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N BAYESIAN MULTI-OBJECTIVE OPTIMIZATION
WITH NOISY EVALUATIONS

PROPOSED APPROACH

 Replace the multi-objective problem by the minimization of
a single augmented Tchebycheff function [KNOOG]:

1. CONTEXT

 Multi-objective optimization of the parameters of
a planning strategy for the multi-year planning of the  X; €X

S . 1 x -
electricity o!lstrlbutlon grid [DQTlS] | | o f(x) = m]ax[a)jfj ()| + pz w;fi(x), Z wi=1,p>0
o A stochastic black box provides noisy evaluation Black j J
results of the objective functions f, ..., f;, defined Box At each iteration, generate random weights w; and apply
on a discrete search domain X c R4 ” { 7 this function to the n previous observations:
i1 =21 4iq

 Previous n evaluations at X = (X4, ..., X,;) assumed: 5 [ P ] N P 1
= 7, = fi(X) + ¢ 7. = f.(X)) + & = MaX| el TP g Qs b= Lol
1,1 1\ ,1) »#~1,q q\“*i l1,q 7
where ¢; ;s are zero-mean random variables « Assume a homoscedastic Gaussian noise model and fit to

2 OBJECTIVE /= (,..,Z,) a Gaussian Process model ¢, with

parameters estimated by maximum likelihood

Estimate the Pareto-optimal solutions (or Pareto set I') of « We use the Knowledge Gradient (KG) criterion [FRAQ9] to
the problem: select new point X,,,, based on previous observations. The
x* = argr;leiyrglfl(X), ooy Jq () idea is to identify a point that is expected to reduce the
Defined as: minimum of the posterior mean of £
'={x € X;Ax' € Xsuchthat f(x') < f(x)} Xn4+q1 = argmax KG (x)

where < stands for the Pareto domination rule: XEX

with:
Vi <q,y; <y;

2 < 600 = iy B 5] E iy B <2

where Z,, , denotes a new observation of &, at x

y = (yl, ...,yq) <y = (y’l, ...,y’q) &

fa(x) 4
"  Update the model with new observation and iterate until
" ' lllustration of the Pareto stopping criterion is met
' domination rule
Y1
ys - V1,2, Y3 are non-dominated points 4 NUMERICAL EXPERI MENTS
vs - ¥4 1S Only dominated by y, « Compare the proposed approach (PA) with random
- ¥s IS only dominated by y; selection of points in a bi-dimensional bi-objective problem
- V¢ IS dominated by all other points .
- « Compare use of batches of 1, 4 or 10 evaluations
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® Defl ne a p rO b ab I I I St I C m O d eI fOr Kriging prediction based on noiseless cbservations |
each f conditional on previous — i L
observations ) Sty |
: : : % sl
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PARETO-OPTIMAL ESTIMATES
Built from the estimates of f

Comparison between true and estimated Pareto fronts
; 0.84
Posterior mean of the model of f ’

Model estimations
Pareto front estimation
True Pareto front
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9.5 . Sl Evaluations Evaluations

N Average performance results over 100 simulations for four optimization approaches: random approach
0.76 (red) and the proposed approach with batches of 1 (black), 4 (blue) or 10 (magenta) evaluations.
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5. OPEN QUESTIONS

e ‘Ideal’ batch of evaluations?
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« Performance comparison of the proposed approach to
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