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1 Introduction

Super Smart Society (Society 5.0)" and Bioeconomy” get attention recently as smarter or more advanced
concept to realize pre-symptomatic state, healthy life expectancy, circular economy, and energy efficiency and
conservation. To adapt to this trend, industry transformation 1s required, such as product design has more
efficiency or manufacturing process is fundamental reformed by smart cells or genetics. Conversely, many
systems become more large-scale and complex according to an appearance of System of Systems (SoS), which
1s a new kind of system consisting of connected various systems with operational autonomy and control
autonomy (e.g., distribution system, medical system, power and energy system, or railway system).

From this background, the need for practical optimization is growing more urgent. Achieving this needs
an integrated methodology by combination of not only on optimization theory but also surrounding
technologies, such as simulation, artificial intelligence-based (AI) modeling, and computing technologies; e.g.,
general-purpose graphics processing units (GPGPU). This type of optimization is data-driven approach using
on-line data obtained from simulator or sensor, called black-box optimization (BBO). BBO uses only design-
variable value and its objective-function value because the objective function is black-box or expensive
function with its unknown landscape. Mathematical programming, which 1s a classical optimization
algorithm’s class using analytical information about the objective function (e.g., gradient or Hessian matrix)
and its properties (e.g., convexity or variable dependency), cannot be applied to BBO. Therefore, BBO
technology with an ability to adapt to quickly change of the environment surrounding optimization is required.
This article focuses some representative approaches of BBO especially metaheuristics”. This article reviews
its overview, desirable properties, constraint-handling techniques, and its applications based on recent
research trends.

Mathematical notations used in this article are as follows; R denotes the set of real numbers, N denotes
the set of natural numbers, @ denotes the empty set, respectively. [a, b], (a, b) denote the closed interval and
the open interval between a and b, where a, b € R (a < b). The probability distributions V', U (a, b) denote
the multi-variable standard normal (or gaussian) distribution and the continuous uniform distribution within

[a, b].

2 Black-box optimization

This article focuses on an unconstrained optimization problem minimizing an objective function f(x), but
Section 4 does on a constrained optimization problem minimizing the objective function f(x) such that
constraints g, (x) < 0 (x = 1,2, ..., K)'; where x € RY denotes the design variable, f: RY = R denotes the
objective function, and g, (x): RN - R (k = 1,2, ..., K) denotes the K constraint functions, respectively.
Direct-search or derivative-free method, and sequential model-based optimization (SMBO) are global
optimization or BBO approach. They search the global optima efficiently in black-box or expensive function
using only design-variable value and its objective-function value, not the gradient to reduce a risk of getting
trapped at low-grade local optima. While the direct-search or derivative-free method search the optima in the

objective function directly (e.g., metaheuristics or evolutionary algorithm), SMBO does it indirectly using a

" Constraint condition is classified as unequally and equally constraints, but this article only focuses on unequally

constraints because equally constraints are often relaxed to unequally constraints by introducing small tolerance.



surrogate function sequentially, i.e., response surface methodology’. The procedure of SMBO is the

following:

(1)  Step 1: generating a surrogate function to approximate the objective function based on obtained
data set of the design variables x and the objective-function values f(x).
(i) Step 2: obtaining the temporary optima in the surrogate function.

(1) Step 3: sampling based on the obtained optima.

For example, Bayes optimization or Kriging method” is a well-known SMBO and iterates the following steps:
generating a probabilistic surrogate function from sample data (e.g., Gaussian process regression);
constructing an acquisition function corresponding to the surrogate model and searching its maxima (e.g.,
expected improvement); and sampling next candidate solutions around the maxima. SMBO is expected to
advance by combination of Al-based modeling (e.g., the kernel method, ensemble learning, or deep learning);
global optimization algorithm or the direct-search method*; and sampling techniques’.

This article reviews the direct-search method as a core BBO technique, especially metaheuristics.
Metaheuristics (or evolutionary algorithm) is a heuristic algorithm framework inspired by nature or physical
phenomena; e.g., genetic algorithm and particle swarm optimization’. In metaheuristic algorithms, multiple
search points (or population) search the global optima by updating or sampling iteratively in the solution
space. I = 1,2, ..., m denotes the index of search points, k € N denotes the iteration counter, m € N denotes
the number of search points, xi(k) € R" denotes the position of the i-th search point at k, respectively. They

have the following features:

¢ Approximation method: which finds approximate solutions with highly optimality in a practical
amount of time;
¢ Stochastic method: which uses pseudo-random numbers and can deal with uncertain values;

* Multi-point type search method: which has multiple search points interacting with each other.

Especially, they are expected as an effective approach to BBO from the viewpoint of the stochastic and multi-
point type search method having advantages of reducing a risk of getting trapped at low-grade local optima in

multimodal objective function, and benefiting from the evolution of parallel computing using GPGPU.

3 Robustness and adaptability for black-box optimization

This section provides (1) robustness and adaptability of metaheuristics as effective properties in BBO and (2)

example algorithms with their properties.
3.1 Robustness and adaptability of metaheuristics

It 1s important or required for users to select an appliable and appropriate algorithm and set its tunable
parameters so that they are adapted to the class and analytical properties of the optimization problem. These

properties make some difficulties as the following:

* It needs global optimization for the surrogate function in SMBO to be complex or non-linear assuming that the

objective function is non-convex or multimodal.



* Separability (Decomposability) / Non-separability (Dependency): whether there is an existence of
cross term between each coordinate of the search space in the objective function.
* Well-Scaling (Well-Conditioning) / Ill-Scaling (Ill-Conditioning): whether different directions in

the search space show a largely different sensitivity in their contribution to the objective function.

¢ Uni-Modal (Convex) / Multi-Modal (likely Non-Convex): whether there are multiple local

optimal solutions in the landscape of the objective function.

¢ Origin-Independency / Origin-Dependency: whether the search depends on translation of the

origin in the solution space.

Conversely, BBO makes it impossible for users to know and use this information in advance. When applying
metaheuristics to BBO, the search performance and parameter setting are affected by these difficulties. From
this reason, users need to perform inefficient trial-and-error engineering. Therefore, it is desirable that
metaheuristics for solving BBO have robustness and adaptability. In this context, the meaning of robustness

and adaptability are the following inspired by modern control theory:

¢ Robustness: is the algorithm’s properties which the search performance is maintained as the
problem’s properties changing even with its parameter being fixed during the search process.
¢ Adaptability: is the algorithm’s ability of dynamically tuning its parameter so that it adapts to the

problem’s properties gradually during the search process.

Transformation invariance has been proposed as a property producing robustness. If we assume that a
pseudo-random number sequence during the search process holds the same, transformation invariance is the
quality of the search performance being reproducible with respect to transformation of the solution space or
objective function (.e., producing the same or similar results)”. Whether metaheuristic algorithm has
transformation invariance depends on the case. When an algorithm lacks invariance to a certain
transformation, it i1s shown that significant performance changes depending on this transformation.
Transformation invariance is distinguished between two-types: invariance to transformations of the solution
space and the objective function value f. Invariances giving an effectiveness of BBO are the following:

« Similarity invariance: which is invariant property to similarity transformation T: RN — RY of the

search space; 1.e., T: x » ax, where a € R.

* Scale invariance: which is invariant property to scaling T: R¥ — RN of the search space, including
similarity transformation; i.e., T: x = Dx, where D € RV*N denotes a diagonal matrix.

* Rotational invariance: which is invariant property to rotation T: R¥ — R of the search space;

i.e., T:x = Dx, where D € RM*N denotes a rotation or orthonormal matrix.

« Linear invariance: which is invariant property to linear transformation T: R¥ — RY of the search
space, including scaling and rotation; i.e., T: x = Dx, where D € R¥*N denotes a representation
matrix.

* Translation invariance: which is invariant property to translation T: R¥ — RY of the search

space; 1.e., T: x = x — t, where t € RN denotes a translation vector.



« Affine invariance: which is invariant property to affine transformation T: R¥ — R of the search
space, including linear transformation and translation; i.e., T: x = Dx — t, where D € RVN*V t €

RY denote a linear-transformation matrix and a translation vector, respectively.

* Monotonic invariance of f: which 1s invariant property to monotonic or order preserving
transformation T: R — R of the objective function value f; e.g., T satisfies T (f;) < T(f2)
whenever f; < f5, where f1, f, € R.

To deal with difficulties or necessary properties (e.g., ll-scalability, non-separability, and origin-dependency
i the solution space), affine invariance (including scale nvariance, rotational invariance, and translation
invariance) is important because the search efficiency preserves regardless of them. Monotonic invariance of
the objective function also 1s important because the search efficiency may preserve between non-convex (uni-
modal) and non-continuous objective function, and convex continuous objective function. Invariance is
extremely useful in evaluating the performance of heuristic methods because it can generalize to the complete
class of problems induced by the invariance.

Adaptive parameter tuning has been proposed as a function producing adaptability. Intensification and
diversification are well-known search strategies in metaheuristics and lead to outstanding performance”. It is
important to set and tune parameters appropriately because search dynamics can change depending on
parameter. Parameter tuning is distinguished between the following two-types inspired by system control

theory”:

* Feedforward tuning: which gives a parameter-tuning schedule before searching and tunes

parameter following this.

¢ Feedback tuning: which gives a parameter-tuning rule in response to the search state or dynamics

during the search process.

The search dynamics can be evaluated based on the search history of the set of search points. Therefore,
adaptive parameter-tuning rule based on the search history is expected to reduce the effort in parameter-
setting and tuning and lead to excellent performance. Kanemasa and Aiyoshi (2012)” shows the above concept
of parameter tuning and designs a new adaptive parameter rule providing excellent performance by genetic
programming.

Additionally, parameter-tuning rules may have an influent on an algorithm’s invariance. For this reason,

mvariance-based design guidelines for parameter-tuning rules are the following:

(1) Guidehne A: when an algorithm has a certain imnvariance, we add tuning rules so as to preserve
the mnvariance;
(1) Guidelne B: when an algorithm lacks a certain invariance, we add tumng rules so as to

compensate for the invariance.

Accordingly, metaheuristics with transformation invariance and adaptive parameter-tuning rules are thought

to result in good robustness and adaptability for BBO.
3.2 Example metaheuristics with robustness and adaptability

This subsection describes example metaheuristics following the above guidelines; the covariance matrix

adaptation evolution strategy and the adaptive particle swarm optimization with rotational invariance.

3.2.1 Covariance matrix adaptation evolution strategy (CMA-ES)



Evolution strategy (IES) is a metaheuristic algorithm inspired by the evolution process in biology or nature. In
ES, a single search point moves through random walk distributed according to the normal distribution. The

update rules of IS are expressed by Equations 1 and 2.
x=x(k)+os (1)
= F(R) <
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Here, s € RY denotes a random vector distributed according to the multi-variable standard normal
distribution V', ¢ > 0 denotes the scale parameter. ES lacks similarity and scale invariance, so it 1s typically
used with an adaptive parameter-tuning rule called one-fifth success rule, tuning the scale parameter o
according to the improvement frequency of the search point.

Conversely, Covariance Matrix Adaptation Evolution Strategy (CMA-ES) has been developed as a multi-
point ES and various versions of CMA-ES have been proposed; e.g., (1/i,,, 1)-CMA-ES". A search steps of
a typical CMA-ES using weighted recombination, covariance matrix adaptation (CMA), and step-size

adaptation (SSA) is the following:

(1)) Step 1: sampling the next position of search points from the normal distribution according to

Equation 3, which has a covariance matrix C(k) € RV*N and a scale parameter a(k) > 0.

xik+1)=m+ a(k)A/l%si 3)

(i) Step 2: deriving a mean vector m € R using weighted recombination of the search points with
superior objective-function value f(x!(k + 1)).
(i11) Step 3: updating the parameters C(k) and o (k) according to the search state using CMA and SSA.

Here, s € RY denotes a random vector distributed according to the multi-variable standard normal
distribution N , A = (ay,a,, ...,ay) € RN denotes the basis transformation matrix, and A =
diag(Ay, 45, ..., Ay) € R¥*N denotes the eigen matrix, respectively. {(a;,11), (@, 13), ..., (@y, Ay)}(A1 =
Ay = -+ = Ay) are pairs of the eigenvector and eigenvalue of the covariance matrix C(k).

CMA-ES has the following meaningful features for BBO:

* To have affine transformation invariance and monotonic invariance of the objective function f
¢ To realize intensification and diversification-based search strategy by adaptive parameter-tuning
rules so as to the search points move to a superior region obtained through the search process;

* To be provided recommended values for all parameters.

Parameter-tuning rules of ES following the design guideline B in Subsection 3.1 give an equivalent effect of
adding affine mvariance to ES; e.g., the one-fifth success rule, CMA, and SSA. It is expected that CMA-ES
has high search performance according to the fact that an advanced version of it 1s highly ranked in BBO
competitions called Black-Box Optimization Benchmarking workshop (BBOB)".

3.2.2 Adaptive particle swarm optimization with rotational invariance

Particle swarm optimization (PSO)” is a metaheuristic algorithm inspired by swarm intelligence in biology.

The update rules of PSO are expressed by the following equations.
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Here, w, ¢1,c; > 0 denote PSO’s parameters, Ry = diag(Rs1, Ryz, ..., Ron) € RNV (£ = 1,2) denotes a
random number matrix, and Ry, (n = 1,2, ..., N) denotes random number distributed according to the
uniform distribution U(0,1), respectively. Especially, pi(k) € RY denotes a personal-best solution called p-
best, p9 (k) € RN denotes the group-best solution called g-best.

PSO has room for improvement in both of adaptability and robustness to various conditions. Yasuda et
al. (2008)" have proposed the swarm activity P as a metrics of the search state in the terms of intensification
and diversification, and derived accurately the stable and unstable regions in the PSO’s parameter space using

it. The swarm activity P 1s expressed by Equation 9.

1 .
P(k) = m_m;”” || 9)

Moreover, the activity feedback PSO (AFPSO) is proposed as a new-type PSO with an adaptive parameter-
tuning rule to control the swarm activity P during the search process™. The update rule of AFPSO consists

of PSO and a tuning rule for the inertia parameter w. The tuning rules for w(k) are expressed by Equations
10 and 11.

w(k + 1) = w(k) + sgn(P(k) — P,(k))Aw (10)
k
_ Estart  €end Kmax _ ]
Pe(k) = =2 (S s — Yo (an

Here, ¥max Ymin € RY denote the vectors determined from the initial search points, kpax € N denotes the
iteration counter max, and sgn: R — {—1,1} denotes the sign function, respectively. After updating w(k)
with Equation 10, we revise it so that w(k) € [Wpin, Wmax]- This tuning rule adjusts w(k) so that the swarm
activity P (k) follows a target value P; (k). Itis shown that AFPSO has better search performance than PSO
with various parameter-tuning rules'.

However, Kumagai and Yasuda (2017 and 2019)""" have pointed out that AFPSO has scale invariance,
translation invariance, and monotonic invariance of f, but lacks rotational invariance such as PSO with
various parameter-turning rules through mathematical proofs and numerical simulations. On that point, the
adaptive PSO with rotational invariance using correlativity (adaptive CRI-PSO) have proposed as a new-type
PSO with both of rotational invariance and the adaptive parameter-tuning rule”. The update rules of the
adaptive CRI-PSO are basically the same as that of AFPSO, except that Equation 4 1s revised to Equation 12.

vi(k + 1) = wk)vi(k) + c,AR,AT (pi(k) - xi(k)) + c,AR,AT (pg(k) — x (k)) (12)



Here, A = (ay,ay, ...,ay) € RVN denotes the basis transformation matrix, and {ay, @, ..., ay} are the
eigenvectors of the covariance matrix based on the p-best distribution P (k). In the tuning rules for w(k) of
the adaptive CRI-PSO, parameters AW, Etart, €end» Winin» Wmax > 0 are added’.

The adaptive CRIPSO controls the swarm activity P(k) while determining the perturbation direction
from the p-best distribution P (k). In the above the parameter-tuning rule, controlling the search state
according to the ideal ensures that the intensification and diversification-based search strategy is realized. This
strategy 1s expected to give the adaptive CRI-PSO highly adaptation. Additionally, the adaptive CRIPSO
consists of Equation 12 and the above parameter-tuning rule; and has similarity, rotational, and translation
mvariance in the solution space and monotonic invariance of f. But, because adding parameter-tuning rule
preserves these invariances, this satisfies the design guideline A in Subsection 3.1. Thus, it 1s expected to have
high robustness and adaptability. In fact, the search performance of the adaptive CRI-PSO is shown to be
superior to that of PSO and AFPSO through numerical experiments".

CMA-ES and the adaptive CRI-PSO are common in the following points:

(1) They get transformation-invariance by using the covariance matrix based on the solution set
obtained in the search process.
(i) They get adaptability by parameter-tuning according to the intensification and diversification-based

search strategy.

4 Constrained black-box optimization

The direct-search method including metaheuristics is considered to be unconstrained optimization problems,
but we need to consider constraints in real-world use. This section describes classes of constraints in BBO

and methods for handling them.
4.1 Classes of constraints in BBO

This section focuses on constrained optimization problem in BBO. A solution satisfying all constraints is
called feasible solution, and a solution not satisfying a constraint 1s called infeasible solution or constraint-
violating solution. The notation F denotes the set of feasible solutions called feasible region.

Constraints can be classified according to their analytic properties and formal properties. In terms of
analytic properties, we can classify constraints as either linear constraints including non-negative constraints
and upper/lower bound constraints, or non-linear constraints'. In terms of formal properties, we can classify
constraints including simulation-based optimization or BBO based on the form. QRAK" is a taxonomy rule

with four following perspectives:

* Kumagai and Yasuda (2019)" gives the following recommended values to for these parameters. ¥ max ¥ min are
determined by the region for initial search points. Wy, a4, Wiin should be to across the boundary line between stable
and unstable regions in PSO’s parameter space. It is pointed out that the boundary line 1s located inside the region
w € [0.5,1.0] while ¢; = ¢, = 1.4955 through parameter analysis.

' Besides linear constraints and non-linear constraints, there are discrete constraints and level-sets constraints

determined by objective-function values.



* Quantifiable (Q) / Nonquantifiable (N): whether the degree of constraint violation can be

quantified;

* Relaxable (R) / Unrelaxable (U): whether a constraint-violating solution can be evaluated;

* A prior (A) / Simulation-based (S): whether a simulation is needed to evaluate a solution;

¢ Known (K) / Hidden (H): whether the existence of constraints is known.

Constraints can be classified to 16 types according to the QRAK rule’.

This includes situations such as when constraint-violating solutions cannot be evaluated due to reasons
on simulator’s side, or when the simulation does not have completed successfully. In practical use, many cases
are QRAK or QRSK constraints. The reason for this is that a binary constraint meaning whether a solution
1s feasible or infeasible can be quantified as numerical constraint violation, or constraint-violating solutions
can be evaluated in some reasonable way. It would be meaningful to know classes of constraints in BBO more

broadly, and to consider handling methods matching them. Subsections 4.2 and 4.3 will explain methods for
handling QRAK or QRSK constraints.

4.2 Classical method for constraint handling

Classical method for constraint handling is a type of problem-transformation method called the penalty-
function method. If the class and properties of objective or constraint functions are clear, you can apply a
method for constraint handling that matches the class of problem. For example, if the objective function and
constraint functions are convex, a convex optimization method that uses analytic information about their
functions (gradient or Hessian matrix) can solve this problem by constructing a new convex objective function
mtroduced penalty function; and converting the problem to an unconstrained optimization, which called the
augmented Lagrangian function. Equation 18 shows the augmented Lagrangian function L: RNV — R with a

penalty function.

L(x) = f(x) + A¢(x) (13)

Here, f :RY - R denotes the objective function, ¢b: RY - R denotes the penalty function, and 2 > 0
denotes the penalty coefficient, respectively. Many definitions for penalty function ¢ are possible, but a typical

definition 1s formulated as Equations 14 and 15.

K
() = 0(x) (14)
k=1

2,(x) = max{g,(x), 0} (15)

An amount of constraint violation v(x), which amount of violating a constraint or all constraints, is basically

defined by v(x) = ¢(x) and v, (x) = 2,(x).
4.3 Methods for constraint handling in BBO
4.3.1 Constraints handling techniques

’ Actually, the QRAK rule classifies constraints into nine types because it is not possible to calculate or quantify

numerical constraint-violation value if the existence of them 1s unknown.



Table 1 Summary of studies on constraint handling techniques

- Penalty-based CHT Separatist-based CHT Multi-objective-based CHT
None Death penalty” — _
Inexplicit | Static penalty”, Feasibility rule”,
Dynamic penalty"”, Stochastic ranking™, —
Adaptive penalty” & constraint method™,
GCR”, HSR”, MCR”
Explicit ASCHEA™ MCODE", Two-phase framework™,
TNSDM* IDEA", DeCODE”,
Adaptive Weighted MOEA/D™

The classical penalty-function method 1s not effective for constrained optimization problem including the
black-box or non-convex objective function and constraint functions. Difficulties in this class of problem are

the following:

(1) Because there are multiple local optimal solutions in the feasible region F being non-convex or
disconnected, it needs a global search capability.
(i) Typically, because the global optimal solution is located on the boundary of the feasible region F,

it needs an efficient search on this boundary.

The constraint handling techniques (CHT's) have been developed as methods expanding the applicable scope
of metaheuristics to this class of problems and cope with the above issues”™"”. Metaheuristic algorithm searches
the global optimal solution by selection superior solutions. The selection operation evaluates and compares
solutions obtained through multi-point search according to a metrics called fitness function S(x). While the
selection for unconstrained optimization uses the fitness S defined by the objective-function value f, CHTs
use the fitness S defined by the objective-function value f and amount of constraint violation v. Additionally,
1t has been pointed out that using constraint-violating solutions is important for improving search efficiency in
constrained BBO". According to the above discussion, CHT's can be largely classified depending on the

following viewpoint:

(1) CHTs can be categorized as penalty-based, separatist-based, or multi-objective-based method
depending on the definitions of fitness S.

(1) CHT:s can be categorized as “none”, “mnexplicit”, or “explicit” class depending on degree of
g p p p g g

utilization of constraint-violating solutions.

Table 1 shows summary of studies on CHT's categorized based on these criteria. We will provide a description

of each approach in next subsection and beyond.
4.3.2 Penalty-based CHT

The penalty-based CHT uses the augmented Lagrangian function L defined in Equation 18 as the fitness, but
it differs from classical penalty functions in terms of the way it treats the penalty coefficient A. The death
penalty”, static penalty”, and dynamic penalty” have been proposed as the penalty-based CHT. The death
penalty assigns an extremely bad value (or an infinitely large value) to the penalty coefficient A for constraint-
violating solutions, and searches only using feasible solutions. The static penalty assigns a constant to A and

the dynamic penalty increases A according to a given schedule during the search process. However, the search



performance is deteriorated, and a feasible solution cannot be obtained without a properly set or tuning for
the penalty coefficient A. For example, the fitness function L highly depends on scale differences between
constraint functions because of lacking monotonic invariance of the objective function and constraint
functions if the amount of constraint violation v 1s defined in Equation 14.

On that point, the adaptive penalty” and ASCHEA™ have been proposed as the penalty-based CHT for
adaptively tuning the penalty coefticient during the search process. In the adaptive penalties, a fitness function

S of a constraint-violating solution x in a solution set X 1s formulated as Equations 16, 17, and 18.

K
S@) = FE)+ ) Aevie®) (16)
k=1

f(x) = max{f(x), f} 17)
Ui

A = |f] SK_ 7.2 (18)
Here, the notations f, U denote the mean objective function value f and the mean amount of constraint
violation v, respectively; and their mean values are averaged of f and v, of solutions in the solution set X'.
Thus, 1t 1s possible to mitigate the above deficiency by assigning different penalty coefficients for each
constraint function and adaptively tuning in response to the objective-function value and each amount of
constraint violation obtained in the search process. However, because many the penalty-based CHTs do not
make use of the order relationship between the amount of constraint violation of solutions, it 1s thought that

the usefulness of constraint-violating solutions be low.
4.3.3 Separatist-based CHT

The separatist-based CH'T separates objective-function values f and amount of constraint violation v, and
evaluates and compares solutions; they can be classified as either switching-based or ranking-based CHT. The
switching-based CHT selects and uses either of the objective-function value or the amount of constraint
violation as a fitness S. Feasibility rule”, stochastic ranking®, & constraint method (eCM)*, and MCODE"
have proposed in this category. In eCM, when comparing two solutions x and y, the order relation of fitness

S 1s defined in Equation 19.

f) < f); vix),v(y) <e

Sx)<S(y) e { v(x) < v(y); otherwise (19

Here, € > 0 denotes a threshold parameter for the amount of constraint violation and decreases to almost 0
gradually during the search process, since the search points improve the objective-function value after they
move to near the feasible region early on.

The ranking-based CHT uses a fitness S based on a total rank in a solution set. The total rank consists
of rank based on objective-function values and rank based on amount of constraint violation. Global
competitive ranking (GCR)”, Ho-Shimizu ranking (HSR)*, multiple constraint ranking (MCR)*, and
TNSDM™ have proposed in this category. In MCR, the fitness function S(x) of a solution x in a solution set

X 1s formulated as Equation 20.
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(20)

Here, Rf, R, , Ry, denote a rank of objective-function value f, ranks for each amount of constraint violation
V., and a rank of constraint violation count, respectively; and their ranks are determined from an order
relation in the solution set X'. Because the separatist-based CHT's make use of the order relation between the
amount of constraint violation, it 1s thought that they make better use of constraint-violating solutions than
penalty-based CHT.

4.3.4 Mult-objective-based CHT

The multi-objective-based CHT converts a single-objective constrained optimization problem into a two-
objective (objective-function value f and amount of constraint violation v) unconstrained optimization
problem; and uses evaluations and comparisons of the solution in multi-objective optimization. The terms of
multi-objective optimization in the mult-objective-based CHT are explained below. Multi-objective
optimization finds a Pareto optimum set in the objective function space considering trade-off relationship
between each objective function while the multi-objective-based CHT finds a feasible global optima in the
space (f, V). Superiority relation (Pareto dominance) gives superiority or inferiority relation between two
solutions 1n the space (f, v). When two solutions x, y satisfy Equation 21, an order relation between x and

¥ 1s called “x dominates y” or “x 1s superior to y”.
F@ <frvx) <vM)A(fR) < fOVvx) <v(y) (1)

In a solution set X, a solution x € X to be not dominated by all other solutions y € X 1s called non-
domunated solution or Pareto solution. A set of non-dominated solutions in the solution space 1s called Pareto
optimum set or Pareto frontier. A feasible solution 1s located on the f-axis in the space (f, v) and means
weakly Pareto solution. Note that the multi-objective-based CHT aims to find the only feasible global optima
located on the mtersection of the Pareto frontier and the f-axis in the space (f, v), not the entire of this
region.

The multi-objective-based CHT can be classified as either the Pareto ranking-based or decomposition-
based CHT in the viewpoint of multi-objective optimization approaches. Pareto ranking gives candidate
solutions a rank-based fitness constructed by superiority relation and crowded distance in the objective-
function space, and is used in NSGA-II"" for multi-objective optimization. The Pareto ranking-based CHT
uses the fitness based on Pareto ranking in the space (f, v). However, even if feasible solutions are obtained
in the search process, they are easily eliminated because they are weakly Pareto solutions. On that point, as
the Pareto ranking-based CHT preserving some feasible solutions during the search process, the two-phase
framework™ and the infeasibility driven evolutionary algorithm (IDEA)” have been proposed. IDEA
preserves both of feasible solutions and constraint-violating solutions in the search points, and assigns two-
types fitness for each solution set. One fitness of feasible solutions is the objective-function value f, and the

other fitness of constraint-violating solutions is a rank R,, based on Pareto ranking. In IDEA, when comparing



two feasible solutions or two constramt-violating solutions, the order relation of fitness S i1s defined in
Equation 22.

f<fy)s xyeF
S@ =5 e {Rp(x) <SR,ixyeF (22)

Decomposition decomposes a multi-objective optimization problem into a set of single-objective
optimization subproblems and solves them in parallel by a scalar-based fitness function with a different weight
parameter w! € [0,1] assigned for each search point xt; and is used in MOEA/D" for multi-objective
optimization. The decomposition-based CHT uses the above problem decomposition in the space (f, v).

The scalarizing function S of the weighted sum 1s formulated as Equation 23.
SGsw) =wf(x) + (1 -w)v(x) (23)

Note that MOEA/D for multi-objective optimization assigns the weights to constant value during the search
process and distributes them uniformly in the objective function space to find the entire of the Pareto frontier,
but this 1s not effective of constrained optimization to find the only feasible global optima finally. On that
point, as the decomposition-based CHT with weight-tuning rule dynamically during the search process,
DeCODE™ and the adaptive weighted MOEA/D™ have been proposed. DeCODE uses a weight-tuning rule
dynamically so that the search region 1s limited from the violation region to the feasible region gradually. The
adaptive weighted MOEA/D uses a weight-tuning rule adaptively so that the search region is balanced to cover
the boundary of the feasible region F, and the tuning rules for w' are expressed by Equations 24 and 25.
wik) = ) —— 24
m-—1
re(k); x'(k) € F
yqa(k); ohterwise

a(k +1) ={ (25)

Here, a € [0,1] denotes a variable parameter for controlling the distribution of weights w' in the space
(f,v), xt(k) denotes the search point having t-th weight wt. y, > 1,74 € (0,1) denote an increasing
coefficient and a decreasing coefficient, respectively. After updating w with Equation 24, we revise it so that
wi(k) € [8,1], and after updating a with Equation 25, we revise it so that (k) € [0,1]".

The multi-objective-based CHT makes the most utilization of constraint-violating solutions than the
penalty-based and the separatist-based CHT's because an effective search works on trade-off regions between
objective-function value f and amount of constraint violation v by superiority relaton. The Pareto ranking-
based and the decomposition-based CHT's have the following advantages and disadvantages:

* Pareto ranking-based CHT:

- Advantage: it is possible to search the trade-off region while not being affected by a difference
between f and v scales; or a shape of the Pareto frontier because the fitness S 1s determined

only from ranks in the space (f, v).

* Yasuda et al. (2022)* gives the following recommended values to for these parameters; a(1) = 1.0,t =
10.8m],y, = 1.001,y4 = 0.999,5 = 10~1>,



- Disadvantage: it 1s difficult to gain feasible solutions if the Pareto frontier 1s large in the solution
space, which the feasible region i1s narrower than the violation region, because it searches the
entire of the region uniformly.

* Decomposition-based CHT:

- Advantage: it is possible to improve an ability to gain feasible solutions by weight tuning so that

the search region 1s limited to a part of the Pareto frontier because solutions converges almost

surely and the weights corresponds to the Pareto solutions basically.

- Disadvantage: it is difficult to maintain the limitation in the space (f, v) as ideal and the
corresponding relation between the weights and the Pareto solutions if the difference between
f and v scales is large™; or a scalarization function S does not match the shape of the Pareto

frontier near the optimal solution’.

Both approaches are complementary, but there 1s a difference in effectiveness on constrained optimization.
The Pareto ranking-based CHT preserves some feasible solutions in the search process, but it 1s relatively
disadvantaged in finding the only feasible global optima because the search region cannot be limited to the
part of the Pareto frontier. In contrast, the decomposition-based CHT can search the limited region, and its
disadvantage 1s considered less serious than the Pareto ranking-based CHT according to the following

reasons:

(i) The difference between f and v scales can be suppressed by normalization or standardization™.
() Even if the uniformity of approximation to the Pareto frontier is reduced a little, there is some

effectiveness.

In fact, Yasuda et al. (2022)” confirmed that the adaptive weighted MOEA/D is superior to the separatist-
based CHT and the Pareto ranking-based CHT in terms of both of convergence on a feasible solution and
global optimization performance thorough numerical simulation. From the above, the decomposition-based
CHT 1s considered advantageous in constrained optimization in terms of the ability to gain feasible solutions.
4.3.5 General comment

According to the above review, because CHT's use the order relation in the solution set obtained in the search
process, they have a high affinity for metaheuristics with multi-point and direct-search method. As showing
Tablel, CHTSs can be largely classified based on the viewpoint of definition of fitness function and degree of
utilization of constraint-violating solutions; and especially the multi-objective based CHT makes the most
utilization of them. But the fitness function § in CHTs 1s deeply related to intensification and diversification-
based search strategy, and transformation invariance; e.g., the monotonic mvariance of objective function f
and each constraint function g,. In the future research, it 1s desirable to develop and combine metaheuristic

algorithms and CHT's for constrained BBO considering the above strategy or property totally.

"The scalarizing function of the weighted sum cannot approximate the Pareto frontier uniformly, whose shape is

not convex (non-convex or disconnected)”’.



5 Application of BBO

This section reviews three important examples of BBO applications. First example 1s on-line operation
optimization or configuration design for SoS. SoS consists of connected various systems with operational
autonomy and control autonomy (e.g., distribution system, medical system, power and energy system, or
railway system). This needs total and data-driven optimization using obtained on-line and uncertain data from
sensor and state of each system in real time. Demand response maintains the supply-demand balance
efhciently by providing people with data and financial incentives to indirectly change their behavior and
demand, such as dynamic pricing in energy management systems”. Even if a state of SoS involves uncertainly
such as potential to change people’s behavior or demand, BBO can be applied to it. And there 1s an approach
to find and design configuration system of SoS™. These problems are formulated as constrained BBO.

Second example is hyperparameter tuning or optimization for expensive machine learning models.
Automated machine learning (AutoML) frameworks and deep learning (deep neural networks) have many
tunable hyperparameters such as very complex parameter architecture”. On that point, parameter-tuning
techniques has proposed for automating their engineering process. It 1s shown that these techniques are
superior to manually tuning or engineering by human in the viewpoint of performance and time comsuming”
*: especially neural architecture search is the most successful example”. Hyperparameter tuning problem is
formulated as constrained BBO.

Third example 1s material discovery, design, and optimization for multi-range application. Design of new
and highly-functional material including raw material or chemical compounds can change all manufacturing
areas, such as healthcare, medical care, and energy. Industrial biotechnology can realize the production of
renewable biological resources and the conversion of these resources and waste streams into value added
products, which alternative energy sources, biopharmaceutical, and high-quality food, by smart genetics and
cells. The bio-industry subcommittee of Ministry of Economy, Trade, and Industry (METI) in Japan shows
the following examples as their use cases":

(1) Regenerative medicine or gene therapy may cause radical treatments for diseases.

(i) In manufacturing process, redesign of cell’s function may improve efficiency of industrial

production; e.g., transformation from glucose to raw material for high-quality plastics.

Material discovery problem for these processes is formulated as constrained BBO™".

6 Conclusion

This article reviewed the main approaches to BBO, especially metaheuristics and constraint handling
techniques, and provided some applications of BBO. As we shift toward Super Smart Society (Society 5.0)
or Bioeconomy, real-world systems will grow in scale and complexity such as SOS. Conversely, practical
system optimization will realize to combine surrounding technologies advancing rapidly. It is desirable to
develop BBO with an ability to adapt to all of these changes. Given these trends, we believe that SMBO for
constrained BBO will be increasingly important, and these technologies should be able to adapt to various

applications such as SOS in the future.
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