N
N

N

HAL

open science

Nonlinear optimization of mixed continuous and discrete
variables for black-box simulators
Thi Thoi Tran

» To cite this version:

Thi Thoi Tran. Nonlinear optimization of mixed continuous and discrete variables for black-box

simulators. [Research Report] IFP Energies Nouvelles. 2020. hal-02511841

HAL Id: hal-02511841
https://ifp.hal.science/hal-02511841
Submitted on 19 Mar 2020

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://ifp.hal.science/hal-02511841
https://hal.archives-ouvertes.fr

ENAC <

~
EcoLE NATIONALE DE L'AVIATION CIVILE \b SAF RAN

Ecole Doctorale n° 475
Mathématiques, Informatique, Télécommunications de Toulouse

Nonlinear optimization of mixed

continuous and discrete variables

for black-box simulators

Submitted by
Thi Thoi TRAN

PH.D. MID-TERM EVALUATION

on

MARCH 05, 2020

based on a work conducted at
'ﬁ: €Energies
l nouvelles

under the supervision of
Marcel MONGEAU
Delphine SINOQUET
Sébastien DA VEIGA

Professeur, ENAC, Directeur de these
Ingénieur de recherche, IFPEN, Promotrice
Ingénieur de recherche, Safran Tech, Promoteur






Contents

Introduction
Notation and reminders

Design of turbine blades for helicopter engine application
3.1 Application context . . . . . . ..o
3.2 Reduced Order Model (ROM) . . . . . ... ... .

Derivative-free optimization

4.1 Trust-region framework basics . . . . . . . ... Lo oo

4.2 Derivative-free trust region methods for continuous problems . . ... ... ...
4.2.1 Geometry of the interpolationset . . . . . . .. .. .. ...
4.2.2 Fully linear and fully quadratic models . . . . . . .. ... ... ... ...
4.2.3 Building the trust region model . . . . . . . ..o oo
4.2.4 Model improvement . . . . ... ...

4.3 Derivative free trust region method for mixed binary variables. . . . . . . . . ..
4.3.1 The trust region subproblems . . . . . . . ... .. Lo oL
4.3.2 Stopping criteria and convergence results . . . .. ... ... ...

An adapted distance for cyclic binary problems

5.1 Necklace context . . . . . . . . . . e
5.1.1 Concept of "Necklace” and associated distances . . . . . . . ... ... ..
5.1.2 Survey of "necklace” distances . . . . . . . ... ... ...

5.2 Necklace distance adapted to DFO . . . . . . . ... ... ... ... .......
5.2.1 Distance formulation and its properties . . . . ... .. ... ... ...
5.2.2 Observations about necklace distance imply to simplified simulations . . .
5.2.3 Reformulation of QP problems with necklace distance . . . ... ... ..
5.2.4  Fully linear property of the perturbed model . . . . . . .. .. ... ...

Application of DFOb-TR on mixed binary cyclic problems

6.1 DFODb in action with one given example . . . . . . .. .. .. ...

6.2 Methodology for method comparison . . . . . . . ... ... ... ... ...
6.2.1 Initial design of experiments. . . . . . . ... ... ...
6.2.2 Compared methods. . . . . . . . .. ...
6.2.3 Evaluation methodology . . . . . . . . . ... ... oL

6.3 Benchmark functions . . . . . . . .. L Lo oL

6.4 Toy problem closed to SAFRAN’s application . . . . . .. ... ... .......

EN{

11
11
12
13
15
16
17
19
23
24

27
27
27
28
30
30
32
33
36



ii Contents

6.5 Safran’s application . . . . . . . .. L 50
7 Conclusion and perspectives 55
A Toy problem 61
B Fundamental theorem of calculus 65
C Benchmark functions 67
C.1 Luksan and Vlcek (2000) benchmark . . . . . ... ... ... ... ... ... . 67
C.2 Hock and Schittkowski benchmark . . . . . .. ... ... ... .......... 69
C.3 Dixon—Szegd benchmark . . . . . . . . ... L oL 70
C.4 GLOBALLIB benchmark . . .. .. .. .. .. . . ... .. 71
C.5 MINLPLib2 benchmark . . . . . . . ... ... ... .. .. ... ... 72

Bibliography 73



Abstract

Black-box Mixed-integer Nonlinear Problems (MINLP) are optimization problems whose vari-
ables can take integer (or discrete) and continuous values, and the objective function (and
possibly constraints) are performed as output of ”black-box” simulations. Generally, black-box
MINLP optimization problems are considered as particularly complex problems due to the com-
binatorial aspect and the lack of information about the cost function and the constraints.

In recent years, there has been a considerable amount of real industrial applications that in-
volve mixed variables and time-consuming simulators, e.g., at Safran Tech and IFPEN, optimal
designs of engine turbine in aircraft, of mooring lines of offshore wind turbines, of electric en-
gine stators and rotors,. .. In these nonlinear optimization problems, derivatives of the objective
function (and, possibly of the constraints) are not available and cannot be directly approxi-
mated. Another difficulty is that minimization of the cost involves complex variables, a varying
number of components (integer variables), different materials (categorical variables, usually non-
ordered), the presence or not of some components (binary variables) and continuous variables
describing dimensions/characteristics of the structure pieces.

On this type of applications, even if the cost function can be relatively simple (e.g., sim-
ple relationship between the parameters to be optimized and the cost of the structure), some
physical constraints are introduced to satisfy accurate specifications (reliability, operating, di-
mensioning constraints ...). These constraints often result from complex computations of a
numerical simulator. It thus leads to an optimization problem involving one or more simulators
that are often computationally expensive ”black-box” (from closed commercial software or too
complex simulator for a possible extraction of any information on the optimization variables).

In this work, we focus on derivative free optimization methods (DFO) [7,15]. Among DFO
methods, we consider two families: direct search methods (e.g., pattern search or Nelder Mead
simplex) and surrogate optimization methods, especially trust-region methods based on simple
interpolating or regression models (linear or quadratic). Convergence results to local minima are
proved for such method but require adaptations to converge to a global optimal solution (e.g.,
a multi-start approach with several initial points). The direct search methods require a large
number of simulations, whereas the methods of the second family are generally more eflicient
to converge to a local solution. The methods of the two families should be extended to mixed
continuous and discrete variables constrained optimization (simple constraints and black-box
constraints) in order to address the presented applications.

Keywords: Mixed integer non-linear programming, derivative free optimization,
black-box simulation, necklace distance
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Chapter 1

Introduction

Subject of the study

The optimization problem we first address is in the form of a Mixed Binary Non-linear Pro-
gramming (MBNLP):
min fy(z, y)

z € [zt 2],y € {0,1}" (1.1)
g(z,y) <0
gb(xvy) S 07

where the objective function f; and the constraints functions ¢, are outputs of ”black-box”
simulator, and g are given explicitly.

This report is concerned with problems with a ”black-box” functions f3, g, : R™ — R with the
two following characteristics

1. The derivatives V f3, Vgp are not available, we only have access to the function values,

2. It is computationally expensive to evaluate the functions f; and gp.

These problems are in general NP-hard and difficult to solve. MINLP or MBNLP are typi-
cally solved by branch and bound methods or meta-heuristic algorithms. It is generally mean-
ingless to use relaxation techniques for discrete variables (e.g., for categorical variables). In most
cases, the problem is not convex and the simulator cannot evaluate the black-box functions at
fractional values of the discrete variables. In addition, the feasible set can be very thin and thus
finding a feasible point becomes very difficult.

Derivative free methods dedicated to mixed continuous and discrete variables (with and with-
out constraints) have been studied in the literature, in which we can point out some prominent
articles, [4,6,33,34]. Some well-known methods are for example pattern search methods, mesh
adaptive direct search, filter pattern search methods, etc. One main idea is to alternatively
do a continuous poll with the discrete variables held fixed, a discrete poll with the continuous
variables held fixed and an extended poll in mixed domain. The extended poll step performs a
continuous poll around each point found during the discrete poll whose objective function value
lies within some user defined threshold of the best known objective value encountered so far.

Another class of methods, trust region methods, are described in [15]. In this book, the
authors prove the local convergence based on the geometry of the interpolation set.

In this study, we focus on adapting DFO trust-region method to a black-box MIMLP appli-
cation coming from Safran, more precisely, the optimization of blade shapes of engine turbines in

3



4 Chapter 1. Introduction

aircraft, and arranging optimally these optimal shapes on the disk of the turbine. The values of
the objective function are computed by black-box mechanical simulators which can cost several
hours of computation or even more. Therefore, the priority is not only to find a 'good’ solution,
but also to save simulations.

Structure of the report

We begin in Chapter 2 by introducing notations and reminding some necessary mathematical
background. We also present the application from the aeronautics industry that motivates
our study. In Chapter 3, an overview of trust-region methods and derivative-free trust-region
methods are presented. In particular, we emphasize some important remarks about the model
requirements based on the geometry of the interpolation set. We also show how to deal with the
binary variables in this method. Chapter 4 focuses on the adaptation of the algorithm to the
application: we introduce the concept of necklace from the combinatorics literature and propose
an adapted distance for this type of variable configuration. The convergence properties of the
adapted method are also developed. The first numerical results are given in the Chapter 5 for
benchmark functions and for Safran’s application. The last chapter discuss the conclusions and
present perspectives.



Chapter 2

Notation and reminders

We begin by introducing the notations used in this report: vector and matrix norms, condition
number, quadratic programming and mixed integer quadratic programming.

Vector and matrix norms

For a vector x € R™ p—norms (p > 1) are given by

n 1
lall, = (D lil?)".
=1

and the co—norm by

] = max i

Similarly, we define the p—norm of matrices. Let A = (aj;j)mxn be a m x n matrix. The p—
norms, p > 1, are defined by

[Az|lp
| Allp = sup
P z#0 Hpr ’

the co—norm by
n
IA]loo = max " |asl,
7 =

and the Frobenius norm by

n n
2
ZZ%"

i=1 j=1

1AllF =

Besides satisfying the three norm properties(positive definite, scalar multiply, triangle inequal-
ity), they also satisfy the ”submultiplicative” property

IABI[ < [lA[]IBII

There are several useful inequalities for matrix norms, namely

1
— < < < <
\/MHAHl < [|Allz < [[Allr < Vn[All2 < n|All,

and for vector norms
[lso < [I-ll2 < V7l -[Joo-

5



6 Chapter 2. Notation and reminders

Conditioning

One of the most important properties we use to study a matrix is its condition number which
gives us the information as to whether a matrix is ill-conditioned or well-conditioned. The
condition number of a n X n non-singular matrix A is given by

X(A) = [A]| AT,

which depends on the chosen norm. The value of the condition number has a large impact on the
difficulty of solving a linear system: the system is easier to solve if its condition number is small
(ideally x(A) equal to 1) and it becomes difficult or unsolvable if the condition number is going
to infinity. In particular, even a small perturbation in the right-hand side of a linear of equations
can yield to an enormous change in the solution of this when the matrix is ill-conditioned. If
the matrix A is symmetric, there is another way to see the condition number, which is

X(A) _ maxlgign |Oél|

minlgign ’(XZ’ ’

where a7, ..., a, are the eigenvalues of A.

Quadratic programming and mixed integer quadratic program-
ming

Quadratic programming (QP)

Quadratic programming is widely studied in the literature as it is often a subproblem for opti-
mization algorithms. An optimization problem with a quadratic objective function and linear
constraints is called a quadratic program, which can be stated as

1
min ixTHx + ng
X
a;fF:L‘ =b;, 1€ E,
aiTa: >b;, 1€,

where H is a symmetric matrix, & and J are index sets associated with equality and inequality
constraints. If the Hessian H is semi positive definite (SDP), the problem is said to be a convex
QP, otherwise it is a non-convex problem. Solving non-convex problems is more challenging
than solving convex problems as non-convex QPs are NP-hard problems. We can solve QP by
using Interior-Point Methods or Active set methods, see [39].

Mixed Integer Quadratic Programming (MIQP)
MIQP is in the form of
min f(x, z),
x,z
reR™ ze€Z", (2.1)
g(x,z) <0.
where f, and g are quadratic and linear functions, respectively. To solve MIQP, the most

common class of methods is Branch-and-bound algorithms and their extended versions, such as
spatial branch-and-bound, branch-and-reduce, o branch-and-bound (for details see [13,43]).



Chapter 3

Design of turbine blades for
helicopter engine application

In this thesis, one of the motivating applications is the optimal design of the turbine blades of
helicopter engine. The objective is to maximize the compressor efficiency under some stability
constraints (minimal vibrations). This involves very expensive mechanical simulations (solid
and fluid mechanics), typically, involving computer runs of the the order of several hours for
evaluating one design configuration set. Some continuous parameters describe the blade shapes,
e.g., the thickness, length ... of the blades, and binary variables locate the different types of
blade geometries that are considered. This problem thus falls into the MINLP class.

This chapter distributes as follows: first, we introduce Safran’s application context, then we
describe the idea of reduced order model which is used in practice.

3.1 Application context

Motivation

Air traffic is one of the most important means of transport nowadays, especially in Europe.
There are around 8000 daily flights. Moreover, the amount of people travelling by airplane
increases every year by around 5 %. Air traffic is associated with very high costs of fuel [2, 3],
and also with a huge budget for the maintenance and manufacturing of the new engines. Table
3.1 shows the fuel consumption for aircraft: if we can reduce of 0.5% the amount of fuel, we
can gain around 410 million US § per year. Therefore, reducing fuel consumption (by increasing
engine efficiency) and maintenance costs (by decreasing vibrations) are two major concerns of
the aeronautics industry.

Table 3.1: Illustration of fuel consummation for aircraft

World fuel consumption (litres) | Corresponding price (US §)
~ 240.10"* - 83.10”
0.5% | 410.10° |
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Turbomachines

There are several ways to optimize the costs in aviation: through optimizing trajectories, ar-
rangements of passengers (through design of seat arrangement), cargo-storage, etc. Our study
concentrates on optimizing the design of turbomachines by maximizing the efficiency (compres-
sor) and by minimizing vibrations. Turbomachines or gas turbines are complex systems that
are used in the aerospace, automotive and power generation industries. Blades are important
components that allow the exchange of energy with the flow, Figure (3.1). During the opera-
tion of the turbomachine, vibrations occur, mainly due to the excitation by modification of the
aerodynamic flow and also resulting from a coupling between the flow and the movement of the
blades [37].

Disk

Turbomachine

Figure 3.1: Illustration of a turbomachine from [37]

In the concrete application proposed by SAFRAN, the main idea is to optimize the so-called
tuning and mistuning blade shapes in engine turbine and to find the optimal distribution of the
resulting two shapes on the disk. The continuous variables are shape parameters such as the
thickness of the axis length of the blades. A binary variable is associated to each blade: it takes
value 0 for the reference shape, and value 1 for the other pre-defined shape (mistuning shape).
Binary variables are used to locate these reference blade shapes on the disk, Figure (3.2).

(b)

(a) (b)

Figure 3.2: An example of blade configurations for two different shapes from [37]

Remark that the cyclic symmetry property of the problem yields to a huge number of re-
dundant arrangements (see Tables 3.2). Due to the high cost of evaluating the simulations, we
do not want to recompute equivalent (rotated) configurations.

In the next subsection we present the Reduced Order Model (ROM) which is used in practice
to reduce the computational cost of optimization for such highly combinatorial problems.



3.2. Reduced Order Model (ROM)

Table 3.2: Number of distinct solutions for n blades. [37]

Total number of | Number of distinct | Total number of
blades on the disk arrangements arrangements
2 3 2
3 4 3
6 14 64
12 352 4096
20 52488 1048576

3.2 Reduced Order Model (ROM)

Two blade disks that differ only by a rotation of the pattern around the disk lead to the same
value of the forced response on the disk. Such arrangements should obviously be considered
as a same solution. Note that when the number of blades is increasing, the number of such
equivalent solutions rapidly increases (Table 3.2).

For an instance of our probleng involving n blades, we can roughly approximate the num-

ber of distinct arrangements by —. Reducing these redundancies will significantly reduce the

combinatorial complexity of the optimization problem and, consequently the computational cost
of the envisaged optimization approach. Therefore, the methodology based on reduced-order
modeling method is proposed.

Suppose we have two types of blades, A and B, that need to be located at n locations on the
disk. In [49], the authors present a physical discussion about the problem of redundancy: in the
presence of strong coupling, i.e., if there are few switches or if there exists a series of groupings
of two consecutive blades of the form AA or BB (e.g., TB5A), the vibration responses between
blades tend to be globally uniform at the wheel. While, in the case of low coupling, i.e., if there
are many switches or if the basic grouping forming the pattern are no longer AA and BB but
rather AB and BA (e.g., 1A1B2A2B, the responses tend to be located on some blade neighbors.

Following the previous comments about inter-blade coupling level, if the optimal distribu-
tion presents few alternations of the two different shapes, it can be roughly reconstructed by
a distribution of patterns AA or BB. On the other hand, if the optimal distribution presents
many alternations of the two different shapes, we use patterns AB or BA. In both cases, the
idea is to consider the distribution by groups of two blades in view of obtaining a model of
lower dimension. Indeed, the idea of ROMT is to consider n/2 sectors of two blades with two
possibilities for each sector. We group either patterns AA and BB if there are few switches
(high coupling) or AB and BA in case there are many switches (low coupling). For illustration,
a disk with 10 blades consists of 108 distinct distributions of two types of blades, whereas ROM
leads to a problem of a disk with 5 sectors and only 8 distinct distributions.

The ROM optimization methodology consists of two main steps. It first optimizes in the
two reduced spaces ( for patterns AA/BB and then for patterns AB/BA considering on sectors
of 2 blades) to provide initial guesses.Then, a local search limited to one flip from these initial
guesses provides ”local” solutions to the original problem.

ROM reduces the size of discrete space, which tends to reduce the computations in each
sub-problem. A disadvantage however is that it removes a large number of possibilities which
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AA

Figure 3.3: Illustration of a case with 23 blades with patterns AA — BB, from [37]

will not be explored. For instance, for the problem involving n = 12 blades, ROM removes 324
(each subproblem keeps 14 distinct solutions) in over 352 distinct solutions. This motivates our
study to look for another method to address the above-mentioned cyclic symmetry property
while ensuring that all the distinct arrangements are considered. In Chapter 5, we will propose
an adapted method for this type of problem.



Chapter 4

Derivative-free optimization

In this chapter, we address the unconstrained problem of the form

{ min f(x,y)
T,y

x7€ [zF, 2Y],y € {0,1}" (4.1)

where z € R™,y € {0,1}" are continuous and binary variables, respectively. The objective
function f is the output of a ”black-box” numerical simulator. We further assume that f is
smooth and bounded from below to guarantee convergence of the algorithm, see ( [7,15]). We
also assume that derivatives of f are unavailable. Derivative-free methods can be classified as
direct search methods (pattern search methods, simplex search methods ...) and model-based
methods (derivative free trust-region methods, surrogate optimization methods). In this report,
we focus on derivative free trust region method.

We now begin with the useful background on trust-region framework basics. We first outline
derivative-free trust-region methods and then discuss their extension to mixed binary problems.

4.1 Trust-region framework basics

We begin by providing a review of the trust-region framework for continuous optimization when
derivatives of f are available, see [39] for details. In trust-region methods, at each iteration
k, we build a quadratic model mj around the current iterate x;. This model is assumed to
approximate the objective function sufficiently well in a neighbourhood of center x; called the
trust region, which is defined based on the center and radius pair (xg, Ag > 0)

The trust region norm ||.||x can be taken from the standard 2—norm ||.||2. To find the value of
the next iterate xyy1, we solve a quadratic sub-problem of the form

min  mg(xk + S), 4.2
s€B(0,A) (@ + ) (4.2)

1
where my(zp + s) = f(zx) + g,:fs + isTHks, gk is the gradient of f at x, Hy is a symmet-
ric approximation of the Hessian of f at zp. The approximate solution s; should satisfy the
condition

19w Ik
2

Kd .
mg(xk) — mi(zr + sk) > =gk ||x min{ AT

11



12 Chapter 4. Derivative-free optimization

where rg € (0,1] is a constant.

Taylor’s theorem ensures the existence of a trust region that ensures previous condition, but
does not give its precise size. Therefore, updating and adjusting the trust region radius after
each iteration is necessary. Given an approximate solution sy of (4.2), the trust region radius is
updated depending on the ratio of actual improvement and predicted improvement

fxr) — fzr + 1)

mk(a:k) — mk(azk + Sk) ’

Pk =

If the model reduction matches well the actual reduction of the objective function (when p >
0 and «~ 1), the candidate s is accepted and the trust region radius is possibly increased.
Otherwise, the candidate is rejected and the trust region radius is decreased. We run the loop
until convergence criteria on minimal gradient norm and minimal trust region radius are reached.

Algorithm 1: Derivative based trust region algorithm, see [39]
Input: 20,0 < Ap < Apgz, 0 < <1 <71,0< 0 <y <1
0. Initialization. Compute f(z¢), Vf(z0),k =0
1. Model definition. Build quadratic model my in B(xg, Ag)
2. Solve sub-problem (4.2)

s = argmin mg(z + )
SGB(:E/G)A/C)

3. Center update. Compute
f(xg) — f(@g + k)

my(xr) — my(zp + s5x)

Pk =

g+ s, if pp > o,
Tr+1 = .
T, if p < mo.

4. Trust region update

min{’YlAlw Amax} if pr. > m
Apy1 = Ag ifno < pr <,
Q(YAV? if pr < mo-

When the derivatives are not available, we build on interpolation model based on a set of
given simulations (f values). In this case, the model is considered as a valid approximation
of the objective function under some conditions which mainly depend on the geometry of the
interpolation set. If the model does not satisfy these conditions, a new point is added to improve
the accuracy of the model. This is detailed in the next section.

4.2 Derivative-free trust region methods for continuous prob-
lems

The basic idea of DFO trust region methods [15] is to replace the problem, which involves
expensive simulations with no information about the derivatives, by a simpler problem (linear
or quadratic form) for which we have derivatives. Then we minimize the simpler problem using
the idea of classical trust-region method. At each iteration, we solve the sub-problem to find
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the possible candidate for the next iteration. Similarly to derivative based trust region method,
if the model is qualified to valid, by computing the ratio between the actual improvement and
the predicted improvement we will decide to increase, decrease or keep the current trust-region
radius and choose the solution of sub-problem as the new center of trust-region or not. We keep
running the algorithm till the stopping criteria are met, typically when the trust-region and the
norm of gradient of the model are small enough.

The main differences between derivative free and derivative based trust region methods are
listed below:

e the quadratic models are based on a given interpolation set (available simulations),

e the Taylor expansion error bound is replaced by fully linear or fully quadratic model
properties, or model qualification condition.

In the next section, we will focus on the model construction and the necessary properties of
the geometry of the interpolation set to control the error bounds of the models.

4.2.1 Geometry of the interpolation set

Consider a set of sample points given by
X ={a0 2, .. 2P}, o' e R™. (4.3)

where p < (m 4+ 1)(m + 2)/2, we denote p; = p + 1 the number of points of the sample set.

We would like to build a quadratic model m(z) which interpolates points in X. If p; =
(m 4+ 1)(m + 2)/2, the problem (4.1) is a quadratic interpolation problem; if p; > (m + 1)(m + 2)/2,
we have over-determined problems, otherwise it is under-determined. In general, the problem is
under-determined since the simulations are computationally expensive.

Let m(z) denoted the polynomial of degree d (e.g.,d=1,1<pi=m+1 or d=2,m+1<
p1 < (m+1)(m + 2)/2) that interpolates f(z) at the points

m(z) = f(z%), i=0,...,p. (4.4)

Let us consider P%, the space of polynomials of degree < d in R™ and a basis ¢ = {¢o, ¢1, d2, ..., bp}
We can express m(x) as

m(z) =Y aidi(x), (4.5)
=0

where «a;,i = 0,...,p, are coefficients. It is clear that m(z) is determined if the values of
ag,...,q, are determined. From (4.4) and (4.5), the coefficients « are found by solving the
following linear system

bo(t?) ni@?) . opa?) ) \ap)  \s(?)

M(¢, X)a = f(X).
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If the matrix of the system M(¢, X) is non-singular (i.e., has full rank) then the system has
unique solution. In this case, the interpolation set X is said to be poised. Thus, if X is a poised
set, then the interpolating polynomial m(z) exists and is unique. In [15] the authors prove that
if the interpolation set is poised, then the condition number of M (¢, X) does not depend on the
choice of the basis. The condition number of M (qS,X ) can be considered as a measure of the
poisedness of X, where X is a scaled interpolation set (detail in [15])

- 1
X = [zt =2 ... 2P — 20

A

with A = A(X) = max |zt — 20|
<i<p

In practice, we choose the natural basis

1 1 _ 1
{1,z1,22,...,Zm, 51‘%, 122, .. ., mxfn_llxm, mxfn}, (4.7)

Definition 4.1. (Lagrange Polynomials) Given a set of interpolation points X = {20, 21, ... 2P},
a basis of pr = p+ 1 polynomials l;(x),j =0,...,p, in ﬂ’% is called a basis of Lagrange polyno-

mials if
i 1 if i =7,
() = o = {0 fit

If X is poised, then the basis of Lagrange polynomials exists and is unique.

Definition 4.2. (A— poisedness) Let A > 0 and a set B € R™ be given. Let {¢;(x)}}_, be a
basis of P4 A poised set X = {20,z ..., 2P} is said to be A—poised in B if and only if

1. for the basis of Lagrange polynomials associated with x

A > max max |l;(z)],
0<i<p z€B

or, equivalently,

2. for any x € B there exists A(x) € RP' such that

>_Ai(@)o(a) = o(x), with [IA(@)]o < A,

or, equivalently,

3. replacing any points in X by any x € B can increase the volume of the set {p(z?),i =
0,...,p} at most by a factor A, where the volume is defined as

_ Ldet(M (6, )|

vl (6(X)) b

One note that if a set is A1- poisedness then it is also As-poisedness with A1 < Ag, but the
reverse does not hold.
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4.2.2 Fully linear and fully quadratic models

As mentioned before, in trust region methods, the quality of the model approximation should
be controlled just as for Taylor expansion models. To formalize this idea, we introduced the
class of fully linear and fully quadratic model which is detailed in [7,15].
We suppose that xg is given as the initial iterate. We define the level set

L(wo) = {x € R™ : f(2) < f(a0)}.

We do not only consider the objective function f within the level set, but also extend to the
enlarge region

Lenl($0) = L(IL‘()) U UxEL(wo)B(ma Amax) = UxEL(wg)B($a Amaz)-

Assumption 4.3. Suppose xg, Apaz are given. Assume that f is continuously differentiable in
an open domain containing the set Leni(xo) and that V f is Lipschitz continuous on Lep(xo)

Definition 4.4. (Class of fully linear models) Let a function f : R™ — R, that satisfies
Assumption (4.3) , be given. A set of model functions M = {m(x) : R™ — R,m(z) € €'} is
called a fully linear class of models if the following hold:

1. There exist positive constants keg,keg and Vi such that for any x € L(xg) and A €
(0, Ayaz] there exists a model function m(x + s) € M, with Lipschitz continuous gradient
and corresponding Lipschitz constant bounded by vi", and such that

e The error between the gradient of the model and the gradient of the function satisfies
Vf(x +5) — Vm(z + s)|| < KegA, Vs € B(0,A), (4.8)
e the error between the model and the function satisfies
|f(x 4 8) —m(z +5)| < kep A% Vs € B(0,A). (4.9)
Such a model m is called fully linear on B(0,A).

2. For this class M there exists an algorithm which we will call a "model-improvement” al-
gorithm, that in a finite, uniformly bounded (with respect to x and A) number of steps
can

e cither establish that a given model m € M is fully linear on B(xz;A)
e or find a model m € M that is fully linear on B(x;A).

One example to illustrate the notion of fully linear model is the first-order Taylor approxi-
mation of a continuously differentiable locally Lipchitz function, i.e., f € G,

Assumption 4.5. Suppose xg and Apqr are given. Assume that f is twice continuously differ-
entiable in an open domain containing the set Len(xo) and that V2f is Lipchitz continuous on
Lenl(-rO)-

Definition 4.6. (Class of fully quadratic models) Let a function f : R™ — R, that satisfies
Assumption (4.5) , be given. A set of model functions M = {m(x) : R™ — R,m(z) € €?} is
called a fully quadratic class of models if the following hold:
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1. There exist positive constants kef, Keg, ker, and vy* such that for any x € L(xg) and A €
(0, Apnaz] there exists a model function m(x + s) € M, with Lipschitz continuous gradient
and corresponding Lipschitz constant bounded by v3*, and such that

e The error between the Hessian of the model and the Hessian of the function satisfies
|V2f(x + 5) — V2m(z + )| < kenA, Vs € B(0,A), (4.10)
e The error between the gradient of the model and the gradient of the function satisfies
|V f(x+8) — Vm(z + )| < Keg A%, Vs € B(0,A), (4.11)

e the error between the model and the function satisfies
@+ 8) —m(z +5)| < kep A3, Vs € B(0,A). (4.12)

Such a model m is called fully quadratic on B(x;A).

2. For this class M there exists an algorithm which we will call a "model-improvement” al-
gorithm, that in a finite uniformly bounded (with respect to x and A) number of steps
can

o cither establishes that a given model m € M is fully linear on B(z;A)
e or finds a model m € M that is fully linear on B(x;A).

It is clear that the class of fully quadratic models is better than the class of fully linear models
in terms of Taylor-like bounded error, but we will see after that we need more simulations to
build a fully quadratic model.

4.2.3 Building the trust region model

Next, we will indicate how to construct a fully linear (quadratic) model in the particular context
of polynomial interpolation and regression. Note that we only consider DFO problems whose
initial sample set has at least m + 1 points.

In case the number of interpolation points is exactly equal to m + 1.

We build a linear interpolation function Ly (7) := ag + o’z where (ap, a1) is the solution of

1 X] <ZO) = f(X). (4.13)
1

If the interpolation set X is poised then there exists only one linear interpolation model whose

coefficients satisfy (4.13).

When the number of interpolation points is larger than m 4+ 1 points and smaller

(m1)(z +2)
than %

To build the model in this case, we can use a least square regression function Lx (x) with the
same form as in the case of linear interpolation, but (ap, ;) is now the solution of

m

min | > (ag +af 2’ — f(2'))?|. (4.14)

0,01 -
1=0
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We can also use the minimum Frobenius norm interpolation model Mx = ag + o'z + %:ETH T
where (v, «, H) is the solution of the following quadratic optimization problem

ag?;nH)QZZ

i=1 j= 4 , . (4.15)
oo + o $Z+%( )THxl:f(xl)a i:O,...,p,
H=HT.

When the number of interpolation points is exactly w

We build the quadratic interpolation function Mx = ag 4+ o’z + :UTH:U, where (ag, o, H) is
the unique solution of

1 . .
ap+ otz + E(xZ)THx’ = f(z"), i=0,...,p. (4.16)

One note that the quadratic interpolation is fully quadratic if X is poised. Comparing with the
linear interpolation, the error bounds of quadratic interpolation are tighter, and the function
Mx provides both approximations of gradient and Hessian. Therefore, in term of iterations,
quadratic interpolation can converge much faster, but it requires over-determined problem.
When the number of interpolation points is larger than (mﬂéw

In this case, we use regression to build the model as in the case where we have more than m + 1
points for linear models.

To guarantee the fully linear (or fully quadratic) property of a model, we first have to check that
the interpolation set is poised. If the sample set is not poised we need to improve its poisedness,
as explained in the next section.

4.2.4 Model improvement

It is essential to check and improve the model during the optimization iterations. Firstly, we
need to "improve ” the sample set to ensure its poisedness. In [15], the authors give two main
ways to improve the sample set: one based on the Lagrange polynomials and one based on LU
factorization. In our study, we focus on LU factorization to improve the model. Model improve-
ment algorithm is applied before each model update.
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Algorithm 2: Improving poisedness of X via LU factorization, see [15]

0. Initialization

Initialize the pivot polynomial basis with some basis, e.g., the monomial basis (4.7),
ui(x) = ¢i(x),i=0,...,p. Select pivot threshold & > 0.

For:=0,...,p

1. Point selection: If found j;, i.e., |u;(2%)| > &, swap x% and z¢, otherwise, recompute

as '
z' € argmax |u;(x)],
reEB
stop if |u;(z?)| < €.
2. Gaussian elimination: For j =7+ 1,...,p
uj(a')
uj(z) <= uj(z) — Wui(ﬂf)

To illustrate the algorithm, we consider an example with a given initial set Xy and three
iterations of the improvement algorithm X7, X5 and X3: (see Figure 4.1)

0 0 0 0
01 0 0.6 0.1
05 0 0 0.7
Xo="to6 01" = o5 o |’
0 0.3 01 0
0 0.7 —0.7 —0.7
0 0 07 0
—0.7  —0.7 0.9899 —0.9899
0 0.7 —0.7  —0.7
X=1 06 0.1 X3 = 0 0.7
0.1 0 0.6 0.1
0.9899 —0.9899 —1.4 1.4

Another way to improve the model is to use Lagrange polynomials. In [41] they use the
definition of A = maxp<i<p maxzep |l;(x)| and maintain the sample set X by choosing a point
entering or leaving the set X so that the value of A is reduced. To do that the farthest point
from the center of trust region is removed, i.e., the point of X associated with the largest value
of Lagrange polynomials in absolute value.

Convergence results:

The derivative free trust region method is a local method. The local convergence for contin-
uous problems is proven in [15]. The validity of the convergence of our model is based on the
fully linear or fully quadratic property in definition (4.4), which is guaranteed by the poisedness
of the interpolation set. Besides, the model must satisfy inequality (10.10) in [15]

v (i)l

aAk:)a
|| H |

K .
Yk, my(xg) — mi(xg + sk) > §|\mG(xk)|| min(
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2 2
1 1
O O
O
0 @ & 0 @ &
(@)
-1 -1
2 -1 0 1 -2 -1 0 1
2 2
(@]
1 1
O O
0 (¢3) o 0 0 (@]
(e} (@]
1 o -1 O
2 -1 0 1 -2 -1 0 1

Figure 4.1: Improvement of the interpolation set via LU factorization

for some constant x € (0,1). The first order critical point convergence is shown in lemma (10.8)
in [15]
li v =0.
L [V (@)

4.3 Derivative free trust region method for mixed binary vari-
ables

In this section, we focus on extending derivative free methods for continuous optimization to
mixed binary variables. We introduce binary variables y € {0,1}". The variables are extended
from z to z = (z,y),x € R™ y € {0,1}". By adding binary variables, the notation of the
interpolation set becomes

Z={20 2. . 2P}, z € R™ x {0,1}"™

The classification of problems based on the value of p is kept, but with dimension m + n
(for mixed continuous and binary) instead of m (for continuous). We keep all the notations and
definitions from before, but with mixed binary z = (x,y) variables. Let us remark that when we
deal with binary variables, in the natural basis ¢i(2),...,¢,(2) we omit the quadratic binary
terms due to the fact that y? = y;:

1
2
The proof of maintaining A—poised sample sets via a finite algorithm is mentioned in an ex-
tension of trust region method to binary variables of A.Conn, [14]. We recall the proof in the

L o

z3 ..., 3%mo -+ Tigs oo Tilljs - yTmYnt.  (4.17)

(25(2’) = {1,1:1,372, s Tmy Y1,Y25 - - -3 Yn,

following lemma.
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Lemma 4.7. Let v'¢(z) be a quadratic polynomial of degree at most d, where ¢(2) is defined
above and ||v||c = 1. Then, there exists a constant oo, > 0 independent of v such that

T > 0. 4.18
zeB?Si’)fyema'U #(2)| > 0o (4.18)

1
Ford=1,00 > 1 and ford = 2,0, > T where B(xy, Ay) is the ball centered at xj with radius
Ay and B indicates binary.

Proof. We first show that such constant 0., exists. Let us consider

_ T
vy = max 7o(2)] (4.19)

We see that ¢(v) is a norm in the space of vector v. By using the norm relation in equation (2),
we obtain the demonstration with the choice of oo, as follows

0o = min (v). (4.20)

[olloo=1

Thus, if v has loo—norm one then ¥ (v) > 0 and there exits a continuous vector z € B(0,1)
nad binary y € B such that [vT¢(2)] > 0.

1
We demonstrate for two cases: for d = 1,0, > 1 and d = 2,05, > 1
For d = 1, we have the natural polynomial basis of degree one is
QS(Z) = [1,%1,.’1327 L )xmvylu y2) sy yn]T
Let u = [v1,va, ..., Ume1]? and w = [Uma2, Vmass - - - Umans1]’ . Therefore, 1(v) becomes max  |vy+
z€B(0,1),yeB
U

u”z 4+ w’'y| which reach the optimal value at 2 = —— and ¥ are chosen as

I
y; = 1, ifvi+m+1 > 0,
y; = 0, otherwise,
or x = - and
[
yi = Lifviymer <0,
y; = 0, otherwise.

Thus, the optimal value of ¥ (v) is |vi| + [|u]| + > |vitm+1| > 1. We finish the proof of the first

yi 70
case.

For d = 2: the natural polynomial basis of degree 2 is given as

1
2

L o

2
xl,...,imm,...,a;ia;j,...,xiyj,...,xmyn}.

¢(Z) = {17x17x2a s Ty Y1,Y25 - - -5 Yn,

Since ||v||cc = 1, by the definition of lj;r—norm, there exits ¢ : |v;] = 1. Thus, one of
the coefficients of the polynomial ¢(z) = quS(z) is equal 1,—1 (corresponding to linear part

in the basis 1,21,...,%m,Y1,...,Yn) OF 373 (corresponding to quadratic part in the basis
1
%x%,...,53;%“...,xixj,...,a:iyj,...,xmyn).
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1
Let us consider only the cases where one of the coefficients of ¢(z) is 1 or 3 (the case —1 or

1 would be analyzed similarly).

The largest coefficient in absolute value in v corresponds to a term which either a constant
term, a linear term x; or y;, a quadratic term %w? or x;x; or x;y;. Let us restrict all variables
that do not appear in this term to zero. We will show that the maximum absolute value of ¢(z)
is at least 1 by considering 6 cases of different terms that correspond to the largest coefficient.
In each case we will evaluate ¢(z) at several points in the unit ball and show that at least at one

of these points |q(z)| > T

=

e ¢(z) = 1: it implies directly |g(z)| >

1
o q(z) =x; + 50&1‘22 + ¢: in this case we have

a(1) =1+ 5 +6,

a(-1) = ~1+5 +3,

It 5 +6 <0 —> lg(~1)| > 1, otherwise, if 7+ >0 — [g(1)| > 1.

1 1 -1 1
o ¢(z) =y; +0: if |§] > 1 then |q(z,0)| = |0] > 1 Otherwise 7 < J < 1 then |q(z,1)| =
3
1+46] > —.
140> 0

1
e q(2) = ixf + ax; + 0: in this case we have:

1
o) =5 —a+s

1 1
It is satisfied directly if one of the inequalities |¢(1)] > - or |¢(—1)] > 1 hold . In

4
1 1
both cases |¢(1)] < 1 and |¢(—1)] < 1 hold, then, by adding these inequalities, we have
-1 1 -1 -1
5 <14+28< 3 implies that 8 < R and also we have ¢(0) = 8 < R thus, we have
1
0)] > —.
|a(0)] >

1 1
o ¢(2) =zixj+ iax? + 55:6']2 +yz; ++0z; + e in this case, we consider ¢(z) at four points
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( 1 1 ) ( 1 —1) <—1 1 ) <—1 —1) o have
= \77= =) = ) = \—7= =) =l 7= =) W Vi
RN Y L BV Lot BN VG LNV MV
a+ 1 +9
CI(PI) 4/8 54’%4‘6
a+ 1 —0
Q(pQ): 46_2+’y\/§+67
a+p 1 ~v-=6
q(p3) = 1 _5—74'67
a+ 1 + 6
Q(p4): 45+27\/§+67

As a result, we obtain ¢(p1) —q(p2) = 1426 and q(p3) —q(ps) = —1+24. If 6 <0, we have

—1
q(p1) — q(pz) > 1. We divide in two cases: if |¢(p1)] <3 then ¢(p2) < - it implies that
1 -1
lg(p2)| > —. Otherwise, 6 > 0, q(p3s) — q(ps) < —1. Thus if |g(ps)| < , then ¢(py) < -
1
q(2) = ziy; + —ax? + Bx; + yy; + 0: in this case, we evaluate g(z) at six points with the

evaluation as follows

q(0,0) =4,

q(0,1) =~ +

a(1,0) = §+ﬁ+q(0,0>,
a(~1,0) = 5 — B+4(0,0),
a(L,1) = 5+ (1+8) +4(0,1),
a(—1,1) = 5 = (1+8) +4(0, ).

From last two equation, we have

We will prove that with all the possible value of 3, we can find at least one point which
satisfies the lemma. If 8 > 0 we have

q(1,1) —q(-1,1) =2+26 > 2.

If |g(—1,1)| < 1 then ¢(1,1) > 1, otherwise, if |g(—1,1)| > 1 it is trivial.
If%<ﬁ<0,wehave
Q(l, 1) - Q(_l, 1) > 17

1 1 1
then if |¢(1,1)] < 5 implies that —¢(1,1) > 1 —¢(1,1) > 5 S0 We obtain |¢(—1,1)] > 7
1
Otherwise, if [¢(1,1)| > 5 it is trivial.

-1
Ifg< - from the third and the fourth equations, we have
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1 -1 1
in this case, if |¢(—1,0)| < 3 then ¢(1,0) < 5 it implies that |¢(1,0)| > 3 Otherwise,

1
if |¢(—1,0)| > 5 then it is trivial.

O

The basic Derivative free Optimization with mixed Binary variables (DFOb) trust region
method approach for mixed binary problems in iteration k is described mainly as follows:

e Step 0: build quadratic subproblem model my(z,y) for both continuous and binary vari-
ables.

e Step 1: solve a continuous subproblem (QP) by temporary fixing the discrete variables
y. In this step, we aim to find an accepted continuous candidate (py > 19, see Algorithm
(1)). If the solution of step 1 is not accepted, an improvement step is activated to improve
the poisedness of the current interpolation set.

e Step 1.5a: if we succeed to find the continuous candidate in step 1, we attempt to improve
x and y by solving a MBQP subproblem.

e Exploration phase: before termination, we use an exploration phase to force the algorithm
to explore a different region of the binary space.
The details of these steps will be indicate in the next part.

4.3.1 The trust region subproblems

When solving mixed binary optimization by DFODb trust region methods, we have to solve three
different types of subproblems:

1. Model improvement subproblem:

; 4.21
mae (<) (421)

where u;(z) is natural basis in (4.7) and Algorithm (2). In practice, we use MIQP solvers
such as CPLEX, BONMIN or NOMAD to solve this subproblem.

2. Model minimization subproblems
e QP (Step 1)

(4.22)

majnmk@?ayk)
st ||z — zklloo < Apk,

where A, . is the trust region radius with respect to continuous variables z at iteration
k and (x,yx) is the current center (current best point) in the feasible region. Notice
that we use the infinite norm [, to define the trust region with respect to continuous
variables. We only consider the problem within the trust region in Step 1.
e MBQP (Step 1.5a)

min myg(z, y)

T,y

st 12— 2klloo < Au (4.23)

1y = vrlle < Ay,
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with (zj,yx) the current center of the trust region. Here H denotes the classical
Hamming distance for binary variables. The Hamming distance is the number of
positions at which the corresponding symbol of two vectors of the same length are
different. Thus, we define our trust-region for the binary variables by A, which
defines the right-hand side of the constraint on the Hamming distance between binary
vector y and yy, the centre of the binary trust region

Doyt Y, (L—y) <Ay (4.24)

JYk,;=0 Ik, =1

If we can not improve the current point (local solution), we want to force the algorithm
to explore a different region of binary space. To achieve this, we relax the local
branching constraint (4.24) and add a "no-good-cut” constraint to obtain a new

center
)RR DEEHES (425)
Jy;=0 Jiyx;=1

where (y*, k*) are respectively the center and the radius of the explored domain,
E* > 1,k* € N. Note that we will have a bunch of constraints (4.25) for each
explored region.

It is possible that the current trust region does not contain any feasible points due to a

large number of no-good-cut constraints, or no better point could be found. In those cases, new
simulations are added to try to improve the model accuracy.

4.3.2 Stopping criteria and convergence results

The algorithm stops either because the maximum budget of simulation or the maximal number of

nogoodcuts are reached. The maximal number of nogoodcuts is theoretically equal to 2™ —1 (for

n binary variables). We will see that in the case of cyclic symmetric problems, it is approximately
n

The convergence results proved in [15] can be extended to the algorithm for mixed binary

problems (on the work from personal communication of A.Conn [14]).
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A pseudo-code for the Derivative-free Optimization trust-region method (DFOD) for mixed
binary problems is given in the following:

Algorithm 3: Derivative-Free trust-region method for mixed binary variables
Input: €good > €ok > 0, Aae,max > A0,:): > Ax,min > 07 Ay,max > AO,y > Ay,min >0
0. Initialization
Initial interpolation set of p points {(x1,y1, f1), (x2,92, f2), .-, (Tp, Yp, fp))} With
Define trust-region center (xo, yo) associated with fo = min(fi,..., fp)

1. Main iteration loop

e STEP 0: Build quadratic sub-problem model my(z,y)

e STEP 1a: Solve the TR quadratic sub-problem for fixed y; and model improvement
step (MI)
z* = argmin my(z, y), 51|12 — Tk lloc < Agk, (QP)
x

e STEP 1b: Compute p = (fx(zr, yx) — fu(@™, yr))/(mr(zr, yr) — me(2*, yr)),

e STEP 1c: zpy1 « x* if €10p < p < €0k OF p > €41 (Success step: f(x*,y) is smaller)
Update quadratic model with new values of f (from Step 1.a: QP and MI)

e STEP 1.5a : If z311 # xx (successful STEP 1), attempt to improve y
Solve the TR MIQP sub-problem for both (z,y)

(z%,y") = argminmy(2,y), s.t.[|2 — Zlloo < Dk, |y — yklle < Ay,
$7y

e STEP 1.5b: Trust region management

— If y* # y, and f(z*,y*) is smaller than min(f;)i—o,. p: k < k+ 1, (xg, yr) < (2, y")

— If y* # yi, but no improvement: k < k+ 1, Ay p < Ay p — 1, Ay ) < 20, if
p = €good OT A;t,k: — A:v,k/2 if p < €ok

e Check stopping criteria: A, ; < A, or no change in (z,y) or very small
improvement.

e Before termination: Add a nogoodcut constraint to force exploration in y

ly — ykllg > k*, k* > 0 for next step 1.5a .
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Chapter 5

An adapted distance for cyclic
binary problems

We begin the chapter by reminding our target application: the optimal design of the blade shape
of a turbine for aircraft’s engine in order to minimize the vibrations. In practice, the aim is
to optimize the blade arrangement on the disk of two different pre-defined shapes of blades: a
reference shape called A and a mistuning shape B. A binary variable y; is associated with each
blade location, taking value 0 for shape A and value 1 for shape B. The optimization solution
provides the distribution of the two shapes around the turbine disk.

In practice, the reduced order model (ROM) is used. However, it removes a large number of
possibilities for optimization, in the sense that ROM considers two reduced sub-problems but
the cyclic symmetry property remains and is not taken into account explicitly in the standard
optimization workflow. For instance, in the case of 12 blades, ROM considers two sub-problems
with 6 binary variables, which ends up with only 28 distinct arrangements (14 for each sub-
problem), while the total number of distinct arrangements in the original problem is 352. But
the removed configurations could be ”good” candidates for optimization.

Therefore, we attempt to define a new distance which can model the cyclic symmetry and
thus avoid the redundancy. This new distance is expected to have a simple form. As noted
in the previous chapter, the standard Hamming distance does not appear appropriate for this
target.

In this chapter, we focus on defining this new distance, which is inspired by the concept
of ”"Necklace” in literature [22,23]. In addition, the adaptation of the optimization method is
discussed.

5.1 Necklace context

5.1.1 Concept of ”Necklace” and associated distances

The idea of arranging two different types of blade shapes on the disk is similar to distribute
two different colors of beads on a necklace. In the application field of this concept, we identify
several promising distances.

Definition 5.1. (Necklace) In combinatorics, a k-ary necklace of length n is an equivalent
class of n-character strings over an alphabet Zk ={ay,...,ar} of size k, taking all rotations

27
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as equivalent. It represents a structure with n circularly connected beads which have k available
colors.

Let Neck(n) be the set containing all the necklaces of length n. For instance, considering
the necklace with 2 colors and 4 beads (n = 4, k = 2, Y- = {0,1}), we have the following list
of representative necklaces (in red color) and all rotations (in black)

0000 0001 0011 o0101 O111 11111
0010 0110 1010 1110
0100 1100 1101
1000 1001 1011

Our application can be seen as a 2-colors necklace optimization with a fixed number of
n

beads. The number of distinct arrangements is approximately that given «~ — in the turbine
n

application [37,49]. By using the result from [22], we obtain the exact number of necklaces for

a given number of beads n is equal to — 3., $(d)2"/%, where ¢ is Euler’s totient function, i.e.
n

the function that counts the positive integers up to n that are relatively prime to n, and where
the summation is taken over all divisors d of n.

There are a large number of necklace’s applications, many of them based on necklace dis-
tances such as similarity of different types of music [44, 45, 47], the dissimilarity of DNA in
biology [28], calculating the leap years and design calendars [19], painting car in manufactur-
ing [21]... In the the next section, we review some usual "necklace” distances.

5.1.2 Survey of ”necklace” distances

The study of distances in continuous space is well-known and widely extended in the literature.
Nevertheless, in the discrete space, there is a limitation of defining a distance: the choice of a
distance depends on the problem formulation. Taking into account cyclic symmetry property
is one difficulty of our problem. It can save a large number of simulations in the optimization
procedure. There exists a wide variety of distances for measuring the difference between two
discrete strings. We list the main ones in the following.

Definition 5.2. (The Hamming distance) Given two binary strings y = (y1,...,Yyn) and
v = (y},--.,y.,), the Humming distance between y and y' is given by

du(y,v') = i — vl (5.1)
=1

The Hamming distance is easily computed in O(n) operations. The constraint dg (y, yrer) < ¢
for a given 9.y and constant c is linear.

Definition 5.3. (Varshamov distance) Given two binary strings y = (y1,...,yn) and y' =
(Yl,---,Y,), the Varshamov distance between y and y' is given by
dV (y7 y/) = maX(N01(y7 y/)v Nl() (y7 y/))7 (52)

where Noi(y,vy") = #{(vs,¥}) : i = 0,y; = 1} and N1o(Y,Y’) = #{(vi,v}) : vi = 1,9, = 0}.
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For more details, see [42]. Varshamov distance can detect cases where the number of 1 in
string y is larger than the number of 1 in string 3.

Definition 5.4. (The swap distance) We represent y,y above as U = (uq,...,ug),V =

(v1,...,v;) where u;,v; are the indices such that y,, = 1 and yq’jl =1, the swap distance is given
by
k
dswap(@/a Z//) = dswap(Ua V) = Z ’uz - Ui‘- (53)
i=1

In [20] the authors use the swap distance to measure the similarity of two rhythms (applica-
tion in classification of type of music) or bioinformatics where the two strings to be compared
are chain polymers. Computing U,V from y, 1’ costs O(n) operations and Toussaint [46] states
that the swap distance can be computed in O(n?). However, in [20], the authors introduce
algorithms computing in O(k?) and O(k3) operations.

Definition 5.5. (The Hamming distance with shifts) Given y,y' two binary sequences of
the same length, we define three types of operations on y

o An insertion ins(i) changes y[i] from 0 to 1 with cost cins;
o A deletion del(i) changes y[i] from 1 to 0 with cost cqel;
o A shift sh(i,j) changes y[i] from 1 to 0 and y[j] from 0 to 1 with cost ||i — j||csh.

The Hamming distance with shifts between y and y' is the minimum cost of a sequence of oper-
ations that transform y to vy’ .

The Hamming distance with shifts was mentioned in [29], it measures not only the number
of mismatches but also how far apart the mismatches occur.
We note that with the values of ¢;,s = cgey = 1, csp, = 00 it becomes the Hamming distance and
Cins = Cdel = 00, Cgp, = 1 it becomes the swap distance.
In [30] Jiang states that the Hamming distance with shifts can be computed in O(n) operations.

Definition 5.6. (The Euclidean interval vector distance) Given y,y' two binary se-
quences of the same length, we represent them as their interval vectors U' = (u,...,u}), V' =
(v],...,v}) where ul, v, are the number of 0 elements between two elements of 1. For instance,

X = (1100100000) can be represented as X = (0,2,5). Then the Euclidean interval vector
distance for two binary strings with the same length and the same number of 1 is given by

(5.4)

The interval vectors can be computed from the given binary sequences in O(n) operations,
dg(y,y’) can be computed in O(k) operations, where k is the number of 1 in the sequence. We
note that this distance does not take into account the cyclic symmetry property.

Definition 5.7. (The interval-difference vector distance) Given y,y' two binary sequences
and U = (uf,...,u}), V' = (v],...,v,) their interval vectors. For each sequence, we define
new sequences, Z = (z1,...,2k), with z; = wi  /uj,i = 1,...,k — 1,2, = yp/u} and Zl =
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(21, 20), with 2z} = vl 4 /vl,i=1,...,k=1,2 =y}, /v]. the interval difference vector distance
18
b max(z;
drp(y, y Z 0 7’ — k. (5.5)
<~ min (2,2 l)

In [44] drp(y,y’) is computed in O(n) operations.

Definition 5.8. (Minimum distance of pairs assignment (MDPA)) Given y,y' two in-
teger sequences, MDPA is defined as

drppaly,y') = min leyz ) (5.6)
’]

The definition can be applied to two binary strings.

There are other distances related to the necklace application field, such as the chronotonic
distance or the geometry distance [44,46]. We listed above the main ones to see how the
formulations are and how the cyclic symmetry can be taken into account. In the next section,
we discuss about a new necklace distance adapted to our application.

5.2 Necklace distance adapted to DFO

The cyclic symmetry property motivates the search for an appropriate distance to adapt to the
algorithm. Inspire from the concept of necklace and its distances, we build a new distance and
adapt it to DFO.

5.2.1 Distance formulation and its properties

In this section, we indicate the new distance formulation.

Formulation

Firstly, we recall Necklace Alignment Problem (NAP), from [8], that gives us ideas of building
the new distance. The goal of NAP is to find the angle rotation offset ¢ € [0,1) and the perfect
matching shift s € {0, 1,...,n} between two sorted vectors of real numbers y = (y1,...,yn), ¥ =

(TR AE
H;;HZ (yi + )mod(1), Y(it ymod(n)))’> Where d”(y;, yf) = min(|y; — yil, 1 — |yi — yi]), (5.7)

with p =1 or 2. The [; necklace alignment problem, also called cyclic swap distance or necklace
swap distance, is restricted to integer vectors.
Inspired by the main idea of NAP, we propose a new distance that is appropriate to our problem.

Definition 5.9. (The necklace distance) Given two binary strings v,y of length n, the
necklace distance is defined as the minimal value of the Hamming distances between y and all
the rotations of y':

dneck(y,y") = min(g1(y,y"), -, gn(y,9")), (5.8)
where g-(y,y') = du(y, Rot"(y')), r = 1,...n, Rot"(y') is the rotation of y by r positions, i.e.,
ROtT(y/) = (y;4+17 y;*+2 e 7yiayéa e 7y;)
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\\-‘_;/ I \\‘ j ”

Figure 5.1: An example of necklace alignment, see [§]
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We denote Rot(y) := {Rot"(y),0 < r < n} and II be the permutation matrix :

010 --00
001 --00
000 -+ 00

= .
000 -0 1
100 - 0 0

By using the fact that II"y = Rot"(y), we obtain
Rot(y) ={II"y : 0 < r < n}.

Metric properties of the necklace distance d,,..i
In the following, we show the metric properties of dyeck-

Proposition 5.10. (Non-negativity property) d... has the non-negativity property
dneck(% y/) Z 07vy7 yl S {07 1}71
Proof. The statement is a corollary of the non-negativity property of the Hamming distance. [

Proposition 5.11. (Reflexivity property) d,... has the reflexivity property

dneck(yu y) =0.

Proof. Since dy(y,y) = 0 holds true, 0 is the minimum bound of d,eck(y,y’). Therefore
dneck(ya y) =0. 0

Proposition 5.12. (Commutativity property) d,.., has the commutativity property
dneck(ya )— dneck(y y)

Proof. Based on the fact that dg(y, Rot" (y')) = dy(y', Rot" " (y)), thus mindg (y, Rot"(y')) =
mindgy (y', Rot" " (y)) = mindg(y', Rot" (y)). -
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Proposition 5.13. (Triangle inequality property) d,..i. satisfies the triangle inequality prop-
erty:

dneck’ (y: y/) < dneck (2/, y”) + dneck(y” ) y/)'

Proof. Direct consequence of the triangle inequality property of Hamming distance. O

To state the next metric property, we need to introduce a definition:

Definition 5.14. (Cyclic symmetry property in distance) We say a distance d has the
cyclic symmetry property if

d(y,y") =0 <y € Rot(y),

for any given two distinct vectors v,y .

Proposition 5.15. (Cyclic symmetry property) d,... has cyclic symmetry property
dnec(y,y') = 0 <=y € Rot(y'),¥y,y’ € {0,1}".

Proof. To prove this statement, we prove both implications:

1. Proof of the first implication ” = ": "dyeek(y,y') = 0 = y € Rot(y')
Assume dpecr(y,y') = 0 = min(dg (y, Rot"(y'))) = 0 = i : dy(y, Rot’(z)) = 0, since

the metric property of Hamming distance dy (y, Rot'(y')) = 0 <= y = Rot'(y').

2. Proof of the second implication ” <= ": y € Rot(y") = dpeck(y,y') =0
If y € Rot(y') then 3i : y = Rot'(y') — du(y, Rot'(y')) = 0, then min dj,(y, Rot"(y')) = 0,

hence dyeck(y,y') = 0.

The new distance dpecr defined in (5.8) takes into account the cyclic symmetry property.
However, the appearance of the "min” operator leads to difficulties when it is used in the
optimization procedure. In the next part, we propose a reformulation of d, .. adapted to DFO.

5.2.2 Observations about necklace distance imply to simplified simulations

In this section, we aim to study the regularity of the objective function with respect to necklace
distance, compare to the Hamming distance.

We display in Figure (5.2) the differences in objective functions of simplified simulation
provided by Safran (see Section (6.5)) with respect to the necklace distance and the Hamming
distance for all of arrangements (with fixed value of continuous variable).
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Figure 5.2: Regularity of the objective function with respect to the necklace distance and the
Hamming distance.

This figure shows that necklace distance has a better regularity performance: if two points
are closed, then the difference of associated objective functions is small.

5.2.3 Reformulation of QP problems with necklace distance

The derivative-free trust-region method uses quadratic models to approximate the objective
function. Here, we would like to keep the QP structure of the subproblems even when using the
necklace distance. Nevertheless, the "min” operator in the necklace distance prevents.

In this section, we propose a QP reformulation of the subproblems involved in the DFO
method.
Reformulation of nogoodcuts constraints: For the MIQP subproblem in step 1.5a of Al-
gorithm 3, to explore the binary space, we use the constraints

SNyt Y -y =k >,

Jiy;=0 Jy;=1

associated with the Hamming distance dg. To adapt the necklace distance to this step, we use
the following remark

REMARK 5.1. Given a1, as9,...,a, and k* real constants, we have
'n{lin (a1,a2,...,an) > k" <= a; > kK" Vi=1,...,n, (5.9)
i=1,...,n

Using remark (5.1) with a; = dg(y, Rot'(y.)), i =1,...,n, we obtain

min(dg (y, Rot(ye)), .. ., dr(y, Rot"(ye))) > k* <= dy(y, Rot'(y.)) > k*,i=1,...,n. (5.10)
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Consequently, we can add n linear constraints based on the Hamming distance to reformulate
nogoodcuts associated to the necklace distance.

Reformulation of the trust region problem (without nogoodcuts): We recall the prob-
lem to be reformulated

mzin f(2)
s.t. izr?inn{gi(z)} <A, (P1)

with z = (z,v),9i(2) = du(y,y°),i=1,...,n.

Before starting the new proposition, let us define two optimization problems to be equivalent
if an optimal solution of one problem straightforwardly gives an optimal solution of the other
problem.

Proposition 5.16. (Mini-min formulation) Let M > 0 be a sufficiently large positive real
constant, let © > 0 be a given constant, n,m be positive integers, and let g; : R™ x Z™ —
R,i=1,2,...,n, be real-valued functions satisfying 0 < g;(z) < M,Vz. Then, the two following
optimization problems (Py) and (Py) are equivalent

{ min f(z) + Mi:I{l’i“I.lm{gi(Z)} (P1)

min f(z) + pt

z,y,t

st. t>gi(z) =My, i=1,....,n (Py)

g, €{0,1},i=1,...,n.

Proof. Problem (P)) is clearly equivalent to

mitn f(z)+ pt
st. t= min {g;(2)}.

=1,...,

(1)

We prove the proposition in two steps: first, (P%) is a relaxation of (P]), and, if there exists
solutions of (P) then necessarily they are feasible points of (FPy).

Let us consider the first assertion: (P,) is a relaxation of (P]). More precisely, if (Z,t) is
a feasible solution of (P]),then (Z,7,¢) is a feasible solution of P», where

0if 4 is the smallest index such thatt = min {g;(2)},

1. c— 1=

yi = L.m (5.11)
1, otherwise.

Let I be the index such that g; = 0. From the definition of § , we note that ¢t = g;(2),y; =
Oand g; = 1for alli # I.

Let us show that (z,7,t) is indeed feasible for problem (P,). For i # I, the constraint
t > gi(2) — M holds since t = g;(z) = iir?inn{gi(é) >0 > gi(z) — M} with M is sufficiently
large. For i = I, the ith constraint of (P) reads t = g;(2) > gr1(2) — My; = g;(z). Hence
(z,7,t) is feasible for (P).

Let us now show that: if (z*,y*,¢*) is an optimal solution of (P) then (z*,t*) is fea-
sible for (P)), i.e., t* = i_nlainn{gz-(z*)}.
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By contradiction, let us suppose that this optimal solution of (P) is such that t* # nllin {g:(z")}.
i=1....n

.....

Let Iy~ denote the index ¢ such that y; = 0,theny;,. =0 and y; =1, for alli # Iy-. Using the
fact that (z*,y*,t*) is a feasible solution for (P), we have

t* > g, (z%). (5.12)
In the first case, we have t* < 41111111 {9i(2*)}. Then we have gy, .(2") > 41111111 {gi(z*)} > t*,
i=1....n i=1....n
which contradicts (5.12).

Therefore, the second case necessarily holds, i.e., t* > r{lin {gi(#*)}. Consider a solution
i=1l....n

(z,7,t) defined as

(5.13)

and

0, ifiis the smallest index s.t g;(2*) = min {g;(z*)},
yi — ¢ i=1...,n ¢ (514)
1, otherwise.

Let I denote this smallest index ¢ such that g;(2*) = Hllin {9i(2*)}. This new solution (z,7,1)
i=l...,n
is
o feasible for (P,). Indeed, consider the two cases: if i # I*, the i*? constraint t > g;(2)—Muy;,
is satisfied since M is an upper bound for the g; and y; = 1. If ¢ = I*, then on the one
hand 'nlnin {9i(z*)} = t and on the second hand gr«(z) = gr+(2*) = 'n{lin {gi(z*)} by
i=1l....,n i=1l....,n
definition of I'*. Therefore, the I*th constraint of (P) is satisfied by (z,7,1).

e In term of objective function values, it is clear that f(z*) + ut* > f(z) + ut since by
hypothesis t* > Hllin {gi(2*)}while t = min{g;(2*)}. This contradicts the optimality of
i=1....n

(2%, y*, t%).
O

The original model to minimize is m(z). To use the proposition (5.16), we build a perturbed
model m¢(z) = m(z) + € and prove that, if m(z) is fully linear, then the perturbed model m.(z)
is also fully linear, which guarantees the convergence of the algorithm.

Assumption 5.17. We assume that Z = {zp,...,2,} CR™ x {0,1}" is a set of sample points
poised in the linear interpolation sense (or regression sense).

We assume that the function f is continuously differentiable in an open domain ) containing
B(z9,A) and V f is Lipschizt continuous in 2 with the Lipschitz constant v > 0.

Problem 5.1. (MIQP with original model)

minm(z,y)
x7y

. . <
i:nll,l..r.l,n(gl(y)) < Ay, (5.15)

[z = 2klloo < Az,
x e R™ ye{0,1}",
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where g;,i = 1,...,n is the Hamming distance g;(y) = du (y, Rot'(yx)), yx is the binary parts of
the trust region centre. By adding a slack variable t the problem (5.15) is equivalent to

minm(zx,y)
z,y,t
t= min (gi(y)),

i=1,...,n

(5.16)

xeR™ye{0,1}"teZ;
Our goal is to introduce the necklace distance inside this MIQP. Thus, we propose:

e To perturb the model without impacting the fully linear property of the original model
(to ensure the convergence of the algorithm)

e to use exact reformulation in proposition (5.16) to obtain linear constraints, i.e. to avoid
the operator "min” in the new distance formulation.

First, the perturbed problem is defined as

Problem 5.2.

minm(zx,y) + ut
z,Y,t

t= min (g:i(y))

i=1,...,n
t<A,
12 — @klloo < Ak,
reR™ye{0,1}"teZs

(5.17)

with p = €¢/(n — 1) in order to ensure ut < €, € is a given small constant. By using exact
reformulation in proposition (5.16) we obtain

min f(z,y) + put
z,Y,Y,t

st. t>gi(y)— My, Yi=1,...,n
2 = Tlloo < Agyks (5.18)

T € Rmuy € {07 ]-}nat € Z-‘ra gl € {O) 1}7

5.2.4 Fully linear property of the perturbed model

We will indicate that if m(z,y) is fully linear, then with a given € small enough, we still have fully
linear property for the new model m.(z,y) = m(x,y) + €. To do this, we use some fundamental
theorems of calculus, see Appendix (B).

To be convenient, we denote

errd = Vme(z) — Vf(z)
errf = me(z) — f(2)

Now we will show that m, is fully linear for a small perturbation e if m is fully linear.
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Theorem 5.18. Let assumption (4.3) hold. Then if a quadratic model |m¢(z;) — f(z)| < € for
all points in B(zp, A) we have

e The error between the gradient of the interpolating quadratic model and the gradient of the
function satisfies

s 1D ) 1
lerr9|l = [vme(z) = V() < VRAIZTH Gy + 51 Hp + 5520 (5:19)

e The error between the interpolating quadratic model and the function satisfies

5vnllZ)|t 41

5 +e@2vn||Z|7 +1)  (5.20)

lerr!| = |me(2) — f(2)] < A*(v + || H]|r)

Proof. First, we expand

(zi — 2)Terr?(2) = (zi — 2)T (Vme(2) — Vf(2))
= (zi—2) (Hz 49—V [(2))
= (z — z)THz + (zi — z)Tg — (7 — z)va(z)
= (2 — 2)

(2))
5.21)
Set z; — z = d. Using lemma (B.1), equation (5.21) is equivalent to

1
(2 — 2)Terr9(z) = /0 d'(Vf(z +td) = Vf(2))dt — f(z) + f(2) + (2 — 2) " Hz + (20 = 2) g

= /1 dV(Vf(z+td) — Vf(2))dt + err! (z) — errf (z) — %dTHd
0

(5.22)
The next step is to subtract for zg
(z — Zo)TB’I"’I“g(Z) = (z; — Z)Terrg(z) — (20 — z)Terrg(z)
1
— [ o= T+ = 2) = VSt
’ (5.23)

— /Ol(zo — 2)T(Vf(z+t(z0 — 2)) — Vf(2))dt
+err! (z) — err! (z9) — %(zz — )T H(z - 2) + %(zo —2)TH (2 — 2)
Using both lemma (B.1, B.2) and the definition of m. we have
err! = |me(z) — f(z)| < €, Yz € Z.
Combining this result with the relation
(zi = 2)T H(2i — 2) < | Hl|Fllzi — 2]%,

and the fact that ||z — z|| < 2A, ||z — z0]| < A, we find the bound

(2 — 20)Terr9(2)| < gVA2 + gHHHFAQ + 2e. (5.24)



38 Chapter 5. An adapted distance for cyclic binary problems

- 1
Setting Z = Z(Zl — 20y ...,2n — 20), we have

(21 = Zo);
1 _
ZTerrd(z) = A (22 = 20) err?(zp). (5.25)
(zn - ZO)T
In particular,
. 1
12T errd||% —Fmax(( — zo)errd(2))?
1 2 12
< s Wllzi = zoll* + [ Hl pll2i = 20]* + 2¢)°
1
<5 mzax((zi — 20)errd(z))? (5.26)
< i@uﬂ ||H||FA2+2e>2
—A2°2
5
— AQ v “NH 2
G+ 2Hle + 2520

Noting that ||A| = ||AT|, we have
lerr9(z) = |12~ T 2T (Yme(z) — 9 f(20))]
<2 T2 errd(2)]
5 S 5.27
< ValZ THHZTerrg( Moo (5:27)

1
< VnA||Z~ 1H( V+*||H||F+ ~32€)

A2

Taking the norm both sides of the equation with z = 2y, we have

1 1
|e7“rf(z)\ < |lerr?(2)||A + fVAQ + fHHHFAQ + 2¢ + ]errf(zo)|

1
= Jerr (2)| < VnA®(|Z~ 1H( V+*HHHF+ 2€) + AN v + | H|F) + €

A
(5.28)
2yl 2|7t + -
SN HHHF)”Q” L vl Z )
O
REMARK 5.2. We note that if the value of A is decreased significantly, the term é in the
bound (5.19) tends to infinity which cause the divergence of the algorithm. In order to avoid

2

that, we can control the value of € if we take the value of u =
bounded by €.

REMARK 5.3. With the value € = 0, we obtain the bound in Theorem 5.4 (page 79, [15])

16’ then the perturbation is
n—

In this chapter, we proposed an appropriate distance adapted to the cyclic symmetric prob-
lems. Its integration in DFO trust region algorithm is shown along with a convergence proof.

By adapting the necklace distance to DFO trust region method, thanks to the exploration of
distinct binary arrangements, we would also expect to obtain a good performance. In the next
chapter, we present some numerical results obtained with the presented adapted trust region
method applied to cyclic symmetric mixed binary problems.



Chapter 6

Application of DFOb-TR on mixed
binary cyclic problems

In the previous chapter, we introduced the adapted DFODb trust region method with the necklace
distance for cyclic symmetric problems.

The distribution of this chapter is as follows: the first section gives an illustration of DFOb
in action with one given example. In the next section, we detail the methodology for applying
our method and comparing with state-of-the-art methods. In the last section, numerical results

of DFOb-d,ecr., DFOb-dy, NOMAD, RBFopt are presented.

6.1 DFODb in action with one given example

DFOD algorithm is presented in Chapter 4. To clarify how does the algorithm work step by step
we give an illustration of running DFOD for a given example. We choose MAD1 function from
benchmark set, details in Appendix (C).

In Figure (6.1), we plot the function for the three distinct binary configurations.

This function has two continuous variables, range in [—2, 6], three levels (that we transform
into binaries by using the trick in (6.2) that will be discussed in the Subsection 6.3): the first
level for y = [0,0] is polynomial of degree 2 with one global solution, the second level for
y = [1,0] or y =0, 1] is sin function with bunch of solutions reached at x1 = 7/2or3m/2, the
last level for y = [1,1] is cos function where the solution is reached at xzg = 0.

We start from 5 starting points. The initial design is required to satisfy two properties which
are space-filling and non-collapsing, the methodology details will be described in the Subsection
(6.2.1).

After building models, we solve QP subproblems (in step 1.0) and MBQP subproblems (step
1.5) which require continuous variables to satisfy the trust-region constraints, thus, in Figure
(6.1) except initial sample set, all other points is closed (distance is less than A7 ... ).

We see that DFOb-d,,.. discovers the global solution in the first level, since the quadratic
model is appropriate for performing a polynomial of degree 2.

39
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y=[00] y=[105[01 y=01

=[10][01]

1

09038 i 08091
07088 = 07002
05097 ——— 05093
03997 03994
01638 3 01635
00002 -0.0008
-0.2001 02003
-0.4001 04003
-0.6000 06002

[ 0.8000 - 08001
-0.9999 4 R
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2
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Figure 6.1: Function with three levels and Simulation locations along DFOb-d,,¢. for benchmark
function MAD1, [35]: points of the initial design are represented by white circles, the solutions
for step (1.0) by black asterisks, the points associated with model improvement step by magenta
asterisks, the added points in step (1.5) by yellow asterisks, the local solutions by cyan asterisks
and the global solution by a red diamond

6.2 Methodology for method comparison

6.2.1 Initial design of experiments

The first step in any DFO methods is to choose a set of starting points. The first model is
built based on cost function evaluations at these points. A ”good” design of experiments (DOE)
should satisfy the following requirements:

e Space-filling property: the set of points should spread over the entire design space.

e Non-collapsing property: two arbitrary points should not share the same coordinate value.

There are several methods to pick up a choice of initial sample points in continuous space. When
the dimension is small, to select the initial sample points we pick the 2™ corner points of the box
constraint. [24] use a strategy to choose n+ 1 corner points of the box constraint and the central
points. For larger dimensions, a popular strategy is called Latin Hypercube Sample (LHS). In
our implementation, the chosen sampling procedure is based on LHS of size n+m+ 1. We note
that LHS originally is used for generating samples in continuous space, R, the procedure to
create a sample set of size N is described is in Algorithm 4, see [36,48] for details.
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Algorithm 4: Uniform Latin Hypercube sampling of size N in R™

1. Fort=1,...,N

e Forj=1,....m
Generate U « Uniform[0, 1] and
Ui—1
Set X;,; =
e 2y} N

e Randomly permute elements of the ith row of X, [X;1,...

2. Output each of the N rows of the matrix X as sample point

Figure (6.2) shows an illustration of LHS design for continuous variables applying to problem

QL, Appendix C, the range is [—2, 6]

LHS design illustration

(i |

[&]

0

-2 -1 0 1 2 3 4 5

Figure 6.2: LHS design illustration for function with 2 continuous variables.

For binary part, we might modify this methodology adapt to binary domain. More precisely,
to build a set of N binary (with the size of n) initial points: y* € {0,1}",i = 1,..., N first by
using LHS we generate a sample set with /N continuous points, 2° € R",i = 1,..., N. After this
step, the values of each element of 2’ is between 0 and 1. By rounding each element of z* to the

nearest integer, either 0 or 1, we obtain the binary initial sample set LHS(y,n, N).

Rounding can recover integer domain but may destroy the properties of LHS, or even worse,
it can provide several times the same points. Thus, a next study will be dedicated to improve

this initial design procedure.



42 Chapter 6. Application of DFOb-TR on mixed binary cyclic problems

6.2.2 Compared methods

We compare our algorithm with direct search (NOMAD), [5,31], and model-based (RBFopt),
[16] algorithms. We consider only solvers that are designed to solve mixed integer black-box
optimization problems. We use NOMAD because this method is popular among application
scientists and it can solve a wide range of non-linear optimization problems. NOMAD solver
requires one starting point zg, i.e., chosen as the point associated to the best objective function in
DFOD trust-region method. Remark that NOMAD can handle linear and nonlinear constraints.

RBFopt was first introduced in [24]. It is based on Radial Basis Functions to build surrogate
models. The exploration and exploitation decision depends on a measure of bumpiness, thus it
requires that the unknown function f does not oscillate too much. RBFopt was not designed
for constrained optimization problems (only box constraints) , linear constraints are handled by
penalization in our implementation.

Remember that both algorithms can handle binary variables.

6.2.3 Evaluation methodology

Our evaluation based on performance profiles and data profiles. We define a maximum number
of function evaluations. The budget is set to 300 simulations in our implementation , it is
reasonable number for many real applications.

A solver solves a problem if it returns a point Z satisfying the following criterion

f(wo) = f(2) = (1 = 7)(f(x0) = f7),

with f* be the best function value found by any solver, x( the starting point for each solver, 7
tolerance value, we use 7 = 1073. A solver fails otherwise.

For a set of n,, problems P = {p1,p2, ..., Pn, }, and the set of n, solvers S = {s1,52,...,8n,},
we define the performance criterion for a solver s, a problem p and a required precision tol by

tp,s = number of simulations required for s to solver p at precision tol.
tps = 00 if solver s fails on solving problem p.
A performance ratio over all the solvers is defined by

tp7s
min{t, s, s € S}

Tps = > 1, for a given problem p.

For n > 1, we define a distribution function pg for the performance ratio for a solver s as

ps(n) = nicard{p € P,rps <n} <1, for a given solver s,
P

with card denotes the cardinal of a set. This distribution computes the number of problems p
that are solved with a performance ratio below a given threshold 7. If the value of ps(n) is near
1, it means that the solver is good and can solve almost all the problems. The performance
profiles is a graph of the function ps(n),n > 1.

Performance profiles provide an accurate view of the relative performance of solvers with a
given number of simulations. However, for expensive optimization problems it does not provide
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sufficient information.

With expensive optimization problems, we are interested in the performance of solvers as a
function of the number of function evaluations which leads to the definition of data profiles. The
data profile for a solver s is the fraction of problems that are solved within a fixed simulation
budget x

1 Clps
ds(a) = n—pcard{p epP: P < Kk},
with n, the number of variables of problem p. It is normalized by n, 4+ 1 since the number of
simulations grows when the number of variables increase.

We present results of DFOb-d,, .. in comparing to NOMAD, RBFopt and DFOb-dg applied
to benchmark functions, a toy problem that is closed to the application and a simulation given
by Safran Tech. We indicate values of parameters using in optimization procedure, in Table (6.1).

Table 6.1: Parameters using in DFOb-TR

nsimul nogoodcut max AY Ag
300 | min(14,2" —1),n <6,20if n=12 | 1 2

Note that for the simulation given by Safran, we would use the default option of RBFopt
to generate its best initial design. DFOb-d,c.r, DFOb-dg share the same initial sample set.
NOMAD uses the the best point in our initial design. For benchmark functions, initial designs
are taken the same for the 3 optimizers: RBFopt, DFOb-dg and DFOb-d,,ey,.

6.3 Benchmark functions

List of functions

Our benchmark consists in 25 different box-constrained problems from [1, 18, 25, 35, 38] and
GLOBALLIB, listed in table 6.2.

Note that these benchmark functions are originally for continuous optimization (some in-
clude constraints, but we consider only box constraints). Thus, we suitably transform them into
mixed binary problems with cyclic symmetry.

In [35], benchmark functions are associated with minimax problems for continuous optimiza-
tion
min F(z) := max z)).
min F(@) == ma (£ ()

We transform them into mixed categorical problems:

fl(x) ifw = 1>

. ifw =2
min  F(z,w) := fa(@)ifw =2, (6.1)
z€[z,z],1<w<l

fl(x) ifw=1.
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Table 6.2: Benchmark functions

Test names # continuous (m) | # binary (n) | Domain Reference
CB1 2 2 [2,6] [35]
CB2 2 2 -2,6] [35]
QL 2 2 2,6] [35]
WF 2 2 [1,6] [35]
MADI 2 2 -2,6] 35]
MADI 2 2 -2,6] 35]
RosenSuzuki 4 3 [-2,6] [35]
Pentagon 6 3 [0,2] [35]
Wong2 10 1 0,2] 35]
Wong3 20 6 [0,2] 35]
32 1 3 [-5.5] 25]
HS3 1 3 [-5,5] 25]
HS29log 1 3 -5,5] [25]
Branin 1 3 [-5,10] [18]
Camel 1 3 [-3,3] [18]
Goldstein-Price 1 3 [-2,2] [18]
Hartman3 2 3 [0,1] [18]
Hartman6 5 3 [0,1] [18]
Shekel? 3 3 [0,10] 18]
Shekel10 3 3 [0,10] 18]
ex8-1-1 1 3 [2,4] | GLOBALLIB
ex8-1-4 1 3 [1,2] | GLOBALLIB
Perm6 5 3 [-6,6] [38]
Perm8 7 3 [-1,1] [38]
sporttournament 14 3 [0,1] 1]

Instead of using the standard encoding of integer variables into binary variables:

h

w= Z 2y;, h = floor(log2(n) + 1),
=0

we use the following trick to introduce a cyclic symmetry,: each categorical variable is associated
with a necklace and its rotations. For instance, in case of 3 levels for an integer variable, [ = 3,
the problems are transformed as follows

~ fi)ity = (0,0)
F(z,y) :== ¢ fo(x)ify = (0,1) or (1,0), (6.2)
fa(w)ify = (1,1).

min
z€(z,z],ye{0,1}2

For benchmark functions of [1,18,25] and GLOBALLIB, we restrict the last continuous
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variable to take only a finite number of values: z¢"% € X¢"? with

~end __ ,.end

Xend _ (xend_‘_hH’ fO[‘ h = O,. ..,nlefuel - 1)

Nievel — 1

where 2¢"¢ and z°"? respectively the lower and upper bound of original z¢"¢. After this step,
we obtain one integer variable of nje,e; (equal to 4 in our implementation). The last step is to
apply the above trick, example in (6.2), to build cyclic symmetric problems.

The dimension of these test functions range from 2 to 20 in their original formulation, range
from 4 to 27 for the new necklace formulation. For [25], functions are smooth while functions
from [1,18,35,38] and GLOBALLIB are more complex with several local minima. With an effort
of building a benchmark with a large range in the number of variables and different complexities
of functions, we aim to study the behavior of our algorithm in comparison with NOMAD and
RBFopt algorithms.

Preliminary results for benchmark functions

The results of running DFOb with necklace distance DFOb — dyecr,, DFOb with Hamming
distance DFOb — dyy, NOMAD and RBFopt over 25 benchmark functions are presented by
data profiles, performance profiles, mean relative errors on F(%) compared to the best values
among results (all the solvers) and number of iterations necessary to reach the best points, see
in Figures (6.3, 6.4, 6.5,6.6). For all examples, DFOb-dy are displayed by red lines, DFOb-d,,cck
by blue lines, NOMAD by black lines, RBFopt by cyan lines.

Performance profiles with = 1073
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Figure 6.3: Performance profiles for 25 benchmark functions of DFOb-d, DFOb-d,cck, NO-
MAD, RBFopt
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Data profiles with = 1073
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Figure 6.4: Data profiles for 25 benchmark functions of DFOb-dg, DFOb-d,ec, NOMAD,
RBFopt

Mean relative errors on F(%) over 25 benchmark functions
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Figure 6.5: Mean relative errors (in log scale) on F(%) over the 25 benchmark functions of
DFOb-dg;, DFOb-d,yeex, NOMAD, RBFopt
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Figure 6.6: Number of simulation necessary to reach the best points over the 25 benchmark
functions of DFOb-dg, DFOb-d, ¢, NOMAD, RBFopt

For the benchmark of 25 ebnchmark functions, DFOb-d,,..t method outperforms the 3 other
optimizers including NOMAD, RBFopt, DFOb-dg: it succeeds to solve 88% of runs, whereas,
DFOb-dy, NOMAD, RBFopt succeeds to solve respectively 84%, 68% and 80% runs.

Performance profiles are reported in Figure (6.3). The results show that DFO-d,,c.; has big
progress compare to DFOb-dg. It is highly competitive with comparing solvers.

We report data profiles in Figure (6.4). We can see that DFOb-d,..x has the best perfor-
mance in solving expensive simulators. Figure (6.5) and Figure (6.6) displays the median relative
error for objective functions and the number of simulation necessary to reach the best points of
4 optimizers over 25 benchmark functions. As can be seen in Figure (6.5) all configurations of
4 solvers coincide on relative errors fr the first few data points, and they start to diverge after
« 15 iterations, then at the end they coincide again since reaching of the best solutions. Figure
(6.6) shows that DFOb-d,ec, DFOb-dy and RBFopt use reasonable number of iterations to
reach best points, whereas NOMAD requires much larger number of simulation.

Running over benchmark functions also highlight the fact that the optimizers will have differ-
ent performance on different problems. It is important also to think of the compromise between
saving simulations and finding the best solution. If a solver can find a better solution for an
optimization problem in an acceptable number of simulations, we consider it has better perfor-
mance for this problem. In derivative free optimization, since the computationally expensive of
the simulations, we would always limit the number of simulations.

6.4 Toy problem closed to SAFRAN’s application

We build a toy problem closed to Safran’s application as described in Appendix A. It results in
minimizing the maximal amplitude of the excitation of the system with respect to a continuous
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parameter (frequency) and a binary vector (mistuning blade locations)

minimize || Ao
w?y
subject to  w € [Wmin, Wmaz), (6:3)
y €{0,1}",

where n denotes the number of blades on the disk.

Figure (6.7, 6.8, 6.9, 6.10) report the performance profiles, data profiles, mean best function
values and number of iterations to reach the best points for 10 randomly chosen initial design
of experiments.

Performance profiles with += 1073
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Figure 6.7: Performance profiles for toy problem of DFOb-dz, DFOb-d,,ect,, NOMAD, RBFopt
with 10 random initial designs
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Data profiles with = 1073
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Figure 6.8: Data profiles for toy problem of DFOb-df, DFOb-d,ec, NOMAD, RBFopt with 10
random initial designs
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Figure 6.9: Mean relative errors on F(%) for toy problem of DFOb-dg, DFOb-d,,ccr,, NOMAD,
RBFopt with 10 random initial designs
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Figure 6.10: Number of iteration to reach the best points for toy problem of DFOb-dz, DFOb-
dpeck, NOMAD, RBFopt

For this example, DFO-d,;..r has the second rank in data profiles and performance profiles
after DFOb-dy. However, Figure (6.9) and Figure (6.10) illustrate that DFOb-d,,cct is more
efficient in terms of number of simulations.

6.5 Safran’s application

Safran’s application was provided by means of a simplified simulation (with 12 blades on the disk)
based on a response surface model to avoid the huge computational cost for these preliminary
tests. Recall that the objective is to minimize the vibration of the compressor, a continuous
variable describe the blade frequency (which cause from shape parameters such as the thickness
of the axis, the length of the blades) and binary variables locate the two pre-defined blade
geometries (tuning and mistunig) on the disk.

In this part, we present results on Safran’s application. Figure (6.11, 6.12, 6.13, 6.14) report
the Performance profiles, Data profiles, Mean best function values and number of simulations
to reach the best points for 10 randomly chosen initial design of experiments.
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Figure 6.11: Performance profiles for Safran’s simulation of DFOb-dz, DFOb-d,;cct,, NOMAD,
RBFopt with 10 random initial designs.
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Figure 6.12: Data profiles for Safran’s simulation of DFOb-dz, DFOb-d,ec, NOMAD, RBFopt
with 10 random initial designs.
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Figure 6.13: Mean relative errors on F(%) for Safran’s simulation of DFOb-dg, DFOb-d,cck,
NOMAD, RBFopt with 10 random initial designs.
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Figure 6.14: Number of simulation necessary to reach the best points for Safran’s simulation of
DFOb-dg, DFOb-d, e, NOMAD, RBFopt with 10 random initial designs.

For the simplified simulation, DFOb-d,,..; method outperforms the 3 other optimizers: NO-
MAD, RBFopt, DFOb-dy. It succeeds to solve 100% of runs, whereas, DFOb-dy, NOMAD,
RBFopt succeeds to solve respectively 70%,60% and 90% runs.

Performance profiles are reported in Figure (6.11). The results show the improvement of
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DFO-d,ecr, compared to DFOb-dg.

We report data profiles in Figure (6.12). We can see that DFOb-d,,¢.x has the best perfor-
mance in terms of number of simulations. Figure (6.13) shows the mean best function over 10
runs: DFODb-d,,..; succeeds to reach the best mean values in the smaller number of simulations.
Figure (6.14) displays the number of simulations necessary to reach the best values. It shows
that DFO-d,,¢. succeeds to find the best points in all the runs in less than 210 simulations.
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Chapter 7

Conclusion and perspectives

In this report, we have addressed derivative-free optimization problems when the cost function
is computationally expensive. In Chapter 4, we showed how to extend a general framework (for
continuous optimization) to mixed binary quadratic models. It is difficult to find the details of
dealing with binary variables in the literature of derivative free optimization. Most of them give
general comments or ideas of dealing with binary variables without special or dedicated methods
are proposed. In the knowledge of the author, [15] is the only book that gives the proof about
the convergence (local) of Derivative free trust region method for continuous variables.

The details of real application given by SAFRAN is presented in Chapter 3. Along with the
concrete problem, the cyclic symmetry property in binary variables appear tends us to adapt
our algorithm. By using the concept of Necklace, in Chapter 5, we proposed a new distance to
DFO trust region method for this distance. We studied local convergence issues for the adapted
DFOb trust region. We showed that the adapted model is adapted to guarantee the local con-
vergence of the method.

In Chapter 6, we introduced collections of benchmark functions and analyzed the numerical
results obtained by the proposed method and compared them to the results of state-of-the-art
DFO methods: NOMAD and RBFopt. We also built a toy problem that is closed to the real
application. The first results obtained on the benchmark functions and on SAFRAN’s appli-
cation are very encouraging. Our adapted method outperforms the other methods in term of
robustness and of simulation cost.

There remains many open possibilities for future work. First, we enlighted the sensitivity of
the results to the initial points. As we mentioned before, we apply a LHS design for continuous
and binary variables with rounding technique. We should build an initial set designed for binary
variables, especially for cyclic symmetric problems. An interesting idea to pursue is to build
a suitable initial design based on a positive definite kernel. [26,27] have shown the theoretical
proof that the Hamming distance is sufficient to build a positive definite kernel. We will study
the possibility to use the necklace distance which we proposed to build a positive definite kernel.

Another important issue to improve is the globalization of our method with respect to con-
tinuous variables (the globalization in sense of improving the local minima). As standard trust
region methods, our method is a local optimization method. A classical approach to overcome
the difficulty of local minima is the multi-start technique [9], [48]. The simulation cost and the
presence of binary variables may invalid this type of method.

Another promising proposal from professor Marcel Mongeau mentions about using branch
technique to work directly in necklace domain. From now we work in binary space (dimension
2" n number of binary variables). Thanks to necklace distance, we do not explore redundant
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rotated solutions. The idea is to create a tree of all the distinct arrangements and classify the
order of the leaves according to the number of 0 (1) in the arrangements. Then in the exploration
phase, we can use search techniques to find a solution in Step (1.5a) on the tree.



Future work and planning

For the main schedule in my thesis, I would split into four main phases. The time schedule is
arranging according to the last day in the contract with IFPEN 26/9/2021

1. Phase 1: Boosting Thesis (March 2020 to February 2021) This part includes
working days, meetings, attending conferences and writing papers

e First, for the upcoming period, we would try our best to improve initial interpolation
set using adapted design of experiment techniques. As explain in previous section, we
would discover continuous part which attempts to globalize the objective function.
We plan to submit my first paper to JoGO (Special issues in ICCSAMA conference).
Presentation of my first results in Safran and also discuss with Safran experts.
Presentation of my work at conference: DFO symposium (DFOS) at the University of
British Columbia (Canada), from Aug 10 to 14, 2020. EUROPT continuous optimiza-
tion working group of EURO at ENAC, Toulouse from 1 to 3 July, MASCOT-NUM
annual conference from 4th to 7th May 2020 at Aussois.

e We plan to collaborate with Sébastien Le Digabel (NOMAD contributor from GERAD,
Canada) and Giacomo Nannicini (RBFopt contributor from IBM): some interesting
ideas can be shared for DFO methods NOMAD, RBFopt and our DFO trust region
method, especially, regarding globalization.

2. Phase 2: Writing Thesis (February 2021 to June 2021) This part is for writing
final report respect to the deadline of submitting manuscript (before the defense at least
3 months)

e Focusing on writing the final report. Respect to requirements about limitation of
pages, report form, ensure the quality of the report

e During writing part, we expect to work upon a paper also (summarize of work since
midterm)

3. Phase 3: Writing Presentation (June 2021 to 25" September 2021) : This part
is for preparing
e Defense presentation.
e Rehearsal

e In parallel, if possible, we can think about papers

4. Phase 4: Defense day (26,/09/2021): Respect to the contract of working with IFPEN,
the last day of the contract is 26/09/2021. It has no doubt that we should defense on that
day.
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Professional project

During my internship at INRIA (Grenoble), I have realized that I am specifically interested in
application fields. Then the opportunity of working at IFPEN which collaborates with Safran
and ENAC en-boosted my orientation about my future work. It would be an excellent experience
if I could work for companies as Safran Tech, Airbus, EDF or laboratories which combine
academic and industry such as INRIA, ONERA, CEA.
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Appendix A

Toy problem

Single-degree of freedom model

In the following part, we illustrate a very simple model closed to Safran’s application: the
problem of determining a mistuning pattern of a cyclic bladed disk that maximize the vibra-
tion amplification. Following [10-12,32,37,40,49], we use a single-degree-of-freedom (DOF) per
blade disk model. To keep the notation clear throughout the section, we introduce the table of
nomenclature in Table (A.1):

Table A.1: Nomenclature using for single DOF model.

N : Number of blades

m; : Blade mass (kg)

k. : Coupling stiffness blade-to-blade (N/m)
ky  : Stiffness of reference blade (IN/m)

¢ : Damping value (N.s/m)

: Magnitude of exiting fore (N)

: Order of exitation

: Tuned blades

: Mistuned blades has 10% higher in k
: Deviation of volume (%)

S

In a theoretically dynamic analysis of a turbomachinery rotor, we usually assumed that the
blades are identical. But, in practice, it appears differences in their mechanical properties or
their geometry due to the manufacturing process. This mistuning may affect significantly the
forced response and the cyclic symmetry of bladed disks. Thus, we attempt to intentionally
mistune the design of the blades to analyse the impact on the cyclic property.

The consideration of intentional mistuning is not new, it is introduced and investigated in [10,
11]. Some papers [12,49] described a general optimization approach using genertic algorithms.
In this section, we focus on building the optimization of an intentional mistuning bladed disk
model.

We investigate the case with two sets of blades, called A and B. This symplification is due to
the complexity of modeling the manufacturing and certification process. It is highly reasonable
to keep the number of different types of blades as small as possible.

Two blades A and B are different from their geometry in reality: the thickness, the length of
the blades. These elements impact into frequency of blades. We consider a simple model whose
continuous variable be directly frequency.
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Figure A.1: Single DOF per bladed disk model

Figure (A.1) depicts the simplest model of a bladed disk: single DOF-sector model. The
motion equation of the system composed of n blades is, for blade 1,

m;&i + ey + —kexi—1 + kixg + 2kex; — kexjpr = Fi,i=1,.. ., N, (A.1)

where the blade stiffness k; = (14 6;)ks, the force induced by a harmonic engine order excitation
E, F; = Fyed@H®) | the phase of the excitation of blade i ¢; = 2r(i — 1)E/N. §; is a mistuning
parameter of stiffness for blade i. Let us assume the harmonic motion, i.e., x; = A;e/*",j =
v/—1, A; the amplitude of displacement of blade i. We thus obtain

— miw?z; + jwe; + —kexi_1 + (1 + 0;)kpx; + 2kex; — kexiyr = Fyyi=1,...,N. (A.2)
For the tuned, un-forced (F; = 0), un-damped (¢ = 0) case the equation of motion is
m;&; — kexi—1 + kpx; + 2kox; — kexipr =0,2=1,..., N.
According to ( [40]) the natural frequencies of the tuned system are given by the formula
W} =1+2R(1 —cosoy), k=1,...,N, (A.3)

2 _
where (2 = 5 R = &,Uk = 2m(k — 1)

kp ky N

,COS Ok = COSON+2—k-

We reformulate (A.2) as the form of the transform matrix. One notes that xy11 = x1, g =
zy from the cyclic property.

[-Mw? + juD + K|X =97, (A.4)
where M = diag(mo,...,my_1), D = diag(c,c, ..., c), K = diag(2kc+(1+6;) kp)+[—ke](1,n5),(v,1)
are respectively the mass, the damping and the stiffness matrix, X = (xq,...,2y_1)7,F =
(Fo,...,Fn_1)T are the vector of displacements and forces.

F
Ty —ke O ... 0 —k o Py
ke Tn ~ke ... 0 0 ! !
TX = ) ] ) ) . . Z2 = F , (A5)
ke O 0 ... —ke Tn_ :
c c N-1 No1 FNfl
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where T; = —m;w? + jwe + 2ke + (1 4 6;)ky, 6; = yi0,y; = 0 if blade A, otherwise y; = 1,6 >
0 isthe mistuning constant . Thus, (A.5) can be rewritten as

TA=7, (A.6)

where A = (Ag, A1,..., Ax_1)7, F = (E)izo,m’]\z,l,ﬁ’i = Fyel%. The above equation gives us
the form of the vector of amplitude magnification for forced response A = T—1F.

Using the comments in [10,11], we build our optimization problem in order to obtain the pat-
tern(s) that yield(s) the smallest value of the largest amplitude of response to a given excitation
by varying the number of the position of the mistuned blades

minimize  [|A|0o
W,y
subject to  w € [Wmin, Wmaz), (A7)
y e {0,1}".
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Appendix B

Fundamental theorem of calculus

Lemma B.1. (lemma 4.1.2, [17]) Let f : R® — R € C'. Then, for x,d € R, the direction
derivative of z in the direction of d exists and equals V f(x)Td. Furthernore

1
flo+d)— f(z) = /0 TV f(z + td)dt.

Proof. Applying the fundamental theorem of calculus of one variable to g(t) = f(z + td), we
have

Define x(t) = x + td, then by the chain rule, for 0 < a <1

dg, . <~ 0f(x(t)) da(t);
E(a) = £ W(x(a)) dt (a)
i, B.1
> 2 (oo B
i=1 ¢
= Vf(z+ad)ld.
By definition of g and equation (B.1) we obtain the lemma. O

Lemma B.2. (lemma 4.1.12, [17]) Let f : R™ — R™ be continuously differentiable, i.c., f € C
on D = B(x,A),x € D, and let V f be Lipchitz continuous at x in the neighborhood of D with
the Lipchitz constant v, then for any x +d € D,

Far+d) (&) — "V ()| < Sl (B2)
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Proof. By using lemma (B.1) we have
o) = 5@~ @) = | [ 95 bt 701 @)
=1 [ @@ st ) - v
< [ @ st 1) - s -
SLAHMTMKVfCB+t®-—Vf@0Wdt |

1
< / 1d" V]| + td — x| dt
0

2 ! 1 2
= vlal® | tdt = Svlal.
0



Appendix C

Benchmark functions

C.1 Luksan and Vlcek (2000) benchmark

Problem C.1. CB2.

F(z) = mmax fi(z),
fi(z) =7 + x5,
fo(@) =(2 = 21)* + (2 — 22)%,
fa(x) =2e™7"
Problem C.2. CBS3.
F(z) = max fi(x),
fi(z) =z + a3,
fo(z) =(2 — 21)* + (2 — 22)°,
fa(z) =2em7"

Problem C.3. QL.

Problem C.4. WF.
F(z) = max fi(z),

1<i<3
fi@) = + 4 2ad),
fala) = (-1 + T 20d)
f3(x) :%(«Tl - 9611:)—96(1)1 + 213).

67
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Appendix C. Benchmark functions

Problem C.5. PENTAGON.

Problem C.6. ROSEN-SUZUKI.

F(r) =

fi(x) =22 + 25 + 222 + 2% — 521 — Sag — 21a + Tay,
fo(x) =22 + 23 + 22 + 23 + 21 — 9 + 23 — 4 — 8,
fa(z) =22 + 223 + 22 + 227 — 21 — 24 — 10,

fa(x) :x% + x% + x% + 221 — x4 — 5.

Problem C.7. WONG 2.

Fz) = max fi(@),

max{ f1(z), fi(x) + 10f2(x), fi(z) + 10f3(z), f1(x) + 10fs(x)},

fi(z) =22 + 23 + xy29 — 1421 — 1629 + (3 — 10)? + 4(24 — 5)? + (25 — 3)*+
2(xg — 1)? + 522 4 7(xg — 11)% + 2(z9 — 10) + (210 — 7)* + 45,

r )
fi(x) + 10(527 + 8x2 + (w3 — 6)% — 224 — 40),

fi(z) +10(0.5(x1 — 8)% + 2(zo — 4)% + 322 — 26 — 30),
fi(x) +10(2? + 2(x2 — 2)% — 2229 + 1425 — 626),
fi(x) + 10(=3z1 + 622 + 12(z9 — 8)* — Tx1g).

X

()
()
()
()
()

x

x

S

fi(x) +10(3(x1 — 2) + 4(zg — 3)* + 223 — T2y — 120),
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Problem C.8. WONG 3.

F(z) = max fi(@),

fi(z) =22 + 23 + z129 — 1421 — 1629 + (23 — 10)> + 4(x4 — 5)? + (25 — 3)*+
2(:(}6 — 1)2 + 5%% + 7(1‘8 — 11)2 + 2(1‘9 — 10)2 + (.11() — 7)2 + (.%'11 — 9)2+
10(z10 — 1)2 + 5(z13 — 7)2 + 4(w14 — 14)% + 27(215 — 1)? + 216 + (217 — 2)°+

13(z18 — 2)% + (219 — 3)% + 23, + 95,
fo(x) =f1(z) +10(3(z1 — 2)? + 4(22 — 3)? + 223 — Tay — 120),
f3(x) =f1(x) + 10(52? + 8x9 + (23 — 6) — 224 — 40),
fa(@) =f1(2) +10(0.5(x1 — 8)* 4 2(w2 — 4)* + 322 — 26 — 30),
f5(2) =f1(x) + 10(2? + 2(x — 2)* — 22129 + 1425 — 626),
fo(x) =f1(z) + 10(=3z1 + 622 + 12(z9 — 8)% — Tx19),
fr(x) =fi(x) + 10(x? + 5211 — 8x19 — 28),
fs(x) =f1(x) + 10(4xy + 9z9 + 5223 — 9214 — 87),
fo(x) =f1(x) + 10(321 + 4wa + 3(z13 — 6)? — 14214 — 10),
fio(z) =f1(z) +10(142? + 35215 — 79216 — 92),
fir(z) =f1(z) +10(1523 + 11215 — 61216 — 54),
fr2(x) =fi(x) +10(52% + 29 + 927 — 218 — 68),
fis(z) =f1(x) + 10(ac — xg + 19219 — 20290 + 19),
fra(z) =f1(z) +10(72? + 523 + 229 — 30z90).

Problem C.9. MAD].

(z) 1<i<3
fi(z) =22 + 23 + 2129 — 1,
faler) =sin(a),
fa(x) = — cos(x2)

Problem C.10. MADj/.

F(x) = max fi(z),

fi(z) = —e" 77,

fo(x) =sinh(x; — 1) — 1,

fa(x) = —log(ze) — 1

C.2 Hock and Schittkowski benchmark

Problem C.11. HS2.
F(x) =100(zy — 22)% + (1 — z1)2

Problem C.12. HSS.
F(x) = z9 4+ 107° (29 — x1)*.
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Problem C.13. HS529log.

F(x) = log(100(zo — 22)? + (1 — 1)?).

C.3 Dixon—Szego benchmark

Problem C.14. Branin.

5.1 5 1
Fz) = (2 - (m) T+ —T1 6)? +10(1 — 87) cos(x1) + 10.

Problem C.15. Camel.
F(z) = (4 —212% + lel/3)x% + 2129 + (—4 + 42323
Problem C.16. Goldstein-Price.

F(z) = (14 (z1 +x2 + 1)%(19 — 14z + 32? — 1429 + 62129 + 373) )%
(30 + (221 — 312)%(18 — 321 + 1227 + 48z — 367172 + 2723)).

Problem C.17. Hartmans.

a =/ /3.0, 0.1, 8.0, 0.1],
[10.0, 10.0, 10.0, 10.0],
[30.0, 35.0, 30.0, 35.0] ]

P =] [0.36890, 0./6990, 0.10910, 0.08815],
[0.11700, 0.43870, 0.87320, 0.57430],
[0.26730, 0.74700, 0.55470, 0.88280]]

¢c = [1.0, 1.2, 8.0, 3.2]

F(ﬂs):—Zcie 7=1

Problem C.18. Hartmant.

a = [ [10.00, 0.05, 3.00, 17.00],
[3.00, 10.00, 3.50, 8.00],
[17.00, 17.00, 1.70, 0.05],
[3.50, 0.10, 10.00, 10.00],
[1.70, 8.00, 17.00, 0.10],
[8.00, 14.00, 8.00, 14.00] ]

p = [ [0.1312, 0.2529, 0.2348, 0.4047],
[0.1696, 0.4135, 0.1451, 0.8828],
[0.5569, 0.8307, 0.3522, 0.8732],
[0.0124, 0.3736, 0.2883, 0.5743],
[0.8283, 0.1004, 0.3047, 0.1091],
[0.5886, 0.9991, 0.6650, 0.0381] ]

¢c = [1.0, 1.2, 3.0, 3.2]
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Problem C.19. Shekel?7.
a =/[ [4.0, 1.0, 8.0, 6.0, 3.0, 2.0, 5.0],
[4.0, 1.0, 8.0, 6.0, 7.0, 9.0, 5.0],
[4.0, 1.0, 8.0, 6.0, 3.0, 2.0, 3.0],
[4.0, 1.0, 8.0, 6.0, 7.0, 9.0, 3.0] ]
c=[0.1, 0.2, 0.2, 0.4, 0.4, 0.6, 0.3]
’ 1
F(l’)z—z 1
=13 (@ —aq)? + ¢
=1
Problem C.20. Shekell0.
a =/[ [4.0, 1.0, 8.0, 6.0, 3.0, 2.0, 5.0, 8.0, 6.0, 7.0],
/4.0, 1.0, 8.0, 6.0, 7.0, 9.0, 5.0, 1.0, 2.0, 8.6],
[4.0, 1.0, 8.0, 6.0, 3.0, 2.0, 3.0, 8.0, 6.0, 7.0/,
/4.0, 1.0, 8.0, 6.0, 7.0, 9.0, 3.0, 1.0, 2.0, 3.6] ]
c=[0.1, 0.2, 0.2, 0.4, 0.4, 0.6, 0.3, 0.7, 0.5, 0.5]
! 1
F(z)=-) 0—
=1 3w — ai)? + ¢
=1
C.4 GLOBALLIB benchmark
Problem C.21. ex8_1_1
F(z) = cos(z1) sin(a2) — I;’i -
Problem C.22. ex8_1_4
F(x) = 1227 — 6.32] 4 25 — 62129 + 623.
Problem C.23. Permé.
B = 60,
6 6 .
F(z) = i+ 1)k L —1))% + 1000.
(z) ;(;((H ) +ﬁ)((i+1)k )+
Problem C.24. PermS.
8 =100,
8 8
F(z) =Y " (G +1)+8)(=F —( )*)2 + 1000.

k=1 =1 (Z + 1)
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C.5 MINLPLib2 benchmark

Problem C.25. Sporttournament.

F(x) =2x123 — 221 + 223 + 20127 — 227 + 22006 — 229 — 225 + 202210—
dx10 — 22314 + 224 — 223210 — 203214 — 22475 + 20429 — 2T9—
2x4715 + 20506 — 226 + 22508 — 208 + 2T6T9 — 2x7x8 + 2712+
2w7wy3 + 2wsw10 + 208215 + 209711 — 2211 — 229213 + 22010711+

2710712 — 2013715 + 2214T15.
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