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A The proof of the Proposition 4.1

With the Dirichlet(α = 1) prior and the categorical likelihood, the posterior is Dirichlet(α′) with
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In order to compute (1) analytically, it is sufficient to derive the general analytical form of
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Equation (3) can be calculated analytically with the result in Equation (2). In addition,
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where cij = (τ4[τ2RF (θ) + Σε]
−1)ij . Then
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In order to calculate (4), it is sufficient to show that
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can be calculated analytically using the result in (2) several times.

B An (s, S) inventory problem

In this section, we will focus on an (s, S) inventory problem introduced in Example 1.1. For this

problem, the decision makers need to decide the basic order level s and the order-up-to level S

for a product. The random demand for this product is assumed to follow exp(λ). We adopt the

analytical form f(s, S,λ) = 1
λ + [100 + s − 1

λ + 0.5λ(S2 − s2) + 101
λ e
−λs]/[1 + λ(S − s)] as the

expected cost function (Jalali et al., 2017). In Jalali et al. (2017), they assumed that true input

parameter is known (λ = 0.0002), and solved the problem mins,S f(s, S, 0.0002) via GP-based

optimization algorithms. Here we consider the case where the true value of λ is unknown, and

we have h historical demand data: ξ1, · · · , ξh
i.i.d.∼ exp(λ = 0.0002). We use the non-informative

Jeffreys prior for λ, then the posterior distribution for λ is Gamma(h,
∑h

i=1 ξi). The objective

function is g(s, S) = Eλ[f(s, S,λ)]. The same algorithms in Section 5 are applied under the four

scenarios with light (heavy) stochastic noise level and low (high) input uncertainty level. For this

problem, we assume 100 and 10000 observations of real world data are available for high and low

input uncertainty case respectively. The box-plots of GAP are shown in Figure 1.

Similar to the results from Section 5, all the algorithms perform similar with low input uncer-

tainty. When input uncertainty is high, algorithms with PI perform very poorly while the algorithms

with IMSE perform best. Algorithms with IMSE can be more advantageous over algorithms with
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Light noise, Low input uncertainty Heavy noise, Low input uncertainty

Light noise, High input uncertainty Heavy noise, High input uncertainty

Figure 1: GAP for (s, S) problem for different algorithms. The bold lines inside the boxes are the
median values; the edges of the boxes are the 25th and 75th percentiles

PI when solving more realistic problems as it will be hard to measure the level of input uncertainty.

C A correlated input parameter problem

In this section, we consider a 2-dim correlated input parameter problem using the Ackley-3 function.

Specifically, we choose one of variable of the function to be the 1-dim design parameter x, and

treat another two variables as the 2-dim input parameter λ = [λ1, λ2]T with the form: f(x,λ) =

−20 exp

{
−0.2

√
1
3

(
x̃2 + λ̃2

1 + λ̃2
2

)}
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{
1
3

[
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]}
+ 20 + exp(1),

where x̃ = 10x, λ̃1 = 10λ1, λ̃2 = 10λ2, x ∈ [−3, 3]. We assume the real world data ξ1, · · · , ξh
i.i.d.∼

N(λ1, λ2), where λ1 is the unknown mean and λ2 is the unknown variance. The true value of λ1 is

1 and true value of λ2 is 1. We use the non-informative Jeffreys prior for the unknown mean and

unknown variance: P (λ1, λ2) ∝ 1/λ2. Then the posterior is Normal-Inverse-Gamma distribution

and direct sampling from the posterior is possible. The same algorithms in Section 5 are applied

under the four scenarios with light (heavy) stochastic noise level and low (high) input uncertainty

level. For this problem, we assume 10 and 100 observations of real world data are available for high
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Light noise, Low input uncertainty Heavy noise, Low input uncertainty

Light noise, High input uncertainty Heavy noise, High input uncertainty

Figure 2: GAP for the correlated input parameter problem for different algorithms. The bold lines
inside the boxes are the median values; the edges of the boxes are the 25th and 75th percentiles

and low input uncertainty case respectively. The box-plots of GAP are shown in Figure 2.

The figure shows that with high input uncertainty, the algorithms with PI perform worse than

algorithms with input uncertainty, and the algorithms with IMSE perform consistently much better

than algorithms with DI and RA with the correlated input parameter problem. This may be due to

that, in the correlated case, the DI and RA will tend to evaluate the region where the joint density

of the different dimensions of the input parameter is high and not be able to cover the whole region.

In general, the results for the correlated input parameter are similar to the results in Section 5.
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