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Abstract—Most of optimization problems in various fields are
in NP-class. This implies that the time to find the optimum
solution of any problem is obviously non-polynomial. Although
the development of high speed computer architectures and
the concept parallel computing is practically successful, some
of these problems are constrained by the problem of tight
data dependency which prevents the possibility of deploying a
parallel architecture as well as processing to solve the problem.
Evolutionary algorithms which are based on guessing solutions
have been developed to find an acceptable solution in a short
time. However, the processing time based on guessing to achieve
the acceptable solution is unpredictable and uncontrollable. In
this paper, we compare the guessing process in some popular
algorithms to define a generic structure of searching process and
solution finding process. This structure will help develop a new
evolutionary algorithm. Furthermore, a new concept of manifold
drift for avoiding the guessing process in order to speed up the
solution search is also discussed.

Index Terms—Qptimization, Evolutionary algorithms, opposite
gradient search

I. INTRODUCTION

Optimization is a process to find the best solution for
a studied problem. There are several academic, business,
and social areas such as science, engineering, management
requiring the best solutions for the studied problems. For
example, one of the problems in this domain is finding the
best solution to pack boxes of different sizes as many as
possible into the trunk of a truck where the volume is fixed.
These problems usually belong to a class of algorithmic
problem called NP class where the time complexity to find
the best solution is non-polynomial, usually exponential. This
time complexity is defined by the computational model of
deterministic Turing machine (DTM). However, it is possible
to speed up the best-solution finding process by employing
the computational model of non-deterministic Turing machine
(NDTM). This type of machine has an additional computing
module attached to the DTM to perform the guessing process
of the next state of NDTM. By guessing, it is possible to
find the best solution at the first iteration of the algorithm
or in a polynomial time. Unfortunately, the actual random
guessing process cannot to be implemented by using the
current computer technology because all hardware components
are built on the concept of Boolean algebra. To alleviate
this obstacle, several evolutionary algorithms [12], [13] have
been invented to imitate the random guessing process to some
certain limits.

In this paper, we summarize the popular evolutionary algo-
rithms and derive a generic form of those evolutionary algo-
rithms so that any one can further develop more evolutionary
algorithms from this generic form with the relevant inter-
pretation on the behaviours of new animal species. Further,
we discuss a new approach of very fast solution searching
algorithm without any imitation of animal behaviour.

The rest of this paper is organized as follows. Section II
summarizes all popular evolutionary algorithms. Section III
discusses the generic form of evolutionary algorithm. Section
IV introduces a new approach to find the best solution based
on manifold searching concept. Section V concludes the paper.

II. POPULAR EVOLUTIONARY ALGORITHMS

Several evolutionary algorithms [3] have been proposed
since the classical inventions of simulated annealing and
genetic algorithms. Most recently proposed algorithms are
based on the observation of the behaviour of one animal or
a group of animals such as bee, ant, whale, bat, and others.
Only two algorithms, i.e. brain storm optimization and election
campaign optimization are based on human activities. All these
algorithms are briefly summarized in the following sections.

A. Whale Optimization Algorithm

This method [17] observes the process of chasing a swarm
of prey. When a whale finds its prey, it blows bubble to its
prey and encircle the prey. However, the whale must search
the location of prey which is unknown in advance. Thus,
the location of prey is used to represent the solution of the
problem. Let x;(¢) be solution i and Xpes:(t) be the best
solution found so far at time ¢. Each solution x; () is evaluated
by a fitness function f(x;(t)). A new solution can be computed
from the current solution by the following equations.

D = |Cxxlt)-x()] (D
Xit+1) = Xpest(t)—AxD )
A = axri—a (3)
C = 2xmry “4)

t is the current iteration. x;(t) is the 7' solution at iteration
L. Xpest(t) is the best solution found at iteration ¢. A and C
are scalar coefficients. r; and r9 are random numbers. a is a
constant linearlv decreased from 2 to 0.
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Algorithm: Whale Optimization

Set iteration count t = 1.
Generate a set of solutions x;(t), 1 <i < N.
For each solution x;(t) do

Compute the value of fitness function f(x;(t)).
EndFor
Let Xpest(t) be the solution found so far from step 3.
Repeat
For each decreased value of a from 2 to 0 do

For i from 1 to N do
0. Compute constants A and C' from Egs. (3)

and (4).
11. Set p to a random number in between 0 and 1.
12. If p > 0.5 then
13. Update x;(t + 1) by Eq. (2)
14. else
15. If |A] > 0.5 then
16. Update solution x;(t + 1) by Eq. (2).
17. else
18. Compute the difference between Xpes¢
and x;(t).

19. EndIf
20. EndIf
21. EndFor
22. EndFor
23. t=t+1.
24, Until t > Max.

NSRRI I e

B. Artificial Bee Colony

This method [5] is based on the process of a bee while
collecting the nectar. The location of each nectar source
represents a solution of optimization problem. A bee evaluates
the information related to the amount of nectar at the current
source with respect to the information from all other sources
to determine whether it should fly away to other sources.
Let x; = [2ij,%i2,...,2;q)7 be the i" solution in the
swarm. d is the number of dimensions. Solution x; generates
a new candidate solution v = [vi,l,vi‘g,...,vi,D]T in the
neighborhood of its present position by using the following
equations. The first equation computes the probability to
collect more nectar at current source determined from the
fitness function fit(x;) of solution x;. The second equation
computes the new source location apart from source x;.

th(Xl)
g L E ®
SN fit(x;)
Vi T+ 05 (x5 — T j) (©)

where —1 < ¢; ; < 1 is a random constant. If there are too
many close nectar sources, then instead of using v;, z; ; is
redefined as follows.

Tij = Tming + mnd(O, 1) : (xmaz,j - xmin,j) (7)
Xmin 1S the source having minimum fitness value and X4,
is the source having maximum fitness value at the present
iteration. p; is the probability of accepting solution x;. The
steps of bee colony algorithm is shown below. Let 0 < 7 <1
be a random constant.
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Algorithm: Artificial Bee Colony

1. TInitialize a set of solutions X = {x1,Xg,..., X, }-
2. Evaluate the fitness of each solution fit(x;)

for 1 <4 < n and find X3, and X0
3. While terminating condition is unsatisfactory do

4. For each x; € X do
5. Compute a new solution by using Eq. (6).
by randomly selecting xy.
6. Evaluate the fitness fit(x;).
7. EndFor
8. Select a set of some solutions X’ having
high fitness values.
9. Compute the probability of selected solutions in
X' from Eq. (5).
10. Select a set of some solutions X" from X'
where each selected solution x5, € X' has pj, > 7.
11. Compute new solution from X"
12. Evaluate the fitness of solutions in X",
13. Select a set of some solutions X" having high
fitness values.
14. If the distance between any two solutions is too
close then
15. Randomly generate a new solution using Eq. (7).
16. EndIf
17. Find x,,,;, and X4, solutions.

18. EndWhile

C. Particle Swarm Optimization

This method [7] imitates the behaviour of a particle in a
swarm during food search. At time ¢, each particle ¢ has
a solution (position) x;(t) = [2;1(t),zi2(t), ..., zia(t)]",
where d is the dimensionality of solution. A set of particles
S(t) = {xu(t),xa(t),...,xp(t)} is called swarm. Each
particle i has its own velocity defined as a d-tuple v;(t) =
[Vi1(t), vi2(t),...,via(t)]" of velocity in each dimension.
For evaluating the best solution, there are two types of best
solutions to focused. The first best solution is the local best
solution found with respect to each particle itself. The second
best solution is the global best solution found with respect
to all particles in the swarm S. Each particle has its own best
solution found so far at time ¢. This best solution is called per-
sonal best solution. Let p;(t) = [pi1(t),pia(t),...,pia(t)]”
be the personal best solution of particle <. When considering all
particles, the leading particle among all particles has the global
best solution. Let py(t) = [pg.1(t),pg2(t), .., pg.a(t)]T be
the global best solution found at particle g. The velocity
and position in dimension j of particle ¢ are updated by the
following equations.

Um‘(t + 1) = w- 1)m‘(t) +crory (pm' - l‘w’(t)) (8)
+ea -1y (pgj — wi(t))
zij(t+1) = 2i;(t) +oi () ©)

Constants c¢1,co € R are weighting factors for personal best
and global best solutions, respectively. 71,75 € [0,1] are
random constants to adjust the moving direction of a particle
during the search process. w is an inertia weight to control
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the impact of the past velocity over the current velocity. The
algorithm for particle swarm optimization is shown below. The
final solution is the global best solution.

Algorithm: Particle Swarm Optimization

I. Sett=1.

2. Initialize a set of solutions S(t).

3. Evaluate each solution in S(t).

4. Find personal best p;(t) and global best p(t).

5. While t < N do

6. For each solution x;(t) € S(t) do

7. Compute new velocity of x;(t) using Eq. (8).

8. Compute new solution x; (¢ + 1) from x;(t)
using Eq. (9).

9. Evaluate x;(t +1).

10. Find personal best solution p;(t).

11. EndFor

12. Find global best solution py(t).

13. If t <§ x N then

14. Update w = w — “etagt—dend,

15. EndIf

16. t=t+1.

17. EndWhile

0 < 6 < 1is arandom constant and N is the maximum
number of iterations. The inertia weight w is in the range of

[wstarta wend} .

D. Ant Colony Optimization

The objective is to find the shortest path in a graph. It is
based on the observation of how an ant finds the best path to
reach the food from its current location [9]. An ant deposits
some pheromone to tell other ants to follow it. From the graph,
a vertex is referred by a location representing a solution of the
optimization problem. Each edge (i, j) with is associated with
a pheromone variable 7; ;. Let \V; is the neighbouring vertices
of vertex ¢ where ant @ is present. At time ¢, the probability
of ant a to move to vertex j € N; is defined as follows.

7,5 (t)-d 5

0% e v
Zken; Tivk(t)di,f 4 '

0 otherwise

(1) = (10)

g > 0 is a constant defining the relative importance of
pheromone and the distance d; ; between vertices 7 and j.
The amount of pheromone 7; ;(t) at time ¢+ 1 is updated by
the following equation.

Tt +1) = (1—a) m;(H)+ Y A7)
k=1

(11)

where m is the number of ants and ATZ-(’];) is defined as follows.

-1 . Coey e .
ATq;(,];) _ { OLa if (4,7) is in the tour of ant a 1)

otherwise

L, is the total tour distance of ant a.

Algorithm: Ant Colonv Ontimization

1. Initialize the values of parameters

2. Repeat

3. Randomly select a staring vertex for each ant.

4 For each ant a do

5 Compute the moving probability and update
pheromone.

6. Move ant a to the vertex with the highest
probability.

1. EndFor

e

Until the ending condition is satisfied.

E. Election Campaign Optimization

The optimization [20] involves a set of candidates, a set
of local and global voters, the location of each voter, the
location of each candidate, the influence of each candidate on
his voters, and the prestige of each candidate. The locations
of all candidates are used to compute the best cost function.
A candidate c; is placed at location z., and a global voter g;
is placed at location x,,. Each candidate c; has a set of local
supporters [; j located at x;, . The prestige of a candidate ¢;
is computed by the cost function f(z.,) of the problem whose
variable is the location of candidate c; as follows.

Pe; = f(xe;)

Obviously, the value of prestige can be either increased or
decreased according to the location of the candidate. The
range of area size covering the local and global voters of each
candidate c; can be defined by using the values of prestige
and the predefined range of the candidate in the following
equations.

(13)

_(min)
R, = Pa=P4 (R Ruin)+ Ruin (18)
Pmaz — Pmin
Pmaz = rr\}gx(pci) (15)
Pmin = min(pci) (16)

Vci

Ryar and R, are predefined values of maximum range
and minimum range, respectively. During the campaign, each
candidate will survey the opinions of local sampled voters
about his prestige. The deviation local survey of prestige is
defined as follows.

pcz — Pmaz ((5

561- = 5mam - - 6min) (17)

mazxr
Pmaz — Pmin

Omaz and Op;, are the predefined maximum and minimum

deviations, respectively. The location of each global voter z,

in the range in between .4, and x,,;, with the uniform

probability u is defined by the following equation.

(18)

Zg; = Tmaz + u(xmaz - xmin)

But the location of each local voter z;, ; of candidate ¢; is
defined by using normal distribution with the mean at z., and
standard deviation J., as follows.

z. . = Nl(z...0%) (19)
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Each candidate ¢; can influence his voter’s decision. The
degree of influence on a global voter g; and a local voter
l; ; are defined by the following equations.

c; —d(mci Ly )

R,

Ie,q, = { R, pe;  if Re; > d(ae;,2g;) 20)
0 otherwise
Re;—d(ze;,21) .

1 L, = { Tpci if Rc,- Zd(mci»xl,ﬂ,j) @1
0 otherwise

d(zc,,y,) and d(z.,, ), ;) are the Euclidean distances
between candidate ¢; and global voter g; and local voter [; ;,
respectively. Each global and local voters have different degree
preferences to vote each candidate c;, which can be measured

by these equations.

I
Pﬁizgiﬂ—M) (22)
9j EVQ s gj

L.
lijci = #f(xl”) (23)

Zvcj IC7,-,l1‘,,j

These preferences are used further to compute the degree of
support from global and local voters for any candidate in the
following equation.

Se=) Poect ) Py

Vg, Vg,

24)

Once the candidate knows his degree of support from global
and local voters, his moves to the new location toward his
voters by using the following equation.

+ Z Ty, 5 h

Ci ng Ci

= Z Ty, P;j’w

Vg5

i,5Ci

(25)

The new value of cost function is re-computed from this new
location z.,. The computing process to find a set of new
locations of candidates with better values of cost function is
iterated until a satisfactory value is found.

F. Bat Algorithm

This approach [4], [8] is based on the observation of how
a bat exploits and avoids the obstacles to find food. Each bat
emits a signal and analyzes the signal echo to avoid obstacles.
This behavior involves the signal frequency, loudness of signal,
location of bat, and flying velocity. At time ¢, bat ¢ emits a
pulse signal of fim frequency with loudness llm. The pulse
signal has a pulse rate of pgt). Bat 7 is at location xl(.t) with
flying velocity of v(t> For a given problem, the candidate
solutlon correngondmg to bat ¢ is evaluated by a cost function
. Let f ") be the frequency emitted by bat ¢ at time
t The flying velocity and location of bat ¢ at time ¢ 4 1 are
computed by the following equations.

fz(t) = fmin (fmaz - fmm) X mnd(O, 1) (26)
o e Y < 27)
§t+1 _ XEt + v( ) (28)

fmin and fi,q, are respectively the minimum and maximum
freauencies. If the obiective is to find the minimum cost
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value, then Xy, at current time is computed by equation (29).
Otherwise, Xpes¢ is computed by equation (30).

Xpest = arg min(c(x<-t>)) (29)

Xpest = arg max( (x Z( ))) (30)

The loudness and pulse rate are temporally adjusted by these
equations.

(4D

K3 = o

i

# = e

€29)
(32)

« and v are constants and € is a scaling factor. The values
of ll(t) and piﬁ are in between 0 and 1 and used to select
and accept the best solution among the generated solutions.
In this bat algorithm, the location xgt) is used to denote the

" Solution of the optimization problem. The process of bat
algorithm is briefly given as follows.

Algorithm: Bat Algorithm

in terms of bat location xz(»t)

1. Define a cost function ¢(x
of bat ¢ at time .

2. [Initialize a set of locations of bats with their own
velocities {XEO).VEO) | 1<i<n}.

3. Initialize the value of fy,;, and frqz.

4. Initialize pulse rate TEO) and loudness l§0> of each bat.

5. Define the maximum number of iterations N and set
¢ =1L,

6. While t <N do

(t)>

7. Generate and update a set of new locations and
velocities by using equations (26), (27), and (28).

o If 3i (rand(0,1) > p'")) then

9. Find Xbest-

10. Generate a new location x(*) around Xpest DY

X0 = xpoe + elft)(2 -rand(0,1) — 1).

11. EndIf

12. Randomly generate a new bat at location xgt) and
velocity v;t), loudness 1) and pulse rate p( )

13. If (rand(0,1) < 1 ) and (c( ) < efx >))
then

14. Accept location x§t).

15. Compute the pulse rate p;H'l) and loudness

l<t+1)

16. EndIf

17. Find the current Xpe.

18. t=t+1

19. EndWhile

G. Fish Swarm Intelligent Algorithm

The algorithm [1], [21] is based on the following moving
behaviours of fish: random move, search for food, chase for
food, and follow the swarm. This imitation of fish behaviour
may be stuck at a local best solution. Thus, one extra pro-
cess called leap is attached at the end of algorithm. For a
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given problem, the solution of the problem is encoded in
forms of the location of fish ¢ in a d-dimensional space. Let
X; = [Ti1,%i2,---,Tid) . A cost function f(x;) is defined
to evaluate the value of solution x;. A fish selects a moving
type by determining the visual result. Each fish has its own
visual range or scope. In this algorithm, a visual scope refers
to a region around a fish where it looks for food. This region
may be empty (no fish), not so crowed (having some fish),
or very crowded (full of fish). The determination of moving
types of fish ¢ at current location x; and its new location is
described in the following algorithm.

Algorithm: Fish Swarm Intelligent Algorithm

1. Initialize a swarm of m fish and their locations x1, Xs,

e X

2. Sett=1.

3. While ¢ < maximum number of iterations do

4, For each fish and its location x; do

5. If the visual scope is empty then

6. use random move to define a new location
Yi-

7. EndIf

8. If the visual scope is crowded then

9. use search move to define a new location
Yi-

10. EndIf

11. If the visual scope is not so crowded and

the center of swarm gives better result then

12. use follow-the-swarm move to define the
first tentative location ygl).

13. else

14. use search move to define the first tentative
location yl(l).

15. EndIf

16. If location yl(1> does not give better result
than the current location x;

then

17. use chase move to define another new
tentative location yf).

18. else

19. use search move to define another new
location yZ@).

20. EndIf

21. Sety=arg min, (£(").£51")

22. Set Vi x; = arg{min}(f(xi), f(ya)).

22. If the current result is not better than the
previous M -iterations results then

23. use leap process to jump to the new
location.

24. EndIf

25. EndFor

26. t=1t+1.

27. EndWhile

There are lower bound [; and upper bounds u; for each
dimension j to initialize the value x; ; of each fish 7 as follows.

zi; =l + o - rand(0,1) (33)

The location x; is used to evaluate the result by using a
cost function f(x;) with x; as its variable. The best result is
defined by the following equations depending on the objective
to achieve minimum (eq. (34)) or maximum (eq. (35)) solution.

(34)
(35)

fbest =

min(f(x;))
fworst = m?X(f(Xl))
The width w of visual scope for any fish is set by using the
lower and upper bounds and a constant parameter v as follows.

(36)

w=v- max (u; - ;)

This width is used for setting a new location in random move.
A new location of each type of move is computed in the

following equation.
Random move: Let y; j, € y; be a new location y; of fish ¢
in dimension k. A1, Ay € [0, 1] are two random constants.

Tip+ A2 w if wp — ;1 >w and Ay > 0.5
) mip e (up —ayg) if up -2 <woand A > 0.5
Yik =Y 2+ ho-w if @5, — I, >w and A < 0.5

Tk + Ao - Tik — lk) if Tik — I <w and A\; <0.5

€0

Search move: For fish 7, a new location y; is randomly
generated within the visual scope. Fish ¢ moves to this location
yi if f(yi) < f(y:). Otherwise, it stays at location x;.

Follow-the-swarm move: Fish i moves towards the center of
visual scope of fish 7. Let V; be a set of fish in visual scope
of fish 4. The new location is set to ¢; which is defined in the
following.

Zxk ev; Xk

38
Vi G8)

C; =

Chase move: Fish i moves towards the location X,,,;,,, whose
cost function is minimum, along the moving direction m; =
[mi1,mi2,...,mia)" = Xpin — X;. Bach new location y;
is computed as follows.

Yik = {

g €10,1] is a random constant.

Leap process: Set a new location Y, in dimension k to
avoid being stuck at local cost by the following equations. Let
M, Az € ]0,1] be two random constants.

Ynew,k = {

T, is the value of dimension k of a new randomly selected
location x.. from the initial swarm of fish.

d;, .
Tik + 5@?(% — i) if mip > 0.

. (39)
T + ﬂ%’f‘(fﬁ,k —1l) if myg <0.

Tr e+ Ag (Uk — $T,k) if Ay >0.5

Ty — A2 (g — k) if Ay <05 (40)
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H. Cuckoo Search

The search concept [2], [6], [10] is based on the concept of
Levy flight. A cuckoo deposits one egg at a time in a selected
nest of a host bird. The host bird may get rid of some eggs,
including the the eggs of cuckoo, in its nest in order to increase
the hatching probability of its eggs. A solution of a given
problem is viewed as a host nest. A cuckoo randomly flies to
select any nest for laying its eggs and evaluates the quality
of nest by a cost function defined in terms of nest variable.
Let xgt) = [2i1,%i2,...,7;4)" be the i solution at iteration ¢
and f (xl(-t)) be the cost function. There are n host nests. The
algorithm for cuckoo search is shown as follows.

Algorithm: Cuckoo Search Algorithm

1. Generate a set of initial solutions {xﬁ‘”, xgo), ... ,x£LO )}.
2. Sett=1.

3. While the satisfactory solution is not found do

4, Randomly pick a solution XEFI).

5. Compute each new solution xz(.t) from Xit_l) by

applying Levy flight.
Evaluate the quality of solution by f (xgt)).

Randomly pick a solution xg.t_l).

1f £(x\”) > £(x\")) then
Replace X§t71 by xgt).

EndIf

Randomly delete some fraction of low quality

solutions and generate new solutions.

12. Evaluate the quality of all solutions.

13. Keep some best solutions.

14. t=t+1

14. EndWhile

15. Pick the best quality solution.

gl

— o

Lévy flight was proposed by Paul Pierre Lévy to measure the
traveling distance of object in a random walk. In a simple
random walk, the traveling distance d; of an object at time ¢
is defined as a sum of ¢ displacements Ad;, shown in equation
(41).

(41)

t
dy =Y Ad;
1=1

Ad; is an independent and identically distributed random
variable. Lévy flight is similarly described as the simple
random walk but each step size Ad; of displacement is defined
by the following probability

1

PAd; (5) = Tdf

42)

where 1 < 5 < 3. In cuckoo search, each step size Ad; is set
equally but it is scaled by the probability pag, () . Therefore,
the new solution xgt) in step 5 is computed by the concept of
Lévy flight as follows.

x® = x Y L Ad-paa (8) (43)
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I. Group Search Optimization

This approach [18] is based on the observation of foraging
strategy of some animals living in a group. Each animal
has three types of foraging strategies. The first strategy is
searching food by itself within a certain direction and a fixed
distance. The direction is defined in terms of searching angles
with respect to the current location. This strategy is called

producing. The animal uses the first search strategy is called

a producer. The second strategy is joining the group to search
food. This strategy is called scrounging and the animal uses
the strategy is called scrounger. The last strategy is similar to
the first strategy but the direction and distance of food search
are random. This strategy is called dispersing. The location
of each animal in group search is encoded as the solution of
optimization problem. Let x; € R™ be the location of animal ¢
at current time. The location of a producer at time ¢ is denoted
as x,. Each location x; is evaluated by a cost function cost
f(x;). Cost f(x;) is better than f(x;) if f(x;) < f(x;). The
overview of group search optimization is shown as follows.

Algorithm: Group Search Algorithm

1. Initialize the set of locations, X = {x; | 1 <i < n}.
2. Compute the cost of each location by f(x;).
3. While the stopping conditions are not satisfactory do

4. For each x; € X do

5. Random pick a location x,, from X — {x;}
as the location of producer.

6. Tentatively compute 3 new locations in 3

directions: go straight (x,1) , go right (x,2),
go left (x,3) by using producer strategy

from x,,.

i/ Xpest = arg_ min (f(xp1)7 f(po), f(xp3))'

Xp1,Xp2,Xp3
8. If Xpes¢ = X, then
9. Compute new location Xy, from x,, by
using a new random degree angle and put it
in X.

10. Let y be the producer from past ¢ iterations.

11. If f(Xnew) > f(y) then

12. Replace x,,¢,, in X with y from past ¢

iterations.

13. EndIf

14. EndIf

15. Randomly select 80% of locations from X to
create a set of scroungers S.

16. Compute new locations for all elements in S
by using scrounger strategy.

17. For each x; € X - S — {x,}.

18. Compute new location of x; by using

dispersion strategy.

19. EndIf

20. Compute the cost function of all locations
in X.

21. EndFor

22. EndWhile

The new location computed by using producer strategy,
scrounger strateev. and dispersion strategv are summarized in
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the followings.

Producer strategy: A new location in producer strategy
is controlled by a directional vector having a angle vec-
tor as its variable. Let d;(0) = [di1,di2,...,d;in]T be
a directional vector of location x; in n-dimensional space.

0 = [01,0,,...,0,]" be an angle vector. Each d; ; is computed
from a set of angles {01,0s,...,6,} as follows.
n—1
dip = H cos(f) (44)
k=1
n—1
dij = sin(f;_1)- H cos(f); 2<j<n—1 (45)
k=1
di,n = sin(ﬁn_l) (46)

There are three directions to go for each x;, i.e. go straight, go
right, and go left. Let L be the maximum food pursuit distance
and A be the maximum food pursuit angle. The new location
of each direction is computed in the followings.

Go straight:

Xp1 =Xp+a-L-dy(f) 47
Go right:
A
Xp2 :xp+a-L~dp(9+Ec) (48)
Go left:
A
Xp3:Xp+OK‘L‘dp(0_§C1) (49)

« € [0,1] is a random constant and ¢ is a random constant
vector whose each element is in (0, 1).

Scrounger strategy: The new location x; of x; in this
strategy can be simply computed with respect to the producer
Xp as follows.

(50)

X; =x%; +¢y0(x, — X;)

where c5 is a random constant vector whose each element is
in (0,1) and the operator o refers to Hadamard product.

Dispersion strategy: The new location x; of x; in this
strategy is governed by a new set of random angles 6" and
the current location x;. This is different from other strategies.
The equation is as follows.

X, =x;+a-f-L-dif) (51)

B € (0,1] is a random constant.

J. Brain Storm Optimization

This method [19] is based on the process of brain storming
process to solve one particular problem. A group of persons
from different or the same background are gathered to discuss
the problem and to suggest a good solution to the problem. In
terms of evolutionary algorithm, each person is referred to a
solution of the problem. Thus, a person can be represented by
a vector whose element are the variables of the solution. Let
s; be solution ¢ being evaluated by a cost function f(s;). The
best solution sn.. is a solution whose f(Sh..+) is minimum.

Algorithm: Brain Storm Algorithm

1. General a set of random solutions S = {sy,ss,...,8,}.
2. While the satisfactory solutions are not found do
3. Partition S into m clusters of equal size, C;, C,,
., Cie
4 For each cluster C; do
5 Set its center ¢; = arg n;in( f(s;)).
6. EndFor
7. Set p = rand(0,1).
8 If p < 7, then
9 Randomly select one center c,,.
10. Replace c,, with a new randomly generated
solution s,.
11. EndIf
12. Set p = rand(0,1).
13. If p < 7, then
14. Set p = rand(0, 1) and randomly select a
cluster Cg with center cg.
15. If p < 73 then
16. Generate a random vector v.
17. Generate a new solution s, = cg + V.
18. else
19. Randomly select s;, € Cg and generate a
random vector v.
20. Generate a new solution s, = sy + V.
21. EndIf
22. else
23. Set p = rand(0, 1).
24. Randomly select two centres c; and c;.
25. Generate two random vectors v and w.
. 26. If p < 73 then
217. Setcp =c;+cj+v.
28. else
29. Randomly select solutions s;, € C;
and s;, € C;.
30. Generate two new solutions s, =s;, + Vv
and s, = s;, +w.
31. EndIf
32. If number of newly generated solutions is not
equal to n then
33. Go to step 12.
34. EndIf

35. EndWhile

71, 72,73 € (0,1) are constants used as the decision probabil-
ity.

K. Genetic Algorithm

This method [22], [23] imitates the natural process of
genetic reproduction. A solution of a problem is encoded
in a form of n-bit chromosome. A set of chromosomes is
called population. Two major genetic reproductions which
are mutation and crossover are employed to produce a new
generation of population. To reach the satisfactory result,
several chromosome reproductions are iterated. Any good
chromosomes will be filtered by a cost function to reproduce
the next ceneration but the bad ones are destroved. Let
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X; = [i1,%i2,...,%in]’ be a chromosome in a form of n-
bit vector. Each chromosome is evaluated by a cost function
f(x;). The overview of genetic algorithm is shown in the
following.

Algorithm: Genetic Algorithm

1. Generate an initial set of chromosome population

PO ={x; | 1<i<n}.

Evaluate f(x;) of each chromosome x; € P(1),

Sett=1.

While terminating conditions are not satisfactory do

Select m best chromosomes according to their
cost functions from P(*) and put them in B.
Set PO =P® —B.

7. Use crossover reproduction with some selected
chromosomes in P(*) to generate a new set of
chromosomes C.

8. Use mutation reproduction with some selected
chromosomes in P(*) to generate a new set of
chromosomes M.

ARl N

9, t=t+1.
10. Set P = P(-1) y CUM.
11. Set C =M = ).

12. EndWhile

The mutation reproduction requires only one chromosome
x; to randomly produce another bit pattern of chromosome
x; by flipping one of (z;1,%;2,...,2;,) or a subset of
(i1,%i2,...,2in). For example, suppose x; = [11011]7.
One possibility to mutate x; is to flip the bit 0 to 1 to obtain
this new bit pattern [11111)7.

On the other hand, the crossover reproduction requires
two chromosomes to randomly exchange some bit
patterns to obtain two new chromosomes. There are no
formal rules of how to select the locations from both
chromosomes to perform crossover reproduction. One simple
crossover scheme is to randomly select a fixed position
as the crossover position in both chromosomes and then
exchange the bit patterns to the left and to the right of the
crossover position from both chromosomes. For example,

suppose  chromosomes  (%;1%i2...%ia%iat1---Lin)
and  (2;1%j2...Tjaljatl---Ljn) are selected for
performing crossover reproduction. Let o« be the
crossover position. After crossover reproduction, two

new chromosomes are (;1%;2...%jalLia+1-- Ti;n) and
(x¢71x¢72 < Tialjadl .- -Z'j,n)-

L. Simulated Annealing

This method [15], [16] is based on the observation of
the process of hardening the surface of metal by heating
the molecules of metal and then rapidly cool them down.
By repeating this process several times, the molecules will
rearrange their positions in a very compact structure to harden
the surface. Let x; = [;1,%;2,...,Z;,]" be solution i with
n variables. These variables are referred to the molecules and
the solution is referred to the result of each annealing trial. The
verformance of each annealing result x; is evaluated bv a cost
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function f(x;). To select an acceptable solution, a temperature
variable T is introduced and used to computed the probability
of accepting the solution. The simulated annealing algorithm
is shown as follows.

Algorithm: Simulated Annealing Algorithm

1. Initialize the value of temperature T, maximum number
of iterations M, and probability threshold p.

2. Sett=1;

3. Randomly generate a solution x;.

4. While T is still high do

5. While ¢ < M do

6. Generate a new solution x; by perturbing
each z; ;.

78 Compute Af = f(x}) — f(x¢).

7. If Ay <0 then

8. Replace x; with x} as a new solution.

9. else

10. If probability e~ %" > p then

11. Replace x; with x; as a solution.

ik EndIf

13. EndIf

14. t=t+1

15. EndWhile

16. T=a-T.

17. EndWhile

To reduce the temperature 7', the value of « is constantly set
asl0<ac<l

III. GENERIC STRUCTURE OF EVOLUTIONARY
ALGORITHMS

As shown in the previous Sections, all algorithms mainly
deployed three main processes of randomly generating the
solutions, filtering those heuristically unsatisfactory solutions
by using a cost function, and randomly regenerating new some
solutions either from either the probably good solutions after
filtering process or from newly generated solutions. A solution
is usually encoded in a forms of vector and interpreted as
an animal or human. The process of filtering unsatisfactory
solutions and generating new solutions are interpreted as the
behavior of animal. Thus, the generic structure of these meta-
heuristic algorithm can be established as follows.

Generic Structure of Evolutionary Algorithm

1. Generate a set of solutions S = {s1,ss,...8,}.

2. While terminating conditions are not reached do

3. Evaluate each f(s;).

4 Select some best solutions according to f(s;)
by its actual value or by a probability value.

5. Generate some new solutions either from
the selected solutions or from newly
generated solutions.

6. EndWhile

The terminating conditions may be the maximum number of
iterations or the heuristicallv acceptable f(s:). A new solution
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can be obtained by several methods such as perturbing the
solution by adding a random vector to a selected current
solution, using random number generator, using mutation
concept with the current solution, using crossover concept
with two current solutions. From the generic structure, it
is noticeable that the evolutionary algorithm has two major
groups of steps to reach an acceptable solution. The first one
is step 3 which is the evaluation step of solutions. Another
one is from steps 4 and 5 for filtering a nd g enerating new
solution without scrutinizing how the cost function evaluate
any solution and the geometrical structure of the cost function
in n-dimensional space. Generally, due to the steps 4 and 5, the
number of iterations to find an acceptable solution ¢ annot be
estimated in advance. This is the disadvantage of evolutionary
algorithm although it might produce the best solution in only
one iteration.

IV. OPPOSITE GRADIENT SEARCH ON MANIFOLD OF
COST FUNCTION

This method [24] takes a new approach by searching along
the manifold of a cost function. It starts from the cost function
E(x;) of solution x; and views the cost function as a non-
linear manifold in a n-dimensional space. A starting location
on the manifold is randomly generated as a coordinates
(x4, E(x;). The location of any local maximum or minimum
value on the manifold of cost function must have zero gra-
dient, VE(x;) = 0, and furthermore it must lie in between
the positive gradient, VE(x;) > 0, and negative gradient,
VE(x;) < 0. Figure I shows this observation.

To find the best solution, a set of random solutions is gener-
ated as a set of coordinates on the manifold of cost function.
Next, two solutions x; and x, with opposite gradients are
randomly selected. The solution with zero gradient must be
somewhere in between x; and x». The next better solution x3
can be computed by using both x; and x, and their gradients
as follows. Suppose |[VE(x1)| > [VE(x2)|.

VE(x)|
IVE(x1)| + [VE(xa)|

where 0 < w < 1 is a constant for adjusting the searching
speed. An example of searching process is illustrated in
Figure II. The subscript of each solution denotes the searching
sequence.

The advantage of this method is its searching speed which
is much faster than the other methods. but similar to the other
methods, this method may be stuck at local minima or maxima
due to the set of initial solutions. If the best solution lies within
the initial solutions, then the searching steps will eventual
reach the best solution.

X3 =X] +wX X |[x1 = xa|| (52)

V. CONCLUSION

Evolutionary algorithms were proposed to guess the best
solution which may or may not be actually the best one but
rather be an acceptable one. There were many algorithms in
this domain having been introduced so far by adapting the
behavior of various types of animal. The disadvantage of these
algorithms is due to the lack of considering and examining

X
X1 X3 X3

Fig. I. The observation of how to find best solution by using the opposite
gradients and zero gradient of manifold of the cost function.

Ex) yp(x,)
E(xs)

VE(

X1 X4X5 X3 Xy X;

Fig. II. Searching sequence starting from solutions x; and xa.

the geometrical structure of fitness function or c ost function
as a part of solution generating and finding. The solutions are
randomly generated and then evaluated by the fitness function.
Some of these solutions are selected by using the value of
fitness f unction w ith p robability a nd a t hreshold constant.

Although this is a serious disadvantage but it still has an
advantage of this approach. A new evolutionary method can
be easily developed. Since there is no direct mathematical
link between solution generating step and fitness function,

it is rather arbitrary to adapt the behavior of new animals
with empirical setting of relevant parameters. To overcome
the disadvantage, only the approach introduced in [24] trans-
formed a fitness f unction i nto a m anifold a nd d eployed the
observation of where the turning points can be detected by
using a fast opposite gradient search. The experiments in [24]
signified the faster searching s peed and more accurate results
than other methods. The research direct should move towards
the construction of convex manifold from fitness function and
the fast searching step.
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