LR B

HEFEI UNIVERSITY

Metaheuristic Optimization
2. The Structure of Optimization

Thomas Weise -

tweise@hfuu.edu.cn -

Hefei University, South Campus 2
Faculty of Computer Science and Technology
Institute of Applied Optimization
230601 Shushan District, Hefei, Anhui, China
Econ. & Tech. Devel. Zone, Jinxiu Dadao 99

HLEE
http://iao.hfuu.edu.cn

& fe AR R /E2R
T E A 2

ZH5H AR A

k2 R A BT

b E 2k ST H R 230601
ZFBEAFAR % KEIS



mailto:tweise@hfuu.edu.cn
http://iao.hfuu.edu.cn

Outline %\’ .

@ Introduction

@ Optimization Problem
® What is Good?

@ Metaheuristics

@ Putting it Together

@ Summary

Metaheuristic Optimization Thomas Weise 2/60



@ Introduction

@ Optimization Problem
® What is Good?

O Metaheuristics

@ Putting it Together

@ Summary



e Goal 1: Learn how to solve different kinds of (optimization) problems.

e Goal 2: Learn to use optimization algorithms for that purpose.




e Goal 1: Learn how to solve different kinds of (optimization) problems.

e Goal 2: Learn to use optimization algorithms for that purpose.

e Need to understand

@ How to define an optimization problem formally.
® How an optimization algorithm works and what components it has.




e Goal 1: Learn how to solve different kinds of (optimization) problems.
e Goal 2: Learn to use optimization algorithms for that purpose.
e Need to understand

@ How to define an optimization problem formally.
@® How an metaheuristic optimization algorithm works and what
components it has.




@ Introduction

@ Optimization Problem
® What is Good?

O Metaheuristics

@ Putting it Together

@ Summary



From the perspective of a programmer, we can say that an optimization
problem has the following components:

® a data type X for the possible solutions (candidate solutions)




From the perspective of a programmer, we can say that an optimization
problem has the following components:

® a data type X for the possible solutions (candidate solutions),

@® one (or multiple) functions f € fwhich rate “how good” a candidate
solution is




From the perspective of a programmer, we can say that an optimization
problem has the following components:

® a data type X for the possible solutions (candidate solutions),

@® one (or multiple) functions f € fwhich rate “how good” a candidate
solution is, and

® a notion of what “good” actually means.
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The first thing we need to know is what we want to find.
From the formal perspective, we say:

The solution space X of an optimization problem is the set containing all
elements x which could be solutions of the problem.

A candidate solution = of an optimization problem is an element of the
solution space X of the problem, i.e., a potential solution of the problem.
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Solution Space

From the programmer’s perspective, we can say:

Listing: Solution space X
public class MySolutionSpace extends Object {
¥

//or, tinstead, maybe a simple or primitive type
//or an array...
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= we can define one class for a trip part with one member variable
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e You want to find the “best” way to go from the South Campus to
Shanghai's Bund?

e You want to bake the perfect cookie?
e solution space X is a data structure whose instances can completely
describe a cookie recipe!
e How much butter? (real value € [0, 50]g)
How much suggar? (real value € [0,50]g)
How much flour? (real value € [0,250]g)
How much honey? (real value € [0, 50]g)
How much chocolate? (real value € [0, 50]g)

= we could define X as vector of real numbers, i.e., double[] in

Java, where each element of the vector represents the amount to use

of one ingredient

e A candidate solution x is then one concrete double[] with specific
values for each ingredient

¢ solution space = data structure for candidate solution
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Objective Function %\’

From the formal perspective, we say:

An objective function f : X — R is a (mathematical) function which is
subject to optimization

e Can compute a (real) solution quality value f(x) € R for a given
candidate solution z € X

e Usually subject to minimization f(z1) < f(x2) means that x; is
better than zy

¢ Not necessarily a function as you know it from Maths like
f(x) = 2% + ..., but may be arbitrary complex, involve complicated

simulations, etc.

Metaheuristic Optimization Thomas Weise 10/60



Objective Function %\’

From the programmer’s perspective, we can say:

Listing: Objective Function f

public interface IObjectiveFunction<X> {

public abstract double compute(final X x);
}
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Objective Function %\’

From the programmer’s perspective, we can say:

Listing: Objective Function f

public interface IObjectiveFunction<X> {

public abstract double compute(final X x);
}

e the generic parameter X stands for the solution space data structure
X

e the function compute implements f(x) where x is an instance of X

e as you see: f(x) could be anything, could be deterministic or
randomized, a simple formula, or involve running large programs like
simulations

Metaheuristic Optimization Thomas Weise 11/60
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¢ You want to find the "best” way to go from the South Campus to
Shanghai's Bund?
e What does best mean?
e cheapest? = go through list of tour-parts and add up their costs,

return total cost

e fastest? = go through list of tour-parts and add up the travel and
waiting times, return total travel time

® a mixture of both? = compute costs and time, return maybe

“10*(runtime in hours) + (cost in RMB)"




¢ You want to find the "best” way to go from the South Campus to
Shanghai's Bund?

¢ You want to bake the perfect cookie?




¢ You want to find the "best” way to go from the South Campus to
Shanghai's Bund?
¢ You want to bake the perfect cookie?
o let's say perfect = tastes best?




¢ You want to find the "best” way to go from the South Campus to
Shanghai's Bund?
¢ You want to bake the perfect cookie?
o let's say perfect = tastes best? = for each candidate cookie receipe




¢ You want to find the "best” way to go from the South Campus to
Shanghai's Bund?
¢ You want to bake the perfect cookie?
o let's say perfect = tastes best? = for each candidate cookie receipe

® print the receipe




¢ You want to find the "best” way to go from the South Campus to
Shanghai's Bund?
¢ You want to bake the perfect cookie?
o let's say perfect = tastes best? = for each candidate cookie receipe

® print the receipe
e bake the cookie




¢ You want to find the "best” way to go from the South Campus to
Shanghai's Bund?
¢ You want to bake the perfect cookie?
o let's say perfect = tastes best? = for each candidate cookie receipe

® print the receipe
e bake the cookie
e eat the cookie




¢ You want to find the "best” way to go from the South Campus to
Shanghai's Bund?

¢ You want to bake the perfect cookie?
o let's say perfect = tastes best? = for each candidate cookie receipe
® print the receipe
® bake the cookie
® eat the cookie
e rate its taste from 0 to 10




¢ You want to find the "best” way to go from the South Campus to
Shanghai's Bund?

¢ You want to bake the perfect cookie?
o let's say perfect = tastes best? = for each candidate cookie receipe
® print the receipe
bake the cookie
eat the cookie
rate its taste from 0 to 10
Objective function with human interaction! Why not!
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First steps when solving an optimization problem:
® Understand the situation and all involved objects, entities, laws,
constraints, etc
® Define what possible solutions look like, i.e., give a data structure
(programmer’s point of view) or space X (formal point of view)

® Define a function which rates how good a candidate solution is, how
close it comes to what we really want as solution.

® These steps are independent of how we will finally solve the problem

@ If you develop an optimization software for a client, it is very
important to discuss these issues with the client and to formally write
them down on paper! The client often does not know exactly what
he/she wants AND you may misunderstand him/her. ..
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Which is the best velocity = with which | should throw a stone (in an
a = 15° angle) so that it lands exactly 100m away?
e Solution Space: X =R"
o Objective Function: Minimize f(z) = |d(z) — 100m|
d(x) = ‘%2 sin 2a & 0.0515°/m * 22

Listing: Blueprint of Objective Function for Stone’s Throw Probleml

public final class StoneThrowObjective implements IObjectiveFunction<Number> {

public final double compute(final Number x) {
final double v = x.doubleValue();
final double d = (((v * v) / 9.80665d) * Math.sin(((2.0d * 15.0d) / 180.0d) =*
Math.PI));
return Math.abs (1004 - 4);
¥
iy
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e Solution Space: X =R"
o Objective Function: Minimize f(z) = |d(z) — 100m|
d(x) = ‘%2 sin 2a & 0.0515°/m * 22
e Actually. .. not necessary!

Listing: Blueprint of Objective Function for Stone’s Throw Probleml

public final class StoneThrowObjective implements IObjectiveFunction<Number> {

public final double compute(final Number x) {
final double v = x.doubleValue();
final double d = (((v * v) / 9.80665d) * Math.sin(((2.0d * 15.0d) / 180.0d) =*
Math.PI));
return Math.abs (1004 - 4);

}
}
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d(z) = %2 sin 2 & 0.0515°/m * 22
Actually. .. not necessary!
Problem can easily be solved: minimum of f known, equation is simple
No optimization algorithm needed.
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Which is the best velocity = with which | should throw a stone (in an
a = 15° angle) so that it lands exactly 100m away?

Solution Space: X =R"
Objective Function: Minimize f(z) = |d(x) — 100m)|

d(x) = %2 sin 2a & 0.0515°/m * 22
Actually. . . not necessary!
Problem can easily be solved: minimum of f known, equation is simple
No optimization algorithm needed.
But what if the stone is an irregularly shaped object (like a chair)
and we also include air drag, gravitation, wind, limit forces on the
stone-throwing arm, costs for electricity of moving the joints, wear
of joins, imprecision of movements, make « variable, ... 7?7
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e Solution Space: X = II {Beijing, Chengdu, Guangzhou, Hefei, Shanghai}

II(Z) = set of all permutations of the elements of the given set Z
Example: TI({123}) = {(1,2,3); (1,3,2); (2,1,3);(2,3,1); (3,1,2); (3,2, 1)}
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e  Objective Function:  Minimize f(z) = dist(Hefei, 2[0])+
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1044 km | 2174 km

2095km | 1615km | 1954 km

1529 km | 1257 km

472 km

e Solution Space: X = II {Beijing, Chengdu, Guangzhou, Shanghai}
Let us assume that the tour always starts and ends in Hefei.
Then, we can simply leave it away = |X| gets smaller! Good!
e  Objective Function: Minimize f(z) = dist(Hefei, 2[0])+
Z?:o dist(z[i], z[i + 1))+
dist(x[3], Hefei)

This formula is not so nice: we cannot simply “solve” it for a minimum z € X.



Listing: Solution space X

public final class ChinaTSPObjective implements IObjectiveFunction<int[]> {

public final double compute(final int[] x) {
double dist;

dist = ChinaTSPObjective.distance(ChinaTSPObjective.HEFEI, x[0]);
for (int i = 1; i < x.length; i++) {

dist += ChinaTSPObjective.distance(x[i - 1], x[il);
¥

return (dist + ChinaTSPObjective.distance(x[x.length - 1], ChinaTSPObjective.HEFEI));

Metaheuristic Optimization Thomas Weise 17/60
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e In a TSP, we cannot directly compute the right solution

e Simply test all possible solutions. . .
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x2
x3
T4
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7
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Guangzhou

LRI

LI

Chengdu
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Guangzhou
Guangzhou
Shanghai
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Chengdu

-
=
-
=
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—
N
—
N
-
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Guangzhou —
Shanghai —
Beijing —
Beijing —
Chengdu —
Beijing =

Shanghai
Guangzhou
Shanghai
Chengdu
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Guangzhou
Shanghai
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Shanghai
Shanghai

LRI

LIl

Hefei
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Hefei

7425km
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8311km
7886km
7381km

8787km
7857km
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8743km
8637km
7566km
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e Simply test all possible solutions. .. 7?7
« Size of solution space: |X| = Z(n — 1)! « factorial, not exclamation mark
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e Simply test all possible solutions. .. ??

* Size of solution space: [X| = 1(n —1)!

e Algorithm which is better than this exhaustive enumeration needed
00
f(x)
10%
o 0950
107 Since big bong
- e f(x)=x8
10
10%
10" f)=xt
1 trillion n‘;";e, day
1 billion

1 million

10007
101993

(Figure inspired by )
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e Simply test all possible solutions. .. ?7
* Size of solution space: [X| = 1(n —1)!
e Algorithm which is better than this exhaustive enumeration needed

e You will learn quite a lot of these in this lecture!
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e What could be suitable solution spaces and objectives for
@ Bin Packing”
® Circuit Layout®?
® Find the roots of a function g(x) "**
@ Shortest Path / Routing
® Find mathematical formula fitting to given data [
® Job Shop Scheduling ¢ )
@ Stock Prediction 24
@® Truss Optimization 7]
©® Medical Classification ¢
® Airplane Wing Design -




e Antenna design !

¢ Analog Electrical Circuit Design [~
n l6-51]

e Interactive Optimizatio




@ Introduction

@ Optimization Problem
© What is Good?

O Metaheuristics

@ Putting it Together

@ Summary
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e Assume that the objective function f is a steady, continuous, and
differentiable function f : R — R with a single real-valued parameter
x.

e In this case high school mathematics tells us what to do and what we
want:

e We want the extrema, the minima and maxima of f
o If X C R, then for every local optimum z* of f, f/(z*) = 0 holds.




What does “good” mean? (for X C R) %\’

e Assume that the objective function f is a steady, continuous, and
differentiable function f : R — R with a single real-valued parameter
x.

In this case high school mathematics tells us what to do and what we
want:

We want the extrema, the minima and maxima of f

o If X C R, then for every local optimum z* of f, f/(z*) = 0 holds.
(f'(@*) =0) A (f"(x*) > 0) = 2* is a local minimum

(f'(z*) =0) A (f"(2*) < 0) = x* is a local maximum
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What does “good” mean? (for X C R) %()

e Assume that the objective function f is a steady, continuous, and
differentiable function f : R — R with a single real-valued parameter
x.

e In this case high school mathematics tells us what to do and what we
want:

e We want the extrema, the minima and maxima of f

o If X C R, then for every local optimum z* of f, f/(z*) = 0 holds.
o (f'(z*)=0)A(f"(z*) > 0) = z* is a local minimum

o (f'(x*)=0)A(f"(2*) < 0) = x* is a local maximum

e sign change of f’ from — to + = 2* is a local minimum

e sign change of f’ from + to — = z* is a local maximum

Metaheuristic Optimization Thomas Weise 23/60



e Assume that the objective function f is a steady, continuous, and
differentiable function f : R +— R with a single real-valued parameter

xX.
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Task: Construct a cylindrical cola can capable of holding 355mL with the
minimum material costs.

V(T‘, h) = 71'7‘2h ...... volume of cylinder (1)
Vd = 355mL = 0355 * 001m3 ...... this volume is given: constraint (2)
f(?", h) = A(’I”, h) = 271'7‘2 + 27trh... ... objective function: material cost ~ surface (3)
X = (’I‘, h) T h e ]R+ ...... solution space: two dimensional real vectors R2 (4)
Va _ 0.00355m*
h = —=———_.. resolve 1 and 2 for h
mr?2 wr?

(11)




Task: Construct a cylindrical cola can capable of holding 355mL with the
minimum material costs.
V(ir,h) =

Va =

f(r,h) = A(r,h)

X
h

fr) =

2
wroh...... volume of cylinder
3
355mL = 0.355 % 0.01m"~. ... this volume is given: constraint
2
27r =+ 27T7‘h ...... objective function: material cost &~ surface
(’I‘, h) T, h e ]R+ ...... solution space: two dimensional real vectors R2
Vg _ 0.003 55m*
7r_f§ =TT e resolve 1 and 2 for h

272 +2*Vdr71 ...... 5in3
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(4)
(5)
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Va = 355mL = 0.355 % 0.01m> . this volume is given: constraint (2)
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X = (r,h):7,h € RY.. . solution space: two dimensional real vectors B2 (4)
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Task: Construct a cylindrical cola can capable of holding 355mL with the

minimum material costs.
V(ir,h) =

Va =

f(r,h) = A(r, h)

fr)
fi(r)
h*
) =

Q

Q

2
mreh...... volume of cylinder
3
355mL = 0.355 %« 0.01m~...... this volume is given: constraint
2
2r + 27’!’7‘h ...... objective function: material cost /= surface
(’I", h) r, h e R+ ...... solution space: two dimensional real vectors R2
Vg _ 0.003 55m3
# =T e resolve 1 and 2 for h

2772 + 2% Vdrf1 ...... 5in 3
dmr + 2V * —p2
3.8cm...... OK, 7 is found

7.7cm.... . now solve for h using 5

47 —+ 4Vd7’_3 ...... maximum or minimum?

(1)
()
®3)
(4)
(5)
(6)
()
(8)
(9)

(11)
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Task: Construct a cylindrical cola can capable of holding 355mL with the

minimum material costs.
V(ir,h) =

Vd =

f(r;h) = A(r, h)

£r)
7
h*
oy =
f” (r*) >

Q

Q

T2 R volume of cylinder (1)
355mL = 0.355 % 0.01m> . this volume is given: constraint (2)
27r% 4 277h. .. .. objective function: material cost ~ surface 3)
(rh) s, h € R solution space: two dimensional real vectors > (4)
Yy — 000385m3  ocove 1 and 2 for h (5)
2mr® 4 2% Var™' . sin3 (6)
drr 4+ 2V % —r 2 first derivative of f for r @)
3.8cm...... OK, 7 is found (8)
7.7cm......now solve for h using 5 (9)
4 4+ 4Vgr ™2 maximum or minimum? (10)
0 = candidate solution z* = (r*, h*) is minimum (11)

Problem solved with high school maths — no optimization algorithm needed.
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e Differentiation only possible for differentiable objective functions
e Differentiation a bit more complicated for X C R"™ and large n. ..

¢ |In many cases, we have to live without the formulas from the previous
slide

e Even if we can differentiate, we then need to solve the resulting
equation, which is also not always analytically possible

e Combinatorial optimization: Objective functions don't have
real-valued arguments (remember the car setup and TSP problem...)
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What does “good” mean? (for X C R) %\
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e Differentiation only possible for differentiable objective functions

e Differentiation a bit more complicated for X C R"™ and large n. ..

¢ |In many cases, we have to live without the formulas from the previous
slide

e Even if we can differentiate, we then need to solve the resulting
equation, which is also not always analytically possible

e Combinatorial optimization: Objective functions don't have
real-valued arguments (remember the car setup and TSP problem...)

e Other example: Genetic Programming "1, where the solutions are tree
data structures, e.g., representing mathematical formulas

Metaheuristic Optimization Thomas Weise 25/60









What does “good” mean?
A global minimum Z € X of one (objective) function f : X+ R is an
input element with f(%) < f(z)Vx € X.

There is no element with a larger objective value than the global maximum

~
-

Z.
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What does “good” mean?

A global minimum Z € X of one (objective) function f : X — R is an
input element with f(z) < f(x)Vz € X.

A global maximum % € X of one (objective) function f : X — R is an
input element with f(z) > f(z)Vz € X.
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What does “good” mean?

Definition (Global Minimum)

A global minimum Z € X of one (objective) function f : X — R is an
input element with f(Z) < f(z)Vx € X.

\,

Definition (Global Maximum)

A global maximum % € X of one (objective) function f : X — R is an
input element with f(z) > f(z)vVx € X.

\,

Definition (Global Optimum of a Single Objective Function)

Depending on whether the objective function is subject to minimization or
maximization, a global optimum is either a global minimum or a global
maximum.

Metaheuristic Optimization Thomas Weise 26/60
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® Bin Packing

® Circuit Layout

@® Find the roots of a function g(z)
@ Shortest Path / Routing

® Find mathematical formula fitting to given data
® Job Shop Scheduling

@ Stock Prediction

@ Truss Optimization

©® Medical Classification

® Airplane Wing Design

® Antenna design

® Analog Electrical Circuit Design

® Interactive Optimization
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Optimization Result %\’

The optimal set X* C X of an optimization problem is the set that
contains all its globally optimal solutions.

e Often, we cannot get the global optimal set. ..

e ...but only an approximation X of it.

The set X C X contains output elements Z € X of an optimization
process.
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Optimization Result %\’

The optimal set X* C X of an optimization problem is the set that
contains all its globally optimal solutions.

e Often, we cannot get the global optimal set. ..

e ...but only an approximation X of it.

The set X C X contains output elements Z € X of an optimization
process.

e usually we only return one single solution z, i.e., X = {z}

Metaheuristic Optimization Thomas Weise 29/60



Now we have discussed the basic components of an optimization problem
from a more mathematical point of view.

@ the solution space X,
@® the objective function(s) f: X — R, and

@® the concept of "good” (minimize? maximize? multi-objective?).




@ Introduction

@ Optimization Problem
® What is Good?

@ Metaheuristics

@ Putting it Together

@ Summary
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® Do we know exactly what features good (or the best) solutions have?
e No. If so, we are already finished.
e |nstead, we often only have the objective function f which provides a
quality value for each candidate solution x.
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algorithm.
e Often, we cannot.
e Often, we can calculate f and have a rough idea of it, but cannot
directly solve it.
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e What is the situation?
@ We have a potentially extremely large set X of solutions.
® Do we know exactly what features good (or the best) solutions have?
e No. If so, we are already finished.
e |nstead, we often only have the objective function f which provides a
quality value for each candidate solution x.
® Can we “directly” solve f for the optima (e.g., by differentiating it)?
e |f so, we will do that and are finished. We don't need an optimization
algorithm.
e Often, we cannot.
e Often, we can calculate f and have a rough idea of it, but cannot
directly solve it.
@ Can we simply test all candidate solution x € X7
e No. There are too many... (remember the TSP)
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e What is the situation?

@ We have a potentially extremely large set X of solutions.
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® Do we know exactly what features good (or the best) solutions
have? NO
® Can we “directly” solve f for the optima (e.g., by differentiating
it)? NO
@ Can we simply test all candidate solution z € X? NO
e So what can we do?

We know the data structure for elements of X.

So we can randomly create instances x!

And we can modify some existing (previously created) instances z!
And we can maybe even combine existing instances x; and x5!

If we do this well or can learn how to do this best, we can win!
This is the idea behind all metaheuristics
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e Start with one (or multiple) initially generated candidate solutions
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(we call this set of solutions “population” pop)
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How a Metaheuristic Works

e Start with one (or multiple) initially generated candidate solutions
(we call this set of solutions “population” pop)
o lteratively refine the solution(s) in a loop (e.g., by making small

random changes)
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How a Metaheuristic Works %()’

e Start with one (or multiple) initially generated candidate solutions
(we call this set of solutions “population” pop)

o lteratively refine the solution(s) in a loop (e.g., by making small
random changes)

N M
4 Black-box metaheuristics are a general starting feae

point for optimization. e
They can provide good solutions.

But once we have a working software, we always

will include problem-specific knowledge into the
algorithm to get excellent solutions.
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e OK, we have a data structure X for the candidate solutions and an
objective function f : X — R telling us how good they are
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R"™ = doublel]

e |f we know good operators for R™, we can re-use them for all
problems that have X = R"!

e What if X is not any well-known data structure?

e Try to see if there is a well-known data structure G that can be
translated to X




Search Space %\

We now want to create instances of X and then “improve” them
iteratively

Idea: Sometimes, we can use well-known data structures for X, e.g.,
R™ = doublel]

If we know good operators for R™, we can re-use them for all
problems that have X = R"!

What if X is not any well-known data structure?

Try to see if there is a well-known data structure G that can be
translated to X

Example: a bit string can be translated to a text describing which
features a BMW has
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If we know good operators for R™, we can re-use them for all
problems that have X = R"!
What if X is not any well-known data structure?

Try to see if there is a well-known data structure G that can be
translated to X

Example: a cookie receipe internally can be represented as vector of
real numbers, just translate it to text the grandma can read
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Idea: Sometimes, we can use well-known data structures for X, e.g.,
R"™ = doublel]

If we know good operators for R™, we can re-use them for all
problems that have X = R"!

What if X is not any well-known data structure?

Try to see if there is a well-known data structure G that can be
translated to X

Example: the shape of an airplane wing can be represented as vector
of real numbers, just translate it to a textual description of the wing
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We now want to create instances of X and then “improve” them
iteratively

Idea: Sometimes, we can use well-known data structures for X, e.g.,
R"™ = doublel]

If we know good operators for R™, we can re-use them for all
problems that have X = R"!

What if X is not any well-known data structure?

Try to see if there is a well-known data structure G that can be
translated to X

Besides the solution space X we can use a search space G an internal
data structure for representing the possible solutions from X

Metaheuristic Optimization Thomas Weise 34/60
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As a metaphor based on biological genetics, the search space is often called genome, points in the search space are
called genotypes, the solution space (solution space) is called phenome, its elements are called phenotypes, and the
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Search Space

From the programmer’s perspective, we can say:

Listing: Search space G
public class MySearchSpace extends Object {
¥

//or, tinstead, maybe a simple or primitive
//or an array...

type
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mapping




¢ if G =X, the genotype-phenotype mapping is (usually) the identity
mapping
o this is often the case, but not always ** *’




Genotype-Phenotype Mapping

From the programmer’s perspective, we can say:

Listing: Mapping from search- to solution space: gpm : G — X

public interface IGPM<G, X> {
public abstract X gpm(final G genotype);
}
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e G, X, and gpm together are called Representation
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e The choice of the representation has tremendous impact on the

results, e.g.,

e |t determines which solutions can be found.

o |t determines the number of potential solutions.
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Search Operations %\’

From the programmer’s perspective, we can say:

Listing: Nullary search operation searchOp : ) — G

public interface INullarySearchOperation<G> {
public abstract G create(final Random r);

}

Nullary = 0 arguments from G (except from the random number
generator)

e G is a generic data structure to be replaced by the search space G
e create returns one instance of G .

this could be a random instance or an instance constructed using
some particular algorithm

Metaheuristic Optimization Thomas Weise 41/60



Search Operations

From the programmer’s perspective, we can say:

Listing: Unary search operation searchOp : G — G

public interface IUnarySearchOperation<G> {
public abstract G mutate(final G parent,
final Random r);

//
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From the programmer’s perspective, we can say:

Listing: Unary search operation searchOp : G — G

public interface IUnarySearchOperation<G> {
public abstract G mutate(final G parent,
final Random r);

e Unary = 1 argument from G (plus a random number generator)
e G is a generic data structure to be replaced by the search space G

e mutate receives one instance of G as parameter.

it then returns a modified copy of that instance.

the modification is usually small and random

Metaheuristic Optimization Thomas Weise 41/60



e So, we have X, f, G, and gpm... what else do we need?

e An operation which creates instances of data structure G,
e Operators which modify or combines such data structures




e So, we have X, f, G, and gpm... what else do we need?

e An operation which creates instances of data structure G,
e Operators which modify or combines such data structures
e A method that tells us when the algorithm should stop.




e So, we have X, f, G, and gpm... what else do we need?

e An operation which creates instances of data structure G,
e Operators which modify or combines such data structures
e A method that tells us when the algorithm should stop.




e Termination criterion may utilize all information gathered by the
optimization algorithm so far




e Termination criterion may utilize all information gathered by the
optimization algorithm so far
e Many different criteria possible [l




e Termination criterion may utilize all information gathered by the
optimization algorithm so far
e Many different criteria possible >
@ maximum computation time




e Termination criterion may utilize all information gathered by the
optimization algorithm so far
e Many different criteria possible >

@ maximum computation time
@® maximum number of objective function evaluations




e Termination criterion may utilize all information gathered by the
optimization algorithm so far
e Many different criteria possible >

@ maximum computation time
@® maximum number of objective function evaluations
® stop when no further improvement can be detected




Termination Criterion §\’

When the termination criterion function becomes true, the optimization
process will stop and return its results.

e Termination criterion may utilize all information gathered by the

optimization algorithm so far

e Many different criteria possible **°:

@ maximum computation time

@® maximum number of objective function evaluations

® stop when no further improvement can be detected

@ stop when a sufficiently good solution has been detected
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Termination Criterion

Listing: Termination Criterion shouldTerminate :— {true,false}

public interface ITerminationCriterion {
public abstract boolean shouldTerminate () ;

}
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public abstract boolean shouldTerminate () ;

}

e Directly after every time the optimization algorithm has created a
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Termination Criterion %@

Listing: Termination Criterion shouldTerminate :— {true,false}

public interface ITerminationCriterion {
public abstract boolean shouldTerminate () ;

}

e Directly after every time the optimization algorithm has created a
new solution x and computed f(z), it must call shouldTerminate()

o If shouldTerminate() returns true, the algorithm must immediately
stop and return the best solution candidate it has seen so far

¢ One could implement ITerminationCriterion and
IO0bjectiveFunction in the same object to stop once a goal solution
quality was reached.
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Example Termination Criterion

Listing: A criterion stopping after a given amount of steps.

public class MaxSteps implements ITerminationCriterion {

private int m_remaining;

public MaxSteps(final int steps) {
super () ;
this.m_remaining = steps;

}

public boolean shouldTerminate () {
return ((--this.m_remaining) < 0);
¥
}
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Putting it Together

¢ An optimization problem is defined by:

e a solution space X
e (at least) one objective function f
e a notion of good (let us assume: minimization)

¢ An optimization algorithm furthermore needs:
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Then a metaheuristic, black-box optimization looks like:
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e Most metaheuristic optimization algorithms consist of common types
of modules

e Most often, specific sets and transformations are involved
e Search space G with genotypes g

o A set of search operations that can create, modify, or combine the
elements from G

e Solution space X with phenotypes =
e Genotype-phenotype mapping gpm : G — X
e Objective Functions f: X +— R
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