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Cellular PSO



(CellularDE)

! Alpinist CellularDE



! Cellular Learning DE (CLDE)
% Fuzzy CellularDE (FCDE)




! Evolutionary Strategy
2 John Holland

3 John Koza

* Genetic Programming




'LISP
2 Recombination
3 Partial Solution




F(X) = [[f () +2] p(2) dz= f(X), 2~ N(0,0%)

1
Crossover
2 Robust

[]




ﬁ(X>=(1/N>Z[f<X>+zi]

! Cauchy

2 Genotype

3 Explicit Averaging

* Averaging over Time
> Fitness Evaluation

F(X) = f(X)

VACON

f(X)+z

F(X)

F(X)




' Averaging over Space
? Landscape

3 Implicit Averaging

* Boltzmann




8 P(d)

F(X)= Tf(Xm) p(o)do (-)
F(X)
FO)=1/N YK+ o) (-)
f(X) F(X) 0
fx) fX) X

! Robustness
2 Monte Carlo



F(X) = f(X)
F(X) = f(X) + E(X)

' Trade off
2 Job Shop Scheduling
3 Meta Model

f(X)

E(X)

[]




F(X)=f,(X)

! Dynamic Environments










! Benchmark




! Dynamic Bit Matching
2 ONEMAX
3 Chromosome




f D=, 480

Linear translation:
0,(0)=0Viell,.,n}
5,(1)=6,(t ~1)+s

Random dynamics:

0,(0)=0Viefl,..,n}
5,(t)=5,(t =1)+s.N, (0,1)

! Moving Parabola

N(0,1)

Ae
(-)
(-)

(-)




Circular dynamics:
0:i odd
5,(0)=

1:7 even
8,1)=5,~1)+s

%

fi(t):a)(t)f[(o)

@t )f;(0)=0.5cos( 27 +
steps

i=1.K

[

! Oscillating Peaks

Y)

i 05
K

steps




7
e
FARAER
e
(s

e

A
o
s
o,
s

5
o5

=
ot
i
e

it

g%
4
4
i
A

I

F(x,0)=max(B (x'), max P(x,h; (¢),w,; (1), p; (1))
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! Moving Peaks Function (MPB)



B(x)

w)

Ae

(p)

(h)

Ae .
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! Online
2 Offline



N~

! Iteration

MN

~
Il
—_

N

e, =maxie,,e,,...,e, }

e/ =max{e,,e_,,....e,}




fitness

[ ]

3.2

28 -
26 |
24 -
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+ best evaluation €’

offline performance
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! Restart/Reinitialization
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! Exploration
2 Exploitation
3 Nearest Neighbor Analysis

%

[]




[]



! Hamming Distance
2 Wind Shear

3 Hyper Mutation

# Random Immigrants

[ ]

[]




' Triggered Hypermutation
2 Variable Local Search (VLS)
3 Suger-beet-presses

[]

[]




G =0, TTN(0,1) :

new

— TN (0,1) |
O-new - olde :

' Multiplicative Self Adaptation
% Log-normal Self Adaptation




! Breeder Genetic Algorithm




[ ]

[ ]

! Explicit

2 Implicit

3 Allele

4 Triallelic
5 Recessive
¢ Dominant



%

! Multiploidy

[ ]




S moa = & s -a8€) (-)

(F)
F = <FEF> —-TH (-)
TH E
T
n
n
2n+l
F
F . (i=1.2,....2n+1) i
n
<E> F
H
M k k
H==3 > p lgp (-)
—1 j €{0,1}
k J p}

' Thermodynamical Genetic Algorithm (TDGA)
* Elite



! Diffusion
% Stochastic Genetic Algorithm (StGA)

[ ]
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! Fine Grained PSO (FGPSO)

? Hierarchical Particle Swarm Optimizer
? Particle Swarm Optimizer

4 Adaptive Particle Swarm Optimization

[ ]

[ ]

[ ]



[]

1s°]

! Atomic Models




! Uniform Volume Distribution (UVD)
2 Non-Uniform Volume Distribution (NUVD)
* Cellular PSO

IS

[ ]




' Self Organizing Scouts (SOS)
2 Multi-population




! Shifting Balance GA

2 Core Population

? Colony

* Multinational GA

’ Hill-valley

5 Sharing

7 Collaborative Evolutionary-Swarm Optimization (CESO)

[ ]

[ ]

[ ]




! Crowding Based Differential Evolution
? Crowding

* Evolutionary Programming Algorithm
* Fast PSO

[ ]




' DynDE
% Hibernating Multi-Swarm Optimization Algorithm (HmSO)

[ ]

[ ]

[]



! Multi Quantum Based Swarm Optimization (mQSO)
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! CellularDE
% Particle Swarm Optimizer (PSO)




! CellularDE




N d

p

CA=(ZY,p,N,F) d
X - . C ={cell, |[1<i <(N )"}

[Jﬂ«d‘-"‘hﬁ‘]’ ’ .. ’ -




Yicell }=(z,,z,,"",z,)

4= Lk/(Np )d_lJ

z,,=|(k _Z(Zj *(Np)"*f)) (Np)d(m)J

d
wp! {Cellzl’zz’_“’zd } = Z(Z,' _1)*(Np )d—i
i=l

(-

Sn

)

cellz_zz,”_,zd

(_

(_

)

)



Z(cell, .. .. )={cell m, =z, tg,k=1.d,-S, <g<S,.,ge€Z} (-)

my,my,-,my |

M P ={ind,,ind,,...,ind,, }
X; :(xil’xi2"”9'xid) i
z; cellzl,zz’”_’zd

zi:kai/NpJ+l (-)

cMem; t i

cMem; < argmax {f(indk),f(cMeml.H )} (-)

Vk,ind, isin cell;

! Sub-population



(-) localBest!

localBest; < argmax {f (cMem_j.)} (-)

Vj,cell; is a neighbor of cell;

DE/best-
to-current/1

' Scheme



vi = localBeStj + ﬁ’randl '(‘xi - xrl) + //i’randZ '(‘xr2 - xrB) ( - )

des



desj = (01,6‘2 h '3cd) Indj cd cellb] by by

cell

ay,a, .0,

a, <b, <c, 1<k <d

des

Hop

Ind . . (cellc1 P ) (cellsl,sz,‘,_’sd ) (Sy)

Hop,z]\éxﬂck—sk”/SN (-)

Hop

T; cell;
Tinit



Nis . cMem

cMem

! Hyper Sphere



Ris

cMem



(%, =(x;1X,550 0% ) cMem; cell,
sn;  dir; d
{Up, Down} dir;

a SSinit ( - )

(SSinit)

Sy,

k
sS; =88, Xa

init

SSinit

- cell;
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CellularDE (-

Algorithm CellularDE

Initialize a cellular automaton with (v, ) equal-sized cells

Initialize population of size M randomly in the cellular automaton
do
for all cell; in cellular automaton do

Update cMem; according to eq. ( - )
Calculate localBest; according to eq. ( - )

if there was a change in the past N, iterations then
/[/[Comment: Local Search Section

for all individual,, in cell; do

Set individual, to a random position in a hyper-sphere with radius LS,

centered at cMem; if that random position has better fitness.
end-for
else
Evolve active population in cell; by the modified version of DE
end-if

if it is the first iteration after the local search then

T=T;/2
else

=T,
end-if

while population of cell; > T
Re-initialize the worst active individual to a random cell
end-while

if a change is detected in the environment then
Re-evaluate cMem;
for all individual,, in cell; do

Re-evaluate individual,,

end-for

end-if

end-for
until a termination condition is met




Algorithm Improved Local Search

sn; =(0,0,...,0),
X, = position of cMem,
do
fork=1toddo
if sn' >M _ then
continue
end-if

xtmp :'xi

k _ Sh
ss; =ss,. xb

Move x,’,‘np in the direction according to dir/* with the size of ss
if fit(x,,,)>fit(x,) then

‘xi :'xtmp
else
'xtmp :xi

Move xt’,‘w in the opposite direction of dir" with the size of ss
if fit(x,,,)>fit(x,) then
xi :xtmp
flip the direction of dir,"
else
snik ++
end-if
end-if
until sn > M _ and there was no improvement in any dimensions

! Moving Peaks Benchmark
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Cr
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Cr

Vv, =x, +F.(x,-X,,) DE/rand/1
;i = x—r1 + F.(localBest; — ij) DE/rand-to-best/1
\Ti =localBest; + F (;1 - le) +Aina (x—r2 - x—ﬂ) DE/best-to-current/1
1_/; = xT + F.(localBest, - ;l) +Aa (x_rl’ - x—ﬂ) DE/current-to-best/1
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(CellularDE)

(CellularDE+)
(MPB)
[ ]1DynDE [ ]
[ , ] Cellular PSO [ 1]

[ ]HmSO [ ] AdaptivemQSO [ , ]mQSO



Adaptive mQSO mQSO HmSO

DynDE

[ ]

Cellular PSO
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! Alpinist CellularDE
2 Hill Climbing

3 Unknown Cell

4 Foot Cell

5 Footside Cell

% Hillside Cell




! Hill Climbing

LT

cMem

cMemHis

MI



cMem

localBest

localBest

- cell,



Algorithm Landscape Type Detector

PROCEDURE setType
INPUT : cell,
BEGIN

if cMem; is located in cell, and |BestHis (Last )— BestHis ( First )| <MI then
LT, = FOOT

else-if cBestMem, is located in cell ,and i = j and LT, = FOOT then
LT, = FOOTSIDE
T, =T,, /2

init

else-if cMem; is located in cell;and i = j and LT, == FOOTSIDE then
LT, = HILLSIDE

T,=T,./2
else

LT, =UNKNOWN
end-if

END
END-PROCEDURE




(-

Algorithm Alpinist CellularDE

Initialize a cellular automaton with (N, ) equal-sized cells

Initialize population of size M randomly in the cellular automaton

do
for all cell; in C4 do

Update cMem; according to eq. ( - )
Calculate localBest; according to eq. ( - )

If size of cMemHis;>6 then
Remove the first member of cMemHis;
end-if
if there is any active population in cell; then
Add cMem; to cMemHis;
end-if
setType(cell,)
if there was a change in the past N iterations then

Conduct a local search centered at cMem;
else
if LT, = FOOT then

Evolve active population in cell; by Hill Climbing
else
Evolve active population in cell; by the modified version of DE
end-if
end-if

while population of cell;> T
Re-initialize the worst active individual to a random cell
end-while

if a change is detected in the environment then
Re-evaluate cMem;
for all individual,, in cell; do

Re-evaluate individual,,

end-for
Clear cMemHis;

end-if

end-for
until a termination condition is met




(Alpinist CellularDE)

[ JHmSO [ ] Adaptive mQSO [ ] mQSO

L]

MI

Adaptive mQSO HmSO . -
DynDE [ ] Cellular PSO  mQSO
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Algorithm Cellular Learning DE (CLDE)

Initialize a cellular automaton with (N, ) equal-sized cells

Initialize population of size M randomly in the cellular automaton

do
for all cell; in C4 do

Update cMem; according to eq. ( - )
Calculate localBest; according to eq. ( - )

if there was a change in the past N iterations then

for all individual,, in cell; do
Set individual,, to a random position in a hyper-sphere with radius LS, centered at
cMem; if that random position has better fitness.
end-for
else
The LAC; choose an action according to his probability vector and F is set to that
The LAF; choose an action according to his probability vector and Cr is set to that
Evolve active population in cell; by the modified version of DE with chosen parameters

Calculate S (¢) and B (¢)
Update the probability vectors of LAC; and LAF; according to A3 (¢) and B (¢)
end-if

if it is the first iteration after the local search then

T=T/2
else

T=T,
end-if

while population of cell; > 1, .,

Re-initialize the worst active individual to a random cell
end-while

if a change is detected in the environment then
Re-evaluate cMem;
for all individual,, in cell; do

Re-evaluate individual,

end-for

end-if

end-for
until a termination condition is met




' Fuzzy CellularDE (FCDE)
% Fuzzy Cellular Automata (FCA)
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FUZZY RULES FCDE

RULE 1: IF NC, IS SMALL AND NC 1S SMALL THEN F IS SMALL AND Cr IS SMALL

RULE 2: IF NC, IS SMALL AND NCf IS MEDIUM THEN F 1S MEDIUM AND Cr IS MEDIUM
RULE 3: IF NC, IS SMALL AND NCJ IS BIG THEN F IS BIG AND Cr IS BIG

RULE 4: IF NC, IS MEDIUM AND NCf IS SMALL THEN F' IS MEDIUM AND Cr IS MEDIUM
RULE 5: IF NC, IS MEDIUM AND NC, IS MEDIUM THEN F 1S MEDIUM AND Cr IS MEDIUM
RULE 6: IF NC, IS MEDIUM AND NCf IS BIG THEN F IS BIG AND Cr IS BIG

RULE 7: IF NC, IS BIG AND NC/. IS SMALL THEN F IS BIG AND Cr IS BIG

RULE 8: IF NC, IS BIG AND NC/. IS MEDIUM THEN F 1S BIG AND Cr IS BIG

RULE 9: IF NC, IS BIG AND NC/. IS BIG THEN F' IS BIG AND Cr IS BIG

AND MAX MIN

NC, NC

! Accumulation
2 Defuzzification
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Algorithm Fuzzy CellularDE (FCDE)

Initialize a cellular automaton with (N, ) equal-sized cells

Initialize population of size M randomly in the cellular automaton

do
for all cell; in C4 do

Update cMem; according to eq. ( - )
Calculate localBest; according to eq. ( - )

if there was a change in the past N iterations then

for all individual,, in cell; do
Set individual,, to a random position in a hyper-sphere with radius LS, centered at cMem,; if
that random position has better fitness.
end-for
else

Calculate NC ; according toeq. ( - )
Calculate NC, according to eq. ( - )

Calculate the values of the parameters ' and Cr
by using the Rule Based Fuzzy Inference System

Evolve active population in cell; by the modified version of DE
with the new calculated F and Cr
end-if

if it is the first iteration after the local search then

T=T1/2
else

T =T,
end-if

while population of cell;> T, ,
Re-initialize the worst active individual to a random cell
end-while

if a change is detected in the environment then
Re-evaluate cMem;
for all individual,, in cell; do

Re-evaluate individual,,

end-for

end-if

end-for
until a termination condition is met
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Replace individual x, with u,
end-if
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myRules.fcl

FUNCTION_BLOCK FuzzyCellularDE

VAR_INPUT
ncl : REAL;
ncf : REAL;
END_VAR
VAR_OUTPUT
F - REAL;
Cr : REAL;
END_VAR

FUZZIFY ncl
TERM small := gauss 0.05 0.35;
TERM medium := gauss 0.5 0.35;
TERM big := gauss 0.95 0.35;
END_FUZZIFY

FUZZIFY ncf
TERM small := gauss 0.05 0.35;
TERM medium := gauss 0.5 0.35;
TERM big = gauss 0.95 0.35;
END_FUZZIFY

DEFUZZIFY F

TERM small := gauss 0.05 0.35;
TERM medium := gauss 0.5 0.35;
TERM big := gauss 0.95 0.35;
METHOD : COG;
DEFAULT := O;

END_DEFUZZIFY

DEFUZZIFY Cr
TERM small := gauss 0.05 0.35;
TERM medium := gauss 0.5 0.35;
TERM big := gauss 0.95 0.35;
METHOD : COG;
DEFAULT := 0O;

END_DEFUZZIFY

RULEBLOCK main

AND : MIN;

// Use "min" activation method

ACT : MIN;

// Use "max® accumulation method

ACCU : MAX;

RULE 1 : IF ncf IS small AND ncl IS small

RULE 2 :

THEN F 1S small, Cr IS small;

IF ncf IS small AND ncl IS medium
THEN F 1S medium, Cr IS medium;




RULE

RULE

RULE

RULE 6 :

RULE 7 :

RULE

RULE

1F

IF

IF

IF

IF

1F

1F

ncf IS small AND ncl IS big
THEN F 1S big, Cr IS big;

ncf IS medium AND ncl IS small
THEN F 1S medium, Cr IS medium;

ncf IS medium AND ncl IS medium
THEN F 1S medium, Cr IS medium;

ncft IS medium AND ncl

THEN F 1S big, Cr

ncf IS big AND ncl
THEN F 1S big, Cr

ncf 1S big AND ncl
THEN F 1S big, Cr

ncf 1S big AND ncl
THEN F 1S big, Cr

IS big
IS big;

IS small
IS big;

IS medium
IS big;

IS big
IS big;

END_RULEBLOCK

END_FUNCTION_BLOCK

package cellularevolution;
import net.sourceforge.jFuzzylogic.*;

public class Parameters {
public FIS myFIS;

public
public
public
public
public
public

long evalsMax;

int populationSize;
int partitionsNum;
int thetalnit;

int localSearchNum;
int neighborhoodSize;

double FInit;
double Crinit;
int DEScheme;
double mutProb;

public
public
public
public
public double hillMut;
double
double
double

ssinit;
stepMax;
acc;

public
public
public

public
public
public
public
public
public
public
public

boolean alpinistEnable;
int localSearchType;
boolean FLearningEnable;
boolean CrLearningEnable;
boolean FNLearningEnable;
boolean CrNLearningEnable;
boolean FFuzzyEnable;
boolean CrFuzzyEnable;

public double aF;



public double bF;

public double aFN;
public double bFN;
public double aCr;
public double bCr;
public double aCrN;
public double bCrN;

public int dimensionsNum;
public int peaksNum;

public int changePeriod;
public double moveSeverity;
public double heightSeverity;
public double widthSeverity;
public double minWidth;
public double maxWidth;
public double standardWidth;
public double lambda;

public int peaksType;

public Parameters(){
myFIS = FIS_load("'FuzzyRules.fcl", true);

dimensionsNum=5;
peaksNum=10;
changePeriod=5000;
populationSize=100;
partitionsNum=10;
thetalnit=10;
neighborhoodSize=2;
localSearchType=1;
localSearchNum=3;
evalsMax=500000;

alpinistEnable=false;
FFuzzyEnable=false;
CrFuzzyEnable=false;

DEScheme=3;
FInit=0.5;
Crinit=0.5;
mutProb=0.5;

hillMut=0.2;

sslnit=5;
stepMax=4;
acc=0.2;

FLearningEnable=false;
aF=0.1;

bF=0.0;
FNLearningEnable=false;
aFN=0.1;

bFN=0.1;

CrLearningEnable=false;
aCr=0.1;

bCr=0.0;
CrNLearningEnable=false;
aCrN=0.1;

bCrN=0.1;

moveSeverity=1.0;
heightSeverity=7.0;
widthSeverity=1.0;
minWidth=1.0;
maxWidth=12.0;
standardWidth=0.0;
lambda=0.0;
peaksType=1;



public

. printParams

void printParams(){

System.out.printIn("Population Size="+populationSize+", "+

“"Number of Dimensions="+dimensionsNum+", "'+
"Number of Peaks="+peaksNum+", "+

""Change Period="+changePeriod+", "+

"“"Number of Partitions="+partitionsNum+", "+
"Initial Theta="+thetalnit+", "+
"Neighborhood Size="+neighborhoodSize+", "+
"Number of LocalSearch="+localSearchNum+", "'+
"DE Scheme="+DEScheme+", "'+

"Mutation Probability="+mutProb+", "'+
“Initial F="+FInit+", "+

"initial Cr="+Crinit+", "+

"F Learning=""+FLearningEnable+", "+

"Cr Learning="+CrLearningEnable+", "+

"F Neighbor Learning="+FNLearningEnable+", "+
"Cr Neighbor Learning="+CrNLearningEnable+", "+
"F Fuzzy="+FFuzzyEnable+", "+

"Cr Fuzzy="+CrFuzzyEnable+", "'+

"Move Severity="+moveSeverity+", "+
"Alpinist="+alpinistEnable+", "+

"Type of Local Search="+localSearchType+", "+
"Number of Local Search="+localSearchType+", "+
""Maximum Number of Evaluations="+evalsMax);

Benchmark

package cellularevolution;

public abstract class Benchmark {

public

public
public
public
public
public
public

public
public

public

public

boolean isChanged;

int dimensionsNum;
int peaksNum;

int changePeriod;
double[] minCoordinate;
double[] maxCoordinate;
long mainSeed;

int periodNum;
int itSincelLastChange;

abstract void init(Q);

abstract long evalsNum(Q);



public abstract void printPeaksData();
public abstract void printErrorsQ);

public abstract double eval(Chromosome ch);
public abstract double eval(double[] gens);

public abstract double evalDummy(Chromosome ch);
public abstract double evalDummy(double[] gens);

public abstract int genNum(Q);
public abstract double offlineError();
public abstract double currentError();

MPBBenchmark

Benchmark

package cellularevolution;
import peaks.*;
import java.util._*;

public class MPBenchmark extends Benchmark{
movpeaks function;
double moveSeverity;
double heightSeverity;
double widthSeverity;
double minWidth;
double maxWidth;
double standardWidth;
double lambda;
int peakType;
long MPBSeed;

public void initQ{
dimensionsNum=EvolutionUtils.pars.dimensionsNum;
peaksNum=EvolutionUtils._pars.peaksNum;
changePeriod=EvolutionUtils.pars.changePeriod;

minCoordinate=new double[dimensionsNum];

maxCoordinate=new double[dimensionsNum];

for(int i=0;i<dimensionsNum;i++){
minCoordinate[i]=0.0;
maxCoordinate[i]=100.0;

b

moveSeverity=EvolutionUtils.pars.moveSeverity;
heightSeverity=EvolutionUtils.pars.heightSeverity;
widthSeverity=EvolutionUtils._pars.widthSeverity;
minWidth=EvolutionUtils._pars.minWidth;
maxWidth=EvolutionUtils.pars.maxWidth;
standardWidth=EvolutionUtils._pars.standardWidth;
lambda=EvolutionUtils.pars.lambda;
peakType=EvolutionUtils.pars.peaksType;



periodNum=1;
itSinceLastChange=0;
isChanged=false;

EvolutionUtils. initRandom((new Random()).nextLong());
MPBSeed=EvolutionUtils.rnd.nextLong();

function=new movpeaks(peaksNum,
dimensionsNum,
changePeriod,
moveSeverity,
minWidth,
maxWidth,
standardWidth,
lambda,
heightSeverity,
widthSeverity,
peakType,
MPBSeed) ;

function.mincoordinate=minCoordinate[0];
function.maxcoordinate=maxCoordinate[0];
function.init_peaks(Q);

}
- evalsNum
public long evalsNumQ{
return function.get_number_of_evals();
¥
. printPeaksData
public void printPeaksData(){
function.printPeakData();
}
. printErrors

public void printErrorsQ{
System.out.printIn("Offline Error:"+function.get_offline_error());
System.out.printIn("Best Error:"+function.get_current_error());
System.out.printIn("Current
Peak:+"+function.getCurrentPeak()+","+function.get_right_peak());
System.out.printIn("--————————— ");
¥

public double eval(Chromosome ch){
double tmp;
tmp=eval (ch.gens);
return tmp;

}

public double eval(double[] gens){
double tmp;
tmp=Ffunction.eval_movpeaks(gens);
if(function.get_number_of_evals()%changePeriod==0){



isChanged=true;
EvolutionUtils.benchmark.periodNum=EvolutionUtils.benchmark.periodNum+1;

}
return tmp;
}
. evalDummy o
public double evalDummy(Chromosome ch){
return function.dummy_eval(ch.gens);
3
public double evalDummy(double[] gens){
return function.dummy_eval(gens);
3
. genNum .
public int genNumQ{
return function.geno_size;
¥
.offlineError J
public double offlineError({
return function.get_offline_error();
¥
( ) ' getCurrentError .

public double currentError({
return function.get_current_error();
¥

EvolutionUtils - -

package cellularevolution;
import java.util._*;

public class EvolutionUtils {
public static Parameters pars=new Parameters();;
public static Random rnd;
public static Benchmark benchmark;
public static ArrayList<Chromosome> inactivePopulation;
public static TreeSet<Cell> updateCandidates;
public final static double bigMin=-100000000;

. chooseAction °



public static int chooseAction(double[] actionProps){
double rn;
double sum;

int Ind=-1;
rn=EvolutionUtils.rnd.nextDouble();
sum=0;

for(int k=0;k<actionProps.length;k++){
if(rn<sum+actionProps[k]){
Ind=k;
break;

3

sum+=actionProps[k];

return Ind;

. SLRI .

S SLRI

public static void SLRI(double[] actionProps,int actionNum,double a,double B){
actionProps[actionNum]=actionProps[actionNum]+a*(1-B)*(1-actionProps[actionNum]);
for(int k=0;k<actionProps.length;k++){

if(k==actionNum)
continue;
actionProps[k]=actionProps[k]-a*(1-B)*actionProps[k];

. SLRP .
SLRP
S

public static void SLRP(double[] actionProps,int actionNum,double a,double b,double

B){
actionProps[actionNum]=actionProps[actionNum]-B*b*actionProps[actionNum]+(1-
B)*a*(1-actionProps[actionNum]);
for(int k=0;k<actionProps.length;k++){
iT(k==actionNum)
continue;
actionProps[k]=actionProps[k]+B*((b/(actionProps.length-1))-
b*actionProps[k])-(1-B)*a*actionProps[k];

¥
. TLRPReward .

T

public static void TLRPReward(double[] actionProps,int actionNum,double reward){
actionProps[actionNum]=actionProps[actionNum]+reward*(l-actionProps[actionNum]);
for(int k=0;k<actionProps.length;k++){
if(k==actionNum)
continue;
actionProps[k]=(1-reward)*actionProps[k];

. TLRPPunish .
T

public static void TLRPPunish(double[] actionProps,int actionNum,double punish){
actionProps[actionNum]=(1-punish)*actionProps[actionNum];
for(int k=0;k<actionProps.length;k++){
iT(k==actionNum)
continue;



actionProps[k]=(punish/(actionProps.length-1))+(1-punish)*actionProps[k];

by
}
. initRandom
public static void initRandom(long seed){
rnd=new Random(seed);
}
. getLinearPos

public static int getLinearPos(int[] partition,Benchmark bm){

int pos=0;

int order=1;

for(int i=partition.length-1;i>=0;i--){
if(partition[i]<0 || partition[i]>=pars.partitionsNum)

return -1;

pos=pos+order*partition[i];
order=order*pars.partitionsNum;

3
return pos;
3
. samePartition
public static boolean samePartition(int[] pl,int[] p2){
for(int i=0;i<pl.length;i++){
if(p1lLi]!=p2[i])
return false;
3
return true;
}
. toBound

public static double toBound(double num,double min,double max){
return (num*(max-min))+min;
¥

. getPartition

public static int[] getPartition(Chromosome ch,Benchmark bm){

int[] partition=new int[ch.gens.length];

for(int i=0;i<partition.length;i++){
partition[i]=(int) ((ch.gens[i]-bm.minCoordinate[i]) /

((bm.maxCoordinate[i]-bm.minCoordinate[i])/(double)pars.partitionsNum));
if(partition[i]>=pars.partitionsNum)
partition[i]=pars.partitionsNum-1;
}

return partition;



Chromosome

package cellularevolution;

public class Chromosome implements Comparable{
public double[] gens;
public double fitness;
public int desCell;
public int hop;

. compareTo

public int compareTo(Object e){
iT(((Chromosome)e) . fitness<this.fitness)
return -1;
iT(((Chromosome)e) . fitness>this.fitness)
return 1;
return O;

. Chromosome

public Chromosome(int numberOfDimensions){
gens=new double[numberOfDimensions];
fitness=EvolutionUtils._bigMin;
hop=-1;
desCell=-1;

¥

public Chromosome(int numberOfDimensions,double[] min,double[] max){
this(numberOfDimensions);
for(int j=0;j<numberOfDimensions;j++)

gens[j]=EvolutionUtils.toBound(EvolutionUtils.rnd.nextDouble(Q),min[j1.max[j]1);

}

ChromosomeMem

package cellularevolution;

public class ChromosomeMem{
public double[] gens;
public double fitness;
boolean isEmpty=true;
public int periodNum;



. ChromosomeMem

public ChromosomeMem(){

isEmpty=true;

fitness=EvolutionUtils._bigMin;
periodNum=EvolutionUtils._benchmark.periodNum;
gens=null;

}
. ISEmpty
public boolean isEmpty(){
return isEmpty;
}
. update

public void update(ChromosomeMem mem){

}

if(mem==null || mem.isEmpty()){
gens=null;
fitness=EvolutionUtils._bigMin;
periodNum=EvolutionUtils.benchmark.periodNum;
isEmpty=true;
return;

if(gens==null)

gens=new double[mem.gens.length];
System.arraycopy(mem.gens, 0, gens, 0, mem.gens.length);
fitness=mem.fitness;
periodNum=mem.periodNum;
isEmpty=false;

public void update(Chromosome ch){

periodNum=EvolutionUtils._benchmark.periodNum;
if(ch==null){

gens=null;

fitness=EvolutionUtils._bigMin;

isEmpty=true;

return;
T
if(gens==null)

gens=new double[ch.gens.length];
System.arraycopy(ch.gens, 0, gens, 0, ch.gens.length);

fitness=ch.fitness;
isEmpty=false;

- getAliveClone

public Chromosome getAliveClone(){

Chromosome ch=new Chromosome(gens. length);
System.arraycopy(gens, 0, ch.gens, 0, gens.length);
ch_fitness=fitness;

return ch;



CellSate

package cellularevolution;
import java.util.*;

public class CellState{
public ArrayList<Chromosome> population;
public int theta;

public ChromosomeMem cellMem;

public double F;
public double Cr;

public double[] FActionProp;
public double[] CrActionProp;

s addIndivisual
public void addIndivisual (Chromosome ind){
if(Ipopulation.contains(ind))
population.add(ind);
}
. CellState

public CellState(){
theta=-1;
population=new ArrayList<Chromosome>();

cellMem=new ChromosomeMem();

=-1;

Cr=-1;

FActionProp=new double[10];

for(int 1=0;i<FActionProp.length;i++){
FActionProp[i]=0;

CrActionProp=new double[9];

for(int 1=0;i<CrActionProp.length;i++){
CrActionProp[i]=0;
¥

Cell



package cellularevolution;
import java.util.*;

public class Cell implements Comparable{
public CellState currentState;
public CellState nextState;

public int[] partition;
public Cell[] neighbors;
public Cell[] adjacentNeighbors;

int lastHistAdd;

int landscapeType;
LinkedList<Double> cMemHist;

ChromosomeMem currentBest;
ChromosomeMem localBest;
Cell bestNCell;

int FInd;
int Crind;

double CI=0.5;
double Cf=0.5;

. Cell

public Cell(int[] partition){
this.partition=partition;
}

Sl
r~+

public void nit(Q){
currentState=new CellState();
nextState=null;
landscapeType=0;
cMemHist=new LinkedList<Double>();
lastHistAdd=0;
FiInd=-1;
Crind=-1;
currentBest=null;
localBest=null;

initNextState

public void initNextState(){
nextState=new CellState();

iT(EvolutionUtils._pars.FLearningEnable)



System.arraycopy(currentState.FActionProp, 0, nextState.FActionProp, O,
currentState.FActionProp. length);
if(EvolutionUtils._pars.CrLearningEnable)
System.arraycopy(currentState.CrActionProp, 0, nextState.CrActionProp, O,
currentState.CrActionProp.length);
nextState.F=currentState.F;
nextState.Cr=currentState.Cr;
nextState.theta=currentState.theta;
nextState.cel IMem.update(currentState.cel IMem);

. update

public void update(){
initNextState();
if(currentState.population.size()>0){
refreshMems();
setCurrentBest();
setLocalBest();
if (EvolutionUtils._pars.alpinistEnable)
landscapeTypeDetect();
else
landscapeType=0;
evolve(Q);
controlDensity();

.evolve

public void evolve(Q{
if
(EvolutionUtils.benchmark. itSinceLastChange<=EvolutionUtils.pars.localSearchNum){
if(EvolutionUtils._pars.localSearchType==1)
randomLocalSearch();
else

ImprovedLocalSearch(EvolutionUtils._pars.ssinit,EvolutionUtils.pars.stepMax,EvolutionUtil

s.pars.acc);

Yelse{
if(landscapeType==0)
DEEvolve();
if(landscapeType==1)
hillClimb(Q);
if(landscapeType==2)
DEEvolve();
if(landscapeType==3)
DEEvolve(Q);
3

. DEEvolve

public void DEEvolve(Q){
double F=currentState.F;
double Cr=currentState.Cr;

ArrayList<Chromosome> popPool=new ArrayList<Chromosome>();
popPool .addAl I (currentState.population);

if(EvolutionUtils._pars.CrFuzzyEnable || EvolutionUtils._pars.FFuzzyEnable){
double NCI=0,NCf=0;
NCI=1-(1+Cl)*Math.exp(-Cl);
NCF=1-(1+CF)*Math.exp(-CF);



EvolutionUtils.pars.myFIS.setVariable(*'d21", NCI);

EvolutionUtils.pars.myFIS.setVariable("'d22", NCF);

EvolutionUtils._pars.myFIS.evaluate();

if(EvolutionUtils.pars.CrFuzzyEnable)
Cr=EvolutionUtils.pars.myFIS.getVariable(''Cr'") .defuzzify(Q);

if(EvolutionUtils._pars.FFuzzyEnable)
F=EvolutionUtils._pars.myFIS.getVariable("'F'").defuzzify();

3

Cl=0;

Cf=0;

if(EvolutionUtils._pars.CrLearningEnable){
Crind=EvolutionUtils.chooseAction(nextState.CrActionProp);
Cr=(Crind+1)*0.1;

if(EvolutionUtils._pars.FLearningEnable){
FInd=EvolutionUtils.chooseAction(nextState.FActionProp);
F=(FInd+1)*0.1;

¥

int winNum=0;

for(int i=0;i<currentState.population.size(Q);i++){
Chromosome x1,x2,x3,x4,xb,res,currentCh;
currentCh=popPool .get(i);
x1=currentCh;
x2=popPool .get(EvolutionUtils.rnd.nextInt(popPool.size()));
x3=popPool .get(EvolutionUtils.rnd.nextInt(popPool.size()));
x4=popPool .get(EvolutionUtils.rnd.nextInt(popPool.size()));

xb=localBest.getAliveClone();
res=DEOperator(F,xb,x1,x2,x3,x4);

int jRand;
JRand=EvolutionUtils.rnd.nextInt(res.gens.length);

for(int j=0;j<res.gens.length;j++){
iT(EvolutionUtils.rnd.nextbouble()>Cr && j!'=jRand){
res.gens[j]=currentCh.gens[j];

clipToBound(res,EvolutionUtils.benchmark.minCoordinate,EvolutionUtils.benchmark.maxCoord
inate);
res.fitness=eval (res);
if(res.fitness>=currentCh.fitness){
if(EvolutionUtils.pars.CrFuzzyEnable ||
EvolutionUtils.pars.FFuzzyEnable){
Cf+=(res.fitness-currentCh.fitness)*(res.fitness-currentCh.fitness);
for(int k=0;k<res.gens.length;k++)
Cl+=(res.gens[k]-currentCh.gens[k])*(res.gens[k]-
currentCh.gens[k]);

addNewlInd(res);

Yelse{
addInd(currentCh, false);
}

if(res.fitness>currentCh.fitness)
winNum++;

¥

if(EvolutionUtils.pars.CrFuzzyEnable || EvolutionUtils.pars.FFuzzyEnable){
Cf=Math.sqrt(Cf/currentState.population.size());
Cl=Math.sqrt(Cl/currentState.population.size());

¥

if(EvolutionUtils._pars.CrLearningEnable)
EvolutionUtils._SLRI(nextState.CrActionProp,Crind, EvolutionUtils.pars.aCr,
1-(((double)winNum)/ (double)currentState.population.size()));
if(EvolutionUtils._pars.FLearningEnable)
EvolutionUtils.SLRI(nextState.FActionProp,FInd, EvolutionUtils.pars.aF, 1-
(((double)winNum)/(double)currentState.population.size()));



. DEOperator

public Chromosome DEOperator(double F,Chromosome xb,Chromosome x1,Chromosome
X2 ,Chromosome x3,Chromosome x4){
Chromosome newCh=new Chromosome(xb.gens.length);
for(int i=0;i<newCh.gens.length;i++){
if(EvolutionUtils._pars.DEScheme==1){
newCh.gens[i]=x1.gens[1]+F*(x2.gens[i]-x3.gens[i]);
Yelse{
if(EvolutionUtils._pars.DEScheme==2){
newCh._gens[i]=x1.gens[i]+F*(xb.gens[i]-x2.gens[i]);
Yelse{
if(EvolutionUtils._pars.DEScheme==3){
newCh.gens[i]=xb.gens[i]+EvolutionUtils.rnd.nextDouble()*(x1.gens[i]-
x3.gens[i])+EvolutionUtils.rnd.nextDouble()*(x2.gens[i]-x4.gens[i]);
Yelse{
iT(EvolutionUtils._pars.DEScheme==4){
newCh.gens[i]=x1.gens[i]+F*(xb.gens[i]-
x1.gens[i])+EvolutionUtils.rnd.nextDouble()*(x2.gens[i]-x3.gens[i]);

(ST

¥
if(EvolutionUtils.rnd.nextDouble()<EvolutionUtils.pars.mutProb){
int ttt=EvolutionUtils.rnd.nextInt(newCh.gens.length);
newCh.gens[ttt]=newCh.gens[ttt]+EvolutionUtils.rnd.nextGaussian();
¥

return newCh;

ImprovedLocalSearch

public void ImprovedLocalSearch(double sinit,double maxStep,double acc){

for(int i=0;i<currentState.population.size()-1;i++)
addInd(currentState.population.get(i),false);

Chromosome currentCh;
currentCh=currentState.cellMem.getAliveClone();
Chromosome newCh;

newCh=new Chromosome(currentCh.gens.length);

int[] mutDir;
int[] mutStepNum;
double[] mutStep;

mutDir=new int[currentCh.gens.length];
mutStep=new double[currentCh.gens.length];
mutStepNum=new int[currentCh.gens.length];
for(int k=0;k<mutDir.length;k++){
if(EvolutionUtils.rnd.nextBoolean())
mutDir[k]=-1;
else
mutDir[k]=1;
mutStep[k]=sinit;
mutStepNum[k]=1;
newCh.gens[k]=currentCh.gens[Kk];
3
currentCh._fitness=EvolutionUtils.benchmark.evalDummy(currentCh);
newCh.fitness=currentCh.fitness;
boolean isBetter;



boolean changeStep;
do{
isBetter=false;
changeStep=false;
for(int k=0;k<newCh.gens.length;k++){
double tmpFitness;
i T(mutStepNum[k]>maxStep)
continue;
newCh.gens[k]=newCh.gens[k]+mutDir[k]*mutStep[Kk];
tmpFitness=eval (newCh);
iT(tmpFitness<newCh.fitness){
newCh.gens[k]=newCh.gens[k]-mutDir[k]*mutStep[k];
mutDir[k]=mutDir[k]*-1;
newCh.gens[k]=newCh.gens[k]+mutDir[k]*mutStep[k];
tmpFitness=eval (newCh);
if(tmpFitness<newCh.fitness){
newCh.gens[k]=newCh.gens[k]-mutDir[k]*mutStep[k];
mutDir[k]=mutDir[k]*-1;
if(mutStepNum[k]<=maxStep){
mutStep[k]=sinit*Math.pow(acc,mutStepNum[k]);
changeStep=true;
mutStepNum[k]=mutStepNum[k]+1;

T

Yelse{
newCh.fitness=tmpFitness;
isBetter=true;

}

Yelse{
newCh.fitness=tmpFitness;
isBetter=true;

}
3
Jwhile(isBetter || changeStep);

clipToBound(newCh,EvolutionUtils.benchmark.minCoordinate,EvolutionUtils.benchmark.maxCoo
rdinate);
newCh.fitness=eval (newCh);
iT(newCh.fitness>=currentCh.fitness){
addNewlInd(newCh) ;

Yelse{
addInd(currentState.population.get(currentState.population.size()-1),false);
3

randomLocalSearch °

public void randomLocalSearch(){
ArrayList<Chromosome> popPool=new ArrayList<Chromosome>();
popPool .addAl I (currentState.population);
for(int i=0;i<currentState.population.size();i++){
Chromosome currentCh;
currentCh=popPool .get(i);
double sum;
Chromosome newCh;
newCh=new Chromosome(currentCh.gens.length);
sum=0;
for(int j=0;j<newCh.gens.length;j++){
newCh.gens[j]=EvolutionUtils.rnd.nextDouble()-0.5;
sum=sum+newCh.gens[j]1*newCh.gens[j];

sum=Math.sqrt(sum);

double r;

r=EvolutionUtils.rnd.nextDouble();

for(int j=0;j<currentCh.gens.length;j++){
newCh.gens[j1=(newCh.gens[j]/sum)*r+localBest.gens[j];

}

clipToBound(newCh,EvolutionUtils.benchmark.minCoordinate,EvolutionUtils.benchmark.maxCoo
rdinate);
newCh . fitness=eval (newCh);
if(currentCh.fitness>=newCh.fitness)
addInd(currentCh, false);



else
addNewlInd(newCh) ;

hilIClimb J

public void hillClimb(Q{

double mut=EvolutionUtils.pars.hillMut;

for(int i=0;i<currentState.population.size()-1;i++)
addInd(currentState.population.get(i),false);

if(currentState.population.size()>0){
Chromosome newCh;
newCh=new Chromosome(currentState.cellMem.gens.length);
System.arraycopy(currentState.cellMem.gens, 0, newCh.gens, O,

newCh.gens. length);

int mGen=EvolutionUtils.rnd.nextInt(newCh.gens.length);
newCh.gens[mGen]=newCh.gens[mGen]+EvolutionUtils.rnd.nextGaussian()*mut;

clipToBound(newCh,EvolutionUtils.benchmark.minCoordinate,EvolutionUtils.benchmark.maxCoo
rdinate);
newCh. fitness=eval (newCh);
if(newCh.fitness>=currentState.celIMem.fitness){
addNewlInd(newCh) ;
Yelse{
addInd(currentState.population.get(currentState.population.size()-
1),false);

}

. landscapeTypeDetect o

public void landscapeTypeDetect(){
int obsRange=6;
nextState.theta=EvolutionUtils.pars.thetalnit;

if(EvolutionUtils.benchmark. itSinceLastChange>EvolutionUtils.pars. localSearchNum){
if(currentState.population.isEmpty())
return;

if(lastHistAdd!=EvolutionUtils._.benchmark. itSinceLastChange-1)
cMemHist.clear();

if(cMemHist.size()==0bsRange)
cMemHist.removeFirst();

cMemHist.add(currentBest.fitness);
lastHistAdd=EvolutionUtils.benchmark. itSinceLastChange;

if((cMemHist.size()==obsRange && bestNCell==this && cMemHist.getLast()-
cMemHist.getFirst()<0.1)){
landscapeType=1;
Yelse{
iT(bestNCell!=this && bestNCell.landscapeType==1){
landscapeType=2;
nextState.theta=EvolutionUtils_pars.thetalnit/2;
Yelse{
if(bestNCell!=this && bestNCell.landscapeType==2){
landscapeType=3;
nextState.theta=EvolutionUtils._pars.thetalnit/2;



. controlDensity o

public void controlDensity(){
int theta=currentState.theta;

if(EvolutionUtils._pars.alpinistEnable==false &&
EvolutionUtils.benchmark. itSinceLastChange>=EvolutionUtils.pars.localSearchNum &&
EvolutionUtils.benchmark. itSinceLastChange<=EvolutionUtils._pars.localSearchNum)
theta=EvolutionUtils.pars.thetalnit/2;

Collections.sort((List)nextState.population);
if(nextState.population.size()>theta){
int nOD=EvolutionUtils.benchmark.genNum(Q);
while(nextState.population.size()>theta){
Chromosome ch;
ch=new
Chromosome(nOD,EvolutionUtils.benchmark.minCoordinate,EvolutionUtils.benchmark.maxCoordi
nate);
ch.fitness=eval(ch);
addNewlnd(ch);
nextState.population.remove(nextState.population.size()-1);

. refreshMems °

public void refreshMems(){
if(lcurrentState.cellMem. isEmpty())

currentState.cel IMem. fitness=EvolutionUtils._benchmark.evalDummy(currentState.cellMem.gen
s);
if(currentState.cellMem.periodNum!=EvolutionUtils.benchmark.periodNum){
if(TcurrentState.cel IMem. isEmpty())

currentState.cel IMem. fitness=EvolutionUtils.benchmark.evalDummy(currentState.cel IMem.gen

s);

currentState.celIMem.periodNum=EvolutionUtils.benchmark.periodNum;

. setCurrentBest .

public void setCurrentBest(){
Chromosome best=null;
for(int i=0;i<currentState.population.size(Q);i++){
Chromosome tmp;
tmp=currentState.population.get(i);
if(best==null |] tmp.fitness>=best.fitness)
best=tmp;

if(currentBest==null)

currentBest=new ChromosomeMem() ;
currentBest.update(best);

. cMemUpdate o

public void cMemUpdate(){
refreshMems();



if(currentBest!=null){
if(currentState.cellMem.isEmpty()){
currentState.cel IMem.update(currentBest);

Yelse{
if(currentBest.fitness>=currentState.celIMem.fitness)
currentState.cellMem.update(currentBest);

}
. setLocalBest .

public void setLocalBest(){
bestNCell=this;

if(localBest==null)
localBest=new ChromosomeMem();

localBest.update(currentState.cellMem);

for(int i1=0;i<neighbors.length;i++){
if('neighbors[i].currentState.cellMem. isEmpty()){

if(neighbors[i].currentState.cel IMem.periodNum!=EvolutionUtils.benchmark.periodNum){
neighbors[i].currentState.cel IMem. fitness=EvolutionUtils._benchmark.evalDummy(neighbors[i

]-currentState.cellMem.gens);
neighbors[i].currentState.celIMem.periodNum=EvolutionUtils.benchmark.periodNum;

if(localBest. isEmpty()){
localBest.update(neighbors[i].currentState.cellMem);

bestNCell=neighbors[i];

Yelse{
if(neighbors[i].currentState.cellMem.fitness>=localBest.fitness){
localBest.update(neighbors[i].currentState.cellMem);
bestNCell=neighbors[i];

¥
- addNewlInd °

public void addNewlnd(Chromosome ind){
clipToBound(ind,EvolutionUtils.benchmark.minCoordinate,EvolutionUtils.benchmark.maxCoord

inate);
int[] indPartition=EvolutionUtils.getPartition(ind,EvolutionUtils.benchmark);
if(EvolutionUtils._samePartition(indPartition,partition)){

addInd(ind, false);
Yelse{
ind.desCell=EvolutionUtils.getLinearPos(indPartition,EvolutionUtils.benchmark);

ind.hop=getDist(partition, indPartition);

addInd(ind, false);

}
raddInd

public void addInd(Chromosome ind,boolean isCurrent){

iT(ind.hop>0){
EvolutionUtils. inactivePopulation.add(ind);

Yelse{
EvolutionUtils.updateCandidates.add(this);



if(isCurrent)
currentState.addIndivisual (ind);

else{
nextState.addIndivisual (ind);
}
3
3
- eval
public double eval(Chromosome ch){
double tmp;
tmp=eval (ch.gens);
return tmp;
}
public double eval(double[] gens){
double tmp;
tmp=EvolutionUtils.benchmark.eval (gens);
return tmp;
b
. getDist

public int getDist(int[] src,int[] des){
int max=0;
for(int 1=0;i<src.length;i++){
if(Math.abs(src[i]-des[i])>max)
max=Math.abs(src[i]-des[i]);

return (int)Math.ceil(((double)max)/EvolutionUtils.pars.neighborhoodSize);

. clipToBound

public void clipToBound(Chromosome ch,double[] min,double[] max){
for(int 1=0;i<ch.gens.length;i++){
if(ch.gens[i]l<min[i])
ch.gens[il=min[i];
if(ch.gens[i]>max[i])
ch.gens[i]=max[i];

3
¥
. compareTo
public int compareTo(Object obl){
for(int i=0;i<((Cell)obl)._partition.length;i++){
if(((Cell)obl).partition[i]<this.partition[i] )
return 1;
if(((Cell)obl).partition[i]>this.partition[i] )
return -1;
return 0O;
¥
 equals

public boolean equals(Object obl){
for(int i=0;i<((Cell)obl)._partition.length;i++){



if(((Cell)obl) . partition[i]!=this.partition[i] )
return false;

}
return true;
3
}
CA - -
package cellularevolution;
import java.util.*;
public class CA {
public Cell[] cells;
public int numberOfCells;
public ArrayList<Chromosome> inactivePopulation;
TreeSet<Cell> updateCandidates;
. CA .

public CAQ{
updateCandidates=new TreeSet<Cell>();
inactivePopulation=new ArrayList<Chromosome>();
EvolutionUti ls.updateCandidates=updateCandidates;
EvolutionUtils.inactivePopulation=inactivePopulation;

EvolutionUtils.benchmark. itSinceLastChange=0;
EvolutionUtils._benchmark. isChanged=false;
EvolutionUtils.benchmark.periodNum=0;

numberOfCelIs=(int)Math.pow(EvolutionUtils.pars.partitionsNum,EvolutionUtils.pars.dimens
ionsNum);
cells=new Cell[numberOfCells];

for(int 1=0;i<numberOfCells;i++)
cells[i]=new Cell(getPartition(i));

for(int i=0;i<numberOfCells;i++){
cells[i]-neighbors=getNeighbors(i,EvolutionUtils.pars.neighborhoodSize);

iT(EvolutionUtils._pars.CrNLearningEnable
] 1EvolutionUtils.pars.FNLearningEnable){
for(int i=0;i<numberOfCells;i++){
cells[i].adjacentNeighbors=getNeighbors(i,1);

}

for(int i=0;i<numberOfCells;i++){
cells[i].-init(Q;



initEvolution();

}
initEvolution o
public void initEvolution(){
initParsQ;
initPopulation();
initBestsQ);
}
‘relnit o

public void relnitQ{
updateCandidates.clear();
inactivePopulation.clear();
EvolutionUtils.benchmark. itSinceLastChange=0;
EvolutionUtils.benchmark.isChanged=false;
EvolutionUtils.benchmark.periodNum=0;

numberOfCellIs=(int)Math.pow(EvolutionUtils.pars.partitionsNum,EvolutionUtils.pars.dimens
ionsNum) ;
for(int i=0;i<numberOfCells;i++)
cells[i]-initQ;
initEvolution();

initPopulation o

public void initPopulation(Q{
for(int i=0;i<EvolutionUtils.pars.populationSize;i++){
Chromosome ch=new Chromosome(EvolutionUtils._benchmark.dimensionsNum);
for(int j=0;j<EvolutionUtils.benchmark.dimensionsNum;j++){

ch.gens[j]=EvolutionUtils.toBound(EvolutionUtils.rnd.nextDouble(),EvolutionUtils.benchma
rk.minCoordinate[j],EvolutionUtils.benchmark.maxCoordinate[j]);

ch.fitness=EvolutionUtils.benchmark.eval(ch);

cells[EvolutionUtils.getLinearPos(EvolutionUtils.getPartition(ch,EvolutionUtils.benchmar
k) ,EvolutionUtils._benchmark)].addInd(ch, true);
3
¥

initPars .

public void initParsQ{
for(int i=0;i<cells.length;i++){
cells[i].currentState.theta=EvolutionUtils._pars.thetalnit;
cells[i].currentState.F=EvolutionUtils.pars.FInit;
cells[i].currentState.Cr=EvolutionUtils_pars.Crinit;
for(int j=0;j<cells[i].currentState.FActionProp.length;j++)

cells[i].currentState.FActionProp[j]=1.0/cells[i].currentState.FActionProp.length;
for(int j=0;j<cells[i].currentState.CrActionProp.length;j++)

cells[i].currentState.CrActionProp[j]=1.0/cells[i].currentState.CrActionProp.length;
3

}



. initBests .

public void initBests(){

Iterator<Cell> it;
it=updateCandidates. iterator();
while(it.hasNext()){

Cell c;

c=it.next();

c.setCurrentBest();

c.currentState.cellMem.update(c.currentBest);
3
it=updateCandidates.iterator();
while(it.hasNext()){

Cell c;

czit.next(Q;

c.setLocalBest();

update o

public void update(){

EvolutionUtils.benchmark. itSinceLastChange=EvolutionUtils_benchmark. itSinceLastChange+1;
Iterator<Cell> it;
ArrayList<Cell> actionUpdateCands=new ArrayList<Cell>();

TreeSet<Cell> cellForUpdate=(TreeSet<Cell>)updateCandidates.clone();
TreeSet<Cell> cellForNeighborUpdate=(TreeSet<Cell>)updateCandidates.clone();
updateCandidates.clear();

it=cellForUpdate.iterator();
while(it.hasNext()){
Cell c;
c=it.next();
updateCandidates.add(c);
if(EvolutionUtils._benchmark. isChanged){
c.nextState=c.currentState;

Yelse{
c.update();

}
actionUpdateCands.add(c);
3

movinactives(cel lForUpdate);

it=cellForUpdate.iterator();
while(it.hasNext()){
Cell c;
c=it.next();
c.currentState=c.nextState;
c.nextState=null;
if(c.currentState.population.isempty()){
updateCandidates.remove(c);
}

}

if(EvolutionUtils._benchmark. isChanged){
for(int j=0;j<inactivePopulation.size(Q);j++){
Chromosome ch;
ch=inactivePopulation.get(j);
ch.fitness=EvolutionUtils._benchmark.eval(ch.gens);
}
it=updateCandidates.iterator();



while(it.hasNext()){
Cell c;
c=it.next();
for(int j=0;j<c.currentState.population.size();j++){
Chromosome ch;
ch=c.currentState.population.get(j);
ch.fitness=EvolutionUtils._benchmark.eval(ch.gens);

}

it=cellForUpdate.iterator();
while(it.hasNext()){
Cell c;
c=it.next(Q;
c.setCurrentBest();
c.cMemUpdate();
}

if(EvolutionUtils._benchmark. isChanged){
EvolutionUtils.benchmark. itSinceLastChange=0;
EvolutionUtils._benchmark. isChanged=false;

}

if(EvolutionUtils._pars.CrNLearningEnable] |EvolutionUtils.pars.FNLearningEnable){
it=cellForNeighborUpdate.iterator();
while(it.hasNext()){
Cell myCell=it.next();
Cell[] nnl=myCell.adjacentNeighbors;
for(int g=0;g<nnl.length;g++) {
Cell cc=nnl[q]l;
if(EvolutionUtils._pars.FNLearningEnable){
if(cc.FInd==-1)

cc.FInd=EvolutionUtils.chooseAction(cc.currentState.FActionProp);
if(cc.FInd==myCell.FInd)

EvolutionUtils.TLRPReward(cc.currentState.FActionProp,cc.FInd,EvolutionUtils.pars.aFN);
else

EvolutionUtils.TLRPPunish(cc.currentState.FActionProp,cc.FInd,EvolutionUtils.pars.bFN);
cc.FInd=EvolutionUtils.chooseAction(cc.currentState.FActionProp);
}

if(EvolutionUtils._pars.CrNLearningEnable){
if(cc.Crind==-1)

cc.Crind=EvolutionUtils.chooseAction(cc.currentState.CrActionProp);
if(cc.Crind==myCell ._Crind)

EvolutionUtils.TLRPReward(cc.currentState.CrActionProp,cc.Crind,EvolutionUtils.pars.aCrN
)

else

EvolutionUtils.TLRPPunish(cc.currentState.CrActionProp,cc.Crind,EvolutionUtils.pars.bCrN

)
cc.Crind=EvolutionUtils.chooseAction(cc.currentState.CrActionProp);

}
}

- movIlnactives °

public void movinactives(TreeSet<Cell> cellForUpdate){
for(int i=0;i<inactivePopulation.size(Q);i++){



Chromosome tmpCh=inactivePopulation.get(i);
iT(tmpCh.hop==1){
tmpCh.hop=-1;
iT(cells[tmpCh.desCell].nextState==nul1){
cells[tmpCh.desCell].initNextState();
}
cells[tmpCh.desCell].addInd(tmpCh, false);
cellForUpdate.add(cells[tmpCh.desCell]);
tmpCh.desCell=-1;
inactivePopulation.remove(i);

Yelse{
tmpCh . hop=tmpCh.hop-1;

¥
3
¥
: boroBinim o
public void boroBinim(int i,ArrayList<Cell> I,int cellNum,int neighborhoodSize){
int tmp;

if(i>=cells[celINum].partition.length){

tmp=EvolutionUtils.getLinearPos(cells[cel INum].partition,EvolutionUtils.benchmark);
if(tmp>=0 && tmpl=celINum){
1.add(cells[tmp]);
3

return;

3
for(int k=-neighborhoodSize;k<=neighborhoodSize;k++){
if(cells[cellNum].partition[i]+k<EvolutionUtils.pars.partitionsNum &&
cells[celINum].partition[i]+k>=0){
cells[celINum].partition[i]=cells[cellNum].partition[i]+k;
boroBinim(i+1,1,celINum,neighborhoodSize);
cells[celINum].partition[i]=cells[cellNum].partition[i]-k;

. getNeighbors o

public Cell[] getNeighbors(int cellNum, int neighborhoodSize){
ArrayList<Cell> nTmp =new
ArrayList<Cel I>((int)Math.pow(neighborhoodSize*2+1,EvolutionUtils.benchmark.dimensionsNu
m);
boroBinim(0,nTmp,cel INum,neighborhoodSize);
Cell[] neighbors=new Cell[nTmp.size()];
return nTmp.toArray(neighbors);

. getPartition o

public int[] getPartition(int cellNum){
int[] partition=new int[EvolutionUtils._benchmark.dimensionsNum];
int
order=(int)Math.pow(EvolutionUtils.pars.partitionsNum,EvolutionUtils.benchmark.dimension
sNum-1);
for(int i=0;i<EvolutionUtils._benchmark.dimensionsNum;i++){
partition[i]=celINum/order;
celINum=cel INum%order;
order=order/EvolutionUtils.pars.partitionsNum;

}

return partition;



CellularEvolution

package cellularevolution;

public class CellularEvolution {
public CA myCA;

public static void main(String[] args) {

int runsNum=100;
Benchmark benchmark;
CellularEvolution testCA=null;
double sum=0;
for(int i=1;i<=runsNum;i++){
double err;
benchmark=new MPBenchmark():;
benchmark.initQ);
EvolutionUtils.benchmark=benchmark;
if(i==1){
EvolutionUtils.pars.printParams();
testCA=new CellularEvolution();

Yelse{
testCA.myCA.relnit();

err=testCA.run(EvolutionUtils.pars.evalsMax);
System.gcQ);

sum=sum+err;

System.out.printIn(i+" "+err+" "+sum/i);

main . run

public double run(long maxEval){

while(EvolutionUtils.benchmark.evalsNum()<maxEval){
myCA .update();
}

return EvolutionUtils._benchmark.offlineError();

- CellularEvolution

public CellularEvolution(){

}

myCA=new CAQ);



Abstract

Many real world optimization problems are dynamic in which the landscape is time
dependent and the optimums may change over time such as dynamic economic
modeling, dynamic resource scheduling, dynamic vehicle routing. Several evolutionary
algorithms, based on Cellular Automata (CA), Cellular Learning Automata (CLA) and
Fuzzy Cellular Automata (FCA), are proposed for dynamic environments. All proposed
models are based on the idea of search space partitioning.

The first proposed algorithm (CellularDE) which is based on cellular automata uses
Differential Evolution (DE) to search each partition and its neighborhood separately. A
new scheme for generating candidate vector in DE is proposed which shows superior
results in the proposed model compared to conventional schemes. It also eliminates one
of the parameters of DE. In order to increase the efficiency of tracking the moving
optimums, an improved local search is also proposed which makes a significant
improvement in environments with low rate of change frequency. Proposed algorithms
are compared with some of the other evolutionary algorithms which have showed the
most outstanding results on Moving Peaks Benchmark (MPB). In most dynamic
environments, proposed algorithms show superior results compared to other
evolutionary algorithms.

Also a modified version of the original algorithm is proposed which is named
Alpinist CellularDE. In this algorithm, the search efficiency and usage of resources is
improved by detecting the location of peaks and their hillsides. It showed superior
results compared to the original version in most experiments.

Moreover, two other versions of the original algorithm are proposed in order to
increase the adaptivity of the proposed algorithm to different dynamic environments and
also to obviate the necessity for configuration of the parameters of DE. These adaptive
versions, which are based on CLA and FCA, configure the values of DE parameters
using Reinforcement Learning (RL) and Rule Based Fuzzy Induction System (RBFIS).
These algorithms have acceptable performance in adapting to different dynamic
environments compared to non-adaptive version.

Keywords: Dynamic Environments, Evolutionary Algorithms, Differential
Evolution, Cellular Automata, Cellular Learning Automata, Fuzzy Cellular
Automata
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