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= Optimisation Problem and Heuristics

}EAS

EA + Math Program J

Our experience in using EAs

= Optimisation Problem:

max f(X)
s.t. X D

» D: Search space

» x: solution. It can be a binary vector, a real vector, a tree, a neural
network, a computer program........

» Optimal solution: maximize f(x):
» f(x): objective function. It can be black-box or/and noisy.




= Math. programming (MP)

Original Problem [—propem Approximation " | Modified Problem)

Math Programming Methodsl

‘ Solution ‘

= Modern Heuristics (including GAs, EDAs, Tabu search ACOY4..)

Original Problem i Heuristics ‘ Solution ‘

= Comparison between MP and Heuristics
» Quality:

MP: very good solution to the modified problem. Maybe wrong solution to
the original problem

Heuristics: reasonably good solution to the original problem
» Cost of manpower:
MP: high (math programming expert, mathematicians)
Heuristics:  easy to understand low
» Cost of computing resource
MP: low
Heuristics: high
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» Genetic Algorithms (GAs) }EAS

EA + Math Program J

Our experience in using EAs

=  GA Framework > Selection:

The better a solution is, the more
chance it has to be selected.

Population , » Crossover

generate new solutions by combining
Selection two or (more) parent solutions
» Mutation
Parent Set Replacement|  generate a new solution by altering a
Crossover parent solution.
Mutation » Replacement
Select individuals for the next

New solutions generation




= Examples of Selection: Proportional Selection

» The probability of a individual becoming a parent is proportional
to its fitness

f(x)

pop _size

> (%)

prob(x;) =

» Do above selection Parentset_Size time.

= Example of Crossover: One-point Crossover
Parent 1 Child 1

00000000 00000000
Parent 2 Child 2
Lo[ [t Toft]olo]o] o] 1] 1] o] 19

= Example of Mutation

parent 1111 1 1

Child 1910111
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= Estimation of Distribution Algorithm (EDA}} EAs

EA + Math Program J

Our experience in using EAs

= Compared with traditional EAs
» The EDA behaviours are relatively easy to study.

» ltis possible to explicitly learn and utilize the information of the problem
structure in EDA.

= Short history of EDAs
» Generation Methods (60’s in Soviet Union)
» Population-Based Incremental Learning (1994)
» Estimation of Distribution Algorithms (1996)

» |IEEE CIS EC working group on Evolutionary Algorithm Based on Prob.
Model (2004)
People realised that the following algorithms should be in the same group:
EDAs, Ant Colony Optimisation, Cross Entropy Method.....




= Framework:

Population

Selection = Difference from GAs
Em— Set] » Without xover or mutation
Replacement

» Using modelling and sampling
to generate new solutions.

» A simple example: How to do modelling

(X| Xz X3 X4)
Parent Set: oD The variable
X o 1 0 n .
\ interaction has not
X © 1 1 0

been considered

ﬁ Modelling

p(The valueof x, =1) =1/3,
p(The valueof X, =1)=2/3,
p(The valueof X, =1) =1,

p(The valueof x, =1)=1/3,

Probability Model: & 113,32,1,1/3) |




Univariate Marginal Distribution Algorithm

= Anexample: Sampling

Model | (1/3,8/2,1,1/3) |
\ 0-1 random number

sampling/ The prob that its value being
1=1/3

OLLD |
New Solutions (1,0,1,0) \

(0,1,1,1) 0-1 random nl{mber -
(1,1,1,0) ;l'zg/grob that its value being
(0,1,1,0)

= Advanced EDAs
» Incremental Learning: incrementally update the prob. model.
v Population Based Incremental Learning
» Considering dependence among the variables
v The dependence structure is fixed: factorised distribution algorithm.
The structure can be determined based on problem-specific knowledge
The structure is learned from the data.
v EDA can explicitly consider the variable interactions.
» Shortcomings in EDA with variable-dependences.
v More data are needed, so
v Computational costs are high

UMDA Advanced EDA

® ®
O
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Our experience in using EAs

Evolutionary Algorithms + Other Techniques: Why

= Two heads are better than one.

* No Free Lunch Theorem: no algorithm can perform well
on all the problems, so problem-specific techniques
should be used for solving a hard problem.

In the following, | will give
the BASCI IDEA and SIMPLEST version of our algorithms
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= Orthogonal Crossover: Genetic Algorithm +

Experimental Design
EA + Math Program J

Crossover Based on Experimental Design

= Crossover

» Find n representative points in a area determined by m parent
points.

= “Representative” has been well studied in experimental
design.

O Parent solutions

10



Orthogonal design: Example

> The quality of a product depends on | A 80°C | 100°C | 120°C
three factors A, B and C. Each factor (Temperature)
has three levels (three possible B (Time) 10Sec | 20Sec | 25Sec
values).
» An experiment=A combination of
factor-levels, e.g, (80, 20, 3). C (Amountof |1mg 2mg 3mg
> In the case of k factors at n levels, we | €2talyst)

have nk possible experiments.

» Very often, it is impossible to test all
the experiments.

» Experimental design tell us how to

ORTHOGONAL ARRAY L4l27) FOR THREE FacTors at Two
Levers; THere ARe Four Compeiwarions oF Factor LEVELS

select a small but representative Combination | Factor | Factor2 | Factor3
experiments for testing. E : L !
> Orthogonal Array: tool for selecting 2nd ! 2 2
representative experiments: 3rd 2 1 2
dth 2 2 1

OrTHOGONAL ARRAY L4(37) For THrEE FacTors st Two
LEvELs: THERE ARE Four Comminarions oF FACTOR LEVELS

= Orthogonal Crossover Based on L,(28) ~ <mmwmi feor | feor? f fowr
Example 2nd 1 2 2
»  Given 2 parent solutions: 3nd 2 1 2
4th 2 2 1

X=($$$5$35$$$$$S PSS E$5E)
Y=(EEEEEEEEEEELEEEEEELLELE)

» (Randomly) divide two parents into three parts (as in 2-point Xover)

X=($3$35$5$$PPSPS$SSE$S)
Y=(EEELEEEEEEEEEEEEELLLEEE)

> We have three factors: red, black, blue, each of them has two levels: $'s and £'s.
» We can use L,(23) to generate 4 offspring. ($=1, £=2).

(PPPPPPPPPSPPEPSPSSSSHS)
(EEEEEEEESSSIISI959)
(EELEELEESSSSSSSSSELELEE)
(EEEEELELEELELLELLESSSSSS)




» The first paper on orthogonal Xover and its application

can be found in

Q. Zhang and Y. W. Leung, Orthogonal Genetic Algorithm for Multimedia
Multicast Routing." , IEEE Trans on Evolutionary Computation, Vol. 3, No. 1,
1999.

Some researchers have extended it to uniform design
and MOP.

Contents

Guided Mutation: EDA+GA

EA + Math Program J
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Guided Mutation

Motivations

» EDAs can use global statistical information. But the location information of
each individual is not directly used in generating new solutions.

They may ignore isolated good solutions

2

In modelling, two isolated points (red
! o & _Go® 1 ones) may be ignored.

0@ 80°
90 [9) o§®
$F %,

~05 L L L L
-0.5 0 0.5 1 15 2

» Sometimes, we couldn’t build a correct model.
« Blue points: parent sets.

! o » We build a normal distribution
o o @ . . .
o 8 0 model to model the distribution of
0% © ° .
) o #P el o the blue points.
&o ’ * Red points are sampled from the
Ao 0 o™ o model.

“wms o ee 5w w1 e« Some red points are far from the

blue ones.
» EDAs have no mechanism to control the similarity (distance) between
new solutions and a given solution.

Proximate Optimality Principle (POP): good solutions are similar.

Guided mutation is an operator based on
location information and global statistical information.

13



= Basic idea

’ ($SPFEP5E$555555$)

¥

($ES$52ISESELG55S) |

= Example y=GM(p,xE)

» Input:

v The prob. model P = (P;, Pys---» Py) € [0,1]"

v A point X (X,X,,

v’ Control parameter:
» Output:y (Y, Y,,
» How to generate Y,

Yi
where

zZ.

X,) {0,1}"

s Ya)

with  prob.
with  prob. 1 -

with  prob. p,
with  prob. 1 p;
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Hybrid Evolutionary Algorithm with
Guided Mutation

[Probability Model | | Population |
—

Apply Guided Mutation
on the best solution in
the current population to
generate new solutions

[Probability Model | [ Population | [New solutions |

Apply local search/heuristic to
improve each new solution

selection

[Probability Model | Population

l / Update the prob. model based on statistical
info. extracted from the population

[Probability Model | Population

Experimental Results

» Maximum Clique Problem
Given a graph, find its maximum clique
» Each subgraph is encoded as a binary string
» A very simple local heuristic is used for repairing each subgraph.

15



\Guided mutation is useful

EFFECT OF A AKD # THE AVERAGE SIZE OF THE LARGEST CLIQUES
FOUND FOR INFFERENT PARAMETER SETTING

MF 00 [01 |02 [03 |04 |05 08 | Lo
00 [ 674 [ 682 | GAZ | 6O | 0.6 2 | G3.0 | 66
0.1 || G7.4 | 58.3 | G832 | G0.2 | G0.2 | 600 | 611 | 622 | G2.6 | 63.5 | 618
0.2 4 | 583 | 582 [ 500 | 603 | 610 | 611 | 623 | 62.2 | 63.8 | 501
0.3 SE.0 | 681 | 502 | 60.2 | 56 | 612 | 623 | 63.2 | G3.8 | 609
[ 58.2 | 584 | 592 | 60.2 | 60.9 | 612 | 62,1 | 63.3 | G3.9 | 509
[ 5.4 | 68,1 | Gt | 0.4 | 614 | 61,2 | 620 | 63.4 | 64.2 | 61,0
(X 59.4 | 60.2 | 503 | 604 | 614 | G1.2 | 62.9 | Ga.6 | 643 | 61.1
0T A6 | o4 | han | a0n | 614 | 615 3.8 | 644 | 25
0.5 8.5 | G9.1 | 694 | G0.3 | 614 | 61.2 634 | 641 | 623
0.0 GE.2 | 6.1 | 592 | 60.2 | 605 | GLO 633 | 63.9 | 624
10 57.0 | be.0 | Bl | 60.2 | 605 | GO0 B3.1 | 649 | 624
When # = 1. no location information is utilized in the
guided mutation operator. As can be seen, the algorithm
with # = (1% performs much better than & = 1. This
phenomenon clearly indicates that the location informa-
tion does contribute positively to the performance of the
algorithm.
Comparison with HGA
Graph HGA EAG T-test,
Ava(std) Best | time | Ave(std) Dest | time | t siE DIMACS
C125.9 33.8(0.4) 34 1.3 34.000.0) a4 1.5 1.500 | 0.084 | 34
C250.9 42.8(0.7) 44 2.4 44.0(0.0) a4 2.9 5.582 [ 0.000 | 44
CH00.9 52.2(1.6) 56 4.9 55.2(0.9) 56 5.7 G6.018 | 0.000 | 57
CLO00.% B61.6(2.1) [ 174 | 64.4(1.4) 67 212 | G532 | 0.000 | 68
C2000.9 68.2(2.4) T2 303 TO.O(1.0) T2 45.2 B.003 | 0.003 | TR
DSIC500.5 12.2(0.4) 13 3.5 13.0(0.0% 13 4.7 4.583 | 0.000 | 14
DSIC1000.5 13.3(0.5] 14 9.2 14.5(0.3) 15 121 4.714 | 0.000 | 15
C2000.5 14.2(0.4) 15 23.6 14.9(0.7) 16 28.6 2.333 | 0.023 | 16
A5 15.4(0.5] 16 L8 16.1(0.3) 1T 1.0 2.689 | 0.013 18
MANN_a27 125.6(0.5) 126 8.8 126.0{0.0} 126 12.1 2.449 [ 0.018 | 126
MANN_ad5 F4Z.400.5) 343 T4.3 343.7(0.T} 345 80.2 T.640 | 0.000 | 345
MANN as1 1096.3(0.6) 1097 | 720.5 1087.2(0.6) 1098 | 825.5 | 2.602 | 0.025 1098
brock200_2 10.5(0.7] 12 1.4 12.0(0.0% 12 1.8 4.993 | 0.000 12
brock200.4 15.4(0.5] 16 1.4 16.5(0.5) 17 2.0 3973 [ 0.001 | 17
brockdin 2 22.5(0.7) 24 EX] 24.7(0.4) 25 3.7 7584 | 0.000 | 28
brock4(d_4 23.6(0.8) 25 3.0 25.1(2.6) 33 3.9 1.803 | 0.045 | 33
brockB0M_2 19.3(0.6) 20 7.6 20.1(0.4) 21 CX] 5.014 | 0.000 | 21
brockS00_4 15.9(0.5) 20 7.8 19.9(0.5) 21 8.9 2.372 [ 0.02]1 | 21
Zen200_p0.9 44 | 39.7(1.6) A4 19.9 440000} a4 25.1 5.763 | 0.000 | 44
gen200_p0.0.55 | 50.8(6.4) 55 24.0 55.0(0.0) 55 30.9 6.584 | 0.000 | 55
gend(0_p0.9_55 | 49.7(1.2) 556 38.9 H1.8(0.7) 55 45.2 6.866 | 0.000 | 56
gend00_p0.9.65 | 53.7(7.4) [5] 41.8 65.0(0.0) 65 47.2 5.714 | 0.000 | 65
zend00_p0.0 75 | 60.2(12.1) | 75 38.3 | 75.0(0.0) 75 46.4 | 4.572 | 0.000 | 75
hamming®-4 16.0(0.0) 1 1.8 16.0(0.0) 16 2.0 E 5 1
hammingl10-4 37.7(1.9] A0 14.6 30.8(0.6) 40 16.7 3.083 | 0.006 | 40
kellerd T1.0(0.0) i1 1.2 TL.0(0.0) 11 1.5 E 5 i1
kellerS 26.0(0.8] 27 8.3 26.0(0.3) 27 10.7 3.250 [ 0.005 | 27
kellerfi 51.8(1.5] 55 H6.00 53.4(1.2) 56 B3 1 3.491 0.017 | 59
p_hat300-1 R.0(0.0) ] 2.0 B.0(0.0) £ 24 - - B
p-hat300-2 25.0(0.0] 25 2.2 25.000.0) 25 2.3 - - 25
p_hat300-3 BG(0.9] 36 2.5 ELAT(] 36 2.7 3674 [ 0.003 | 36
p_hatTO0-1 9.8(0.9) 11 5.0 11.0(0.0) 11 .6 4.811 0000 11
p_hat700-2 43.5(0.8) 44 7.5 44,0(0.0) 44 8.9 1.809 | 0.052 | 44
p_hatTo0-3 G0.4(1.0) 62 0.2 G2.0(0.0) G2 13.1 | 7.236 | 0.000 | 62
p_hatl1500-1 10.8(0.4) 11 145 | 11.1(0.3) 12 10.8 | 3000 | 0.007 | 12
p hat1500-2 63.8(1.0) 65 3.4 | B5.000.0) a5 D59 | 4903 | 0000 | 65
p-hatl500-3 52.1(0.9) 91 28.8 03.7(0.5) [y 34.3 3.748 | 0.003 | 94

- the t-test has not been made for these graphs sinee both EA/G and HGA found the optimal sclutions in each run.
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For more details, please see

Q. Zhang, J. Sun and E. Tsang, "Evolutionary Algorithm with Guided
Mutation for the Maximum Clique Problem”, IEEE Trans. on Evolutionary

Computation, 2005, No.2.
= Summary

» Guided mutation: location information+ global information
» Hybrid EAs with guided mutation work well on QAP and MCP.

» It can be used for solving other hard problems.

Contents

= An New EDA for Multi-objective Optimisation (MOP)

EA + Math Program

T
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Multi-Optimisation Problem (MOP)

min y = (f,(x),..., f,(x)"

st X=(X,%, %) eXcR"

Pareto Optimality
x is Pareto optimal= no other

point y is better than x in at least
one objective and not worse than

x in all other objectives.

Pareto Set (in x-space): all the
Pareto optimal solutions.

Pareto front (in f-space) the image

of Pareto set in y-space

Pareto front in f-space

Pareto Set in x-space

Regularity of MOP

The Pareto Set (Pareto Front) is a (m-1)-
dimensional piecewise continuous
manifold in x-space (y-space).

Some math. programming methods

have used such regularity in f-space.

Pareto front in f-space

Pareto Set in x-space

n=2

X

18



Evolutionary Algorithm for MOP

Population

Pareto

/ Rank
=selection

= Goal: find a set of solutions
which are uniformly distributed
along the PF or PS.

= Main issues

»Convergence
Reproduction GA > Diversity
| | Crossover
mutation
= Few EAs use the regularity of MOP.
EDA

/’nodellling How can the regularity be used in

Sampling designing efficient EAs for MOP?

Mixture of Gaussian Distribution

A new EDA for MOP

Population

New Solutions

= Basic Idea behind Modelling (m=2)
» The Pareto Set is a 1-D curve (regularity).
» Hopefully,

population— the Pareto Set.

19



Population

New Solutions

Basic Ideas behind Modelling
» The Pareto Setis a 1-D curve.
» Hopefully,

population— the Pareto Set.

Population

New Solutions

Basic Ideas behind Modelling
» The Pareto Setis a 1-D curve.
» Hopefully,

population— the Pareto Set.

» Given a population, its principal curve
could be an approximation to the PS.

20



This model is different from
other models in EDAs.

Population

= Modelling method:

Each point in the cuTent population
is regarded as a gample of
X c(s)

where

sis uniformly distributed on [a, b].
is a n- D Gaussian noise.

c:[a,b] R"isacurve.

New Solutions

» Local PCA, SOM for computing
» Central curve and its range
» Parametersin r

= Sampling / ]
»  Suppose we have obtained the model
X c(s)
where exploration guided by models.
a s b

isa n- D Gaussiannoise.

» Our obtained central curve may approximate part of the PS, so
it is reasonable to extend the curve a little bit when we do
sampling

a-0.1b-a)<s<b+0.1(b—a)

21



Experimental Results

» 5 Test Problems

v Modified versions of commonly-used test functions

v The Pareto sets in decision space are a line or a curve.
» Comparison with NSGA-II

ZDT1.1 FON

1.0 0.4

12 1.0

1.0 B . 08
08

0.2
<00 ~ 06

0.4
-0.2

02

0.0 0.4
00 02 04 06 08 10 0.

0.0 0.
00 02 04 06 08 10 00 02 04 06 08 10
x

(a) M-MOEA (a) M MOEA
1.0 04 2 o

10 : : 08

0.2 08
~ 06
<00
0.4

“02 02

0.0 o
00 02 04 06 08 10

0.0 -0.4
00 02 04 06 08 10 04 02 0.0 0.2 0.4 f (b) NSGA Il
(b) NSGA Il

00 02 04 06 08 10
x

More details can be found in

A. Zhou, Q. Zhang, Y. Jin, E. Tsang, T. Okabe, A model-Based EA for Bi-
Objective Optimisation, CEC’2005.

Conclusions
» Model=Curve+Noise.
» Learning method: Local PCA, SOM
» Exploration guided by model
» Experimental results are promising

22



Contents L

/
[
[
[

)

/

[

}/
/

A Multi-objective EA based on decomposition }/

EA + Math Program

A EA for MOP Based on Decomposition

Decomposition
(Weight sum approach)

Let w=(w,,w,)

where W, + W, =1and w,,w, = 0.

Then f
g(xIw)’s minimal point is a a Pareto optimal solution.

If the shape is convex, then :

For any Pareto optimal solution, there is a weight v ector
wsuch that it is the minimal point of g(X|w).

23



Finding a set of representative
Pareto optimal solutions

ﬁ jR

Selecta numberof weight vectorsw',---, W',

Find the optimalsolutionfor each g(x|W ). f

If W and W' are close, then

the solutions to g(X| w) and g(xlI w!) should be similar.

MOEA/D

» Try to find the solution to each of N objectives

* If w and w' are close enough, then we call
g(xIw") and g(x|w’) are neighbours

» At each generation, It maintains a population:

{(x', x*,...,x")

where X' is the candidate solution for g(x 1w )

24



MOEA/D

* Try to find the solution to each of N objectives
g(xIw), g(xIw?), -, g(xIw")

= If w and w' are close enough, then we call
g(xIw") and g(xIw’) are neighbours

» At each generation, It maintains a population:
{(x', x>, ..., x")

where X' is the candidate solution for g(x|w ). We can
X' and X/ are neighbours, if g(x|w ) and g(xjw’)

are neighbours.

= Update X'
» Randomly pick up its two neighbouring solutions x! and x*
» Perform crossover, mutation on them and produce a solution y.
> Starting from y, use a local search to minimize g (X | w')
and obtain z.
> If zis better than X' , then
replace X' by z.

25



» Experiments:
= MOKP:

T
maximize filz) = Zp{j:rj, i=1,...,m
j=1
mn
subject to Zw,-j;rj <o, i=1,...,m
j=1

T =(T1,... .;‘fﬂ:lT [= {U‘, l}ﬂ

» MOGLS: one of the best algorithms for MOKP.

N S ey

o)

)

T o £ oo e wow a7 m 6w w1 o T E Ed T T

oo iy, . | 4w T-HOERE .
N SR B L (2]

i, ] wi 1t
\ T B e
- o =~
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) N | N
o) \.\_‘. i -;‘
.‘ | L e

N i - \ N\

\ %
¥ o LS
Teee T g oo 3 O R TR T T TR
an

Fig. 5. Plots of the nondominated solutions found by MOEA/D and MOGLS with the Tehebycheff approach
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TABLE IV
AVERAGE CPU TIME (5) Usen BY MOEA/D anp MOGLS

Average CPU Time MOEA/D MOGLS

Decomposition Methods | ™= ge ik g
2 250 3.60 3.90 28.05 23,40
2 500 0.30 000 | 7320 f. 10
2 TS0 770 | 1945 | 13290 | 128.30
3 240 643 N Th.45 TR

Instance 3 S00 15.05 1675 136,15 143.63
3 a0 7640 | 3040 | Z02.80 | Z17.93
4 230 1583 | 1660 | 1838 [ 18330
El 500 4300 | 4075 | Z88 95 | 29070
El T30 6830 | 7030 | 30600 | 41853

» MOEA/D slightly outperform MOGLS. But it is much
faster.

Contents \w

|
/
|
/
|
}’/

EA + Math Program J

= Summary
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Summary

Common sense

Combination of different Heuristics @blem specific
knowledge: Powerful problem solver.

GA +experimental design.

Guided mutation: EDA+GA.
EDA + Principal Curve Analysis for MOP.
EA for MOP based on decomposition

(V77

Future research direction:
Combination of these methods

/

Not new

Machine learning
Math p\—ogram

Prob. and Stat.

Thanks !
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= EDA+Two Local Search for Global Opt. Problem

Population Lr

= Cheap LS:
Reproduction (EDA) simplex method with limited no.
of f-evaluations.
’O O e © O‘ *Expensive LS:
Cheap | Cheap Cheap | Cheap Powell method based on
LS Ls LS LS quadratic approximation
’. ° ® ------ ® .‘
ExpensiveExpensivdCopy Copy [Copy Only a few top
S S| e — Individuals undergo
expensive LS
’o ) ® ... () o\ Selgction

Why cheap LS?

» Suppose that a and b

is produced by an EDA or GA
operator.

» Whose attractor is better?

» Without local search, we tend to say:
the attractor of b may be better

than that of a

(minimization problem)

29



Why cheap LS.
> If we apply a cheap LS, we will
have: a’s attractor may be better than b’s.

» Cheap LS can move a point close

to its local optimal point.

» In most local search, the first

few (say, 10) steps can reduce

the function value significantly

(say from 200 to 1), but

the further (say, 80)

steps refine the solution (e.g., the function
value is reduced from 1 to 0.0001).

expensive LS.

» Only really promising points undergo
expensive LS.

» The computational cost has been
saved.

30



=  Prob. model: histogram model
» Suppose all the variables are independent of each other.

> For each variable x;, we use histogram model to model its distribution.

= Other Trick
» Uniform Design Technique are used in initialisation.

= Experimental Results:
The effectiveness of the main component of EDA+2 Local Searches (EDA/L)

30
min f(x) > ( x° 10 cos( 2 x,) 10)
i1

5.12 X, 5.12
. Mean No. of Mean of the smallest
Algorithm . . X . . . .
funection Evaluations function values found
EDA/L 75014 0
Algorithm A TTRT0 0.198092
Alogrithm B 72718 2.026529
Algorithm C with
s R1706 0.021804
One [HH]II crossover
Algorithm C with
. ]R141 0.0011333
uniform crossover
Algorithm C with . .
s i . TN 2.5868041
intermediate crossover

- A: Does not use uniform design in initialisation. Use random sampling.
B: Only Expensive LS.
C: doesn't use EDA operator.
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Summary
» Using cheap LS and expensive LS is helpful
> EDA operators are better than GA operators in our algorithm.
» Uniform Design is useful.

More experimental results can be found in

Q. Zhang, J. Sun, E. Tsang and J. Ford,
"Hybrid Estimation of Distribution Algorithm for Global Optimsation",
Engineering Computations, vol. 21, no. 1, 2004, pp91-107

Which can be downloaded from http://cswww.essex.ac.uk/staff/qzhang/
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Guided Mutation: EDA+GA Yr
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