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1. EVOLUCION DIFERENCIAL

m Es un modelo evolutivo que enfatiza la mutacion, utiliza un
operador de cruce/recombinacion a posteriori de la mutacion.
Fue propuesto para optimizacion con parametros reales.

m Fue propuesta of R. Storm, 1997

R. Storn, Differential Evolution, A simple and efficiente heuristic
strategy for global optimization over continuous spaces. Journal
of Global Optimization, 11 (1997) 341-3509.

k|
I mnﬁ Kenneth V. Price, Rainer M. Storn, and Jouni A. Lampinen
: Differential Evolution: A Practical Approach to Global

Differential

o Optimization (Natural Computing Series)

Springer-Verlag, 2005.


http://www.amazon.com/Differential-Evolution-Practical-Optimization-Computing/dp/3540209506/ref=pd_bbs_1/002-1012071-6568830?ie=UTF8&s=books&qid=1179220781&sr=8-1
http://www.amazon.com/Differential-Evolution-Practical-Optimization-Computing/dp/3540209506/ref=pd_bbs_1/002-1012071-6568830?ie=UTF8&s=books&qid=1179220781&sr=8-1
http://www.amazon.com/Differential-Evolution-Practical-Optimization-Computing/dp/3540209506/ref=pd_bbs_1/002-1012071-6568830?ie=UTF8&s=books&qid=1179220781&sr=8-1
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Example: at the ¢ generation, the /™ mutant vector v,
& 1,

EVOLUCION DIFERENCIAL

Initialization

A population P, of Np D-dimensional parameter vectors X, ;=[x ;gs----Xp; o]
i=1,...,Np 1s randomly generated within the prescribed lower and upper bound b, =
[byrs----bpr]and by=[b, y,....bpy]

Example: the initial value (at generation g=0) of the /! parameter of the /™ vector is
generated by: Xji0= randj[O, 1] ‘(bj,u‘bj,L] + bj‘L,j= l,....D,i=1,...,Np

Trial vector generation

At the gt generation, a trial population P, o consisting of Np D-dimensional trial
vectors V; ,=[Vy ; 4....Vp; ] 1S generated via mutation and recombination operations
applied to the current population P,

Differential mutation: with respect to ecach vector x;, in the current population,

called target vector, a mutant vector v, , 1s generated by adding a scaled, randomly

sampled, vector difference to a basis vector randomly selected from the current
population

. with respect to ™ target

vector x, , 1n the current population is generated by v, , = x,,, + F(x
i 7 r07rl1r2, mutation scale factor Fe(0,1+)

, a'l,g_xﬂ__g}’
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EVOLUCION DIFERENCIAL

[1Tustration of classic DE
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EVOLUCION DIFERENCIAL
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Example: at the g™ generation, the /" mutant vector v,

i 7 r07rl1r2, mutation scale factor Fe(0,1+)

X,

&

Base vector

with respect to ith target
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1. EVOLUCION DIFERENCIAL

Example: at the g™ generation, the /" mutant vector v;, with respect to /" target
vector X, , 1n the Currem population is generated by v, , = X, , T F(X,; ;X5 ).
i 7 r07rl1r2, mutation scale factor Fe(0,1+)
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1. EVOLUCION DIFERENCIAL

Example: at the g™ generation, the /" mutant vector v;, with respect to /" target
vector X, , 1n the Currem population is generated by v, , = X, , T F(X,; ;X5 ).
i 7 r07rl1r2, mutation scale factor Fe(0,1+)
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Mutation o



1. EVOLUCION DIFERENCIAL

Discrete recombination: with respect to each target vector x; , in the current

population, a trial vector u,, is generated by crossing the target vector x; , with the

corresponding mutant vector v, , under a pre-specitied crossover rate Cre[0,1]

Example: at the g™ generation, the /™ trial vector u, , with respect to /™ target

g

vector X, , in the current population 1s generated by:
_ (Viig if mndj[(], []=Cr or j=j ,nq
Uig™ {x:.. otherwise
» Jr.l,lr.g [
Replacement

I the trial vector u, , has the better objective function value than that of its
corresponding target vector X, ,, it replaces the target vector in the (g+1)™"
generation; otherwise the target vector remains in the (g+1)" generation

10
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Crossover
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1. EVOLUCION DIFERENCIAL

X
22

o Lg
X;.'_.g+1
® xrl,g
x.ﬂﬂ,g.
¢ Xs‘?,g
Replacement

12



1.

EVOLUCION DIFERENCIAL

Procedimiento Basico - Evolucion Diferencial

Procedure DE/{
t = 0;
Initialize Pop(t); /* of |Pop(t)| Individuals */
Evaluate Pop(t);
While (Not Done)
{for 1 = 1 to |Pop(t)| do
{parentl, parent2, parent3} = Select 3 Parents(Pop(t));
thisGene = random int (|Pop(t) |;
for k =1 to n do /* n genes per Individual */
if (random < p) *P is crossover constant in [0,1]*
Offspring,, = parentl,, + Y(parent2,, — parent3,,);
else
Offspring;, = Individual;, in Pop(t);
end /* for k */
Evaluate (Offspring;) ;
end /* for 1 */
Pop(t+l) = {7 | Offspringj is better than Individualj} U
{k | Individual, 1is better than Offspring};
t =1t + 1;}

CcODIGO: http://www.icsi.berkeley.edu/~storn/code.html
13



2. VARIANTES DE LA
EVOLUCION DIFERENCIAL

o Differential mutation
- One difference vector: /(X - X,,)
- Two difference vector: F*(X - X ,)+F*(X ;- X )
» Mutation scale factor F
+ Crucial role: balance exploration and exploitation

= Dimension dependence: jitfer (rotation variant) and dither
(rotation invariant)

+ Randomization: different distributions of F

DE/rand/1: Vie=X o +F(X, .-X, ;)

DE/best/1: Voo = Xporo + F X, 6 X, )
DE/current-to-best/1:V,; = X,; + F'(Xbm,c - Xf-.c)Jr F- (Xrl.G - Xrg.c)
DE/rand/2: V=X, o+F (X, o-X ;+X, o -X_q)
DE/best/2: Vo =Xy TF- (Xrl.c - Xrg.G + Xr3.G - Xr4.G)

14



2. VARIANTES DE LA
EVOLUCION DIFERENCIAL

o Recombination

» Discrete recombination (crossover) (rotation variant)
» One point and multi-point
» Exponential
» Binominal (uniform)

» Arithmetic recombination
» Line recombination (rotation invariant)
» Intermediate recombination (rotation variant)

» Extended intermediate recombination (rotation variant)
X,4 discrete

intermediate

discrete

15



2. VARIANTES DE LA
EVOLUCION DIFERENCIAL

» Crossover rate CRe[0,1]

Decomposable (small CR) and indecomposable functions (large CR)

a Degenerate cases in the trial vector generation
For example, in classic DE, r\=r,, ry=r,, ry=r,, i=ry, i=r,, i=r,

Better to generate mutually exclusive indices for target vector, base vector
and vectors constituting the difference vector

Replacement

o One-to-one replacement

o Neighborhood replacement

16



2. VARIANTES DE LA
EVOLUCION DIFERENCIAL

Practical guideline
Np€[5D,10D]; Initial choice of F=0.5 and CR=0.1/0.9;

Increase NP and/or F'if premature convergence happens.

17



2. VARIANTES DE LA

EVOLUCION DIFERENCIAL

Motivation for self-adaptation in DE

The performance of DE on different problems depends on:
o Population size
o Strategy and the associated parameter setting to generate trial vectors

o Replacement scheme

It is hard to choose a unique combination to successfully solve any problem at

hand

o Population size usually depends on the problem scale and complexity

o During evolution, different strategies coupled with specific parameter settings
may favor different search stages

o Replacement schemes influence the population diversity

o Trial and error scheme may be a waste of computational time & resources

Automatically adapt the configuration in DE so as to generate effective
trial vectors during evolution

18



3. ALGUNOS TRABAJOS EN
EVOLUCION DIFERENCIAL

afGobat R. Storn and K. V. Price, “Differential evolution-A
simple and Efficient Heuristic for Global Optimization
over Continuous Spaces,” Journal of Global

Optimization, 11:341-359,1997.

e K. V. Price, R. Storn, J. Lampinen, Differential
Differental Evolution - A Practical Approach to Global

Evolution

Optimization, Springer, Berlin, 2005.

U. K. Chakraborty, Advances in Differential Evolution,
Heidelberg,
Germany: Springer-Verlag, 2008.

19



3. ALGUNOS TRABAJOS EN
EVOLUCION DIFERENCIAL

DE with self-adaptive population [T06]: population size, mutation scale factor and crossover
rate are all encoded into each individual.

Self-adaptive DE (2) [BGBMZ06]: encode mutation scale factor and crossover rate in each
individual, which are reinitialized according to two new probability variableﬂ

[TO6] J. Teo, "Exploring dynamic self-adaptive populations in differential evolution," Soft
Computing - A Fusion ofFoundations, Methodologies and Applications, 10(8): 673-686,
2006.

[BGBMZ06] J. Brest, S. Greiner, B. Boskovic, M. Mernik, and V. Zumer, "Self-adapting

control parameters in differential evolution: a comparative study on numerical benchmark
problems," IEEE Transactions on Evolutionary Computation, 10:6 (2006) 646-657

20



3. ALGUNOS TRABAJOS EN
EVOLUCION DIFERENCIAL

Opposition based Differential Evolution

 El algoritmo comprueba constantemente la calidad de una solucién y de la de su
opuesta en el espacio de busqueda.

* En teoria, el 50% de las veces, una solucién inicial aleatoria esta mas alejada del
optimo global que su opuesta. Se escoge la mejor de ambas.

* NUmero Opuesto: xX’=a+b -x,x € [a, b]

 Durante su ejecucion, se ejecuta una fase de salto (condicionada a una
probabilidad predefinida) al opuesto de cada individuo y se escogen los mejores.
En este caso, no se utiliza los limites del problema, sino que se usan los limites
recogidos en la poblacidon actual.

S. Rahnamayan, H.R. Tizhoosh, M.M.A. Salama. Opposition-Based Differential
Evolution. IEEE Transactions on Evolutionary Computation, 12:1 (2008) 64-79.

21



3. ALGUNOS TRABAJOS EN
EVOLUCION DIFERENCIAL

SaDE: Self adaptive Differential Evolution

« Para alcanzar los mejores resultados en un problema, es frecuente usar una
busqueda prueba-error para dar valor a esos parametros: CR, F, NP. Se requiere
mucho tiempo.
» SaDE se propone para ajustar tanto soluciones como valores de parametros.
* Se consideran varias estrategias y se elige aquella que funcioné mejor en
generaciones previas.
* De alta convergencia: DE/rand-to-best/2/bin.
* De lenta convergencia: DE/rand/1/bin.
* De dos diferencias, para ofrecer mejores perturbaciones: DE/rand/2/bin
 Estrategia de rotacion invariante: DE/current-to-rand/1.
* La probabilidad de eleccion de cada estrategia se adapta mediante una memoria
de fallos y aciertos.
» SaDE adapta los parametros CR y F. Inicializacion: F~N(0.5,0.3), CR~N(0.5,0.1)

A.K. Qin, V.L. Huang, P.N. Suganthan. Differential Evolution Algorithm with
strategy Adaptation for Global Numerical Optimization. IEEE Transactions on
Evolutionary Computation, 13:2 (2009) 398-417.

22



3. ALGUNOS TRABAJOS EN
EVOLUCION DIFERENCIAL

DEGL.: Differential Evolution with Global and Local Neighborhoods

« Utiliza una estrategia DE/target-to-best/1 con alta componente de explotacion. Sin
embargo, aplica el concepto de vecindad local y vecindad global para determinar el
mejor vector, similar a las vecindades en PSO.

* Alade un parametro de peso (w) que combina el modelo local y global y las
vecindades no se establecen acorde a situacidn geografica ni fitness, si no a priori
en una estructura de anillo.

* Si w es cercano a 1, se favorece la explotacion, y si es cercano a 0 se favorece la
exploracion. Adaptacion de w:

* Incremental

 Aleatoria

« AutoAdaptacion

S. Das, A. Abraham, U.K. Chakraborty, A. Konar. Differential Evolution Using a
Neighborhood-Based Mutation Operator. IEEE Transactions on Evolutionary
Computation, 13:3 (2009) 526-553.

23



3. ALGUNOS TRABAJOS EN
EVOLUCION DIFERENCIAL

JADE: Adaptive Differential Evolution

« Utiliza un esquema DE/current-to-pbest y autoadapta los parametros Fy CR.

ISR — Glabal
e, aptirmurm

\ Voo Ve = Xig + F - '{-"itpes.t,g = Xig)+ Fi - (%r1,g —Xr20)

* Donde se escoge aleatoriamente uno de los 100p% mejores.

*X,, puede escogerse entre la poblacion y un archivo opcional, que mantiene
soluciones no seleccionadas aleatoriamente en generaciones anteriores.

» Autoadaptacion de parametros similar a SaDE.

J. Zhang, A.C. Sanderson. JADE: Adaptive Differential Evolution with Optional
External Archive. IEEE Transactions on Evolutionary Computation, 13:5 (2009)

945-958. 24




3. ALGUNOS TRABAJOS EN
EVOLUCION DIFERENCIAL

SFLSDE: Scale Factor Local search
Differential Evolution

» Esta basado en algoritmos memeticos.
*Utiliza un esquema autoadaptativo con 2 algoritmos de busqueda local.

» Estos algoritmos de busqueda local tienen como objetivo detectar valores del
factor de escala (F) correspondientes a un descendiente con buen comportamiento.

Comparan sus resultados con:
-J. Brest, S. Greiner, B. Boskovic, M. Mernik, and V. Zumer, "Self-adapting control
parameters in differential evolution: a comparative study on numerical benchmark
problems,” /EEE Transactions on Evolutionary Computation, 10:6 (2006) 646-657
*S. Rahnamayan, H.R. Tizhoosh, M.M.A. Salama. Opposition-Based Differential Evolution.
IEEE Transactions on Evolutionary Computation, 12:1 (2008) 64-79.
*‘N. Noman, H. Ilba. Accelerating differential evolution using
-an adaptive local search. /JEEE Trans Evol Comput 12:1 (2008)107-125

F. Neri, V. Tirronen. Scale factor local search in differential evolution.
Memetic Computation (2009) 1:153-171

25




COMENTARIOS FINALES

Los algoritmos de Evolucion Diferencial son uno de los campos
mas activos en el desarrollo de algoritmos evolutivos para la
optimizacion de parametros (optimizacion continua).

La hibridacion de los algoritmos de Evolucion Diferencial y los
algoritmos de busqueda local son una via de trabajo con
potenciales buenos resultados en el ambito de la optimizacion
continua.

Review reciente:
Swagatam Das and Ponnuthurai Nagaratnam Suganthan

Differential Evolution: A Survey of the State-of-the-Art,
IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION 15 (1): 4-31 (2011)
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