ≤ u
(d)
k ∀d ∈ {1, . . . , D}
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•where l(d)k = sup{x(d) : x ∈ S(k), x(d) < x̂
∗(d)
k } and

u
(d)
k = inf{x(d) : x ∈ S(k), x(d) > x̂

∗(d)
k }.

•Sample m times from Hk ∩ C.

•Run the simulation at sampled scenarios.

•Choose the new optimal scenario.

•k = k + 1.

•Return to the start.

• - Scenarios in 1st iteration � - Scenarios in 2nd iteration
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