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To accelerate the convergence, we will implement a step-size adaptive algorithm, i.e. ¢ is not fixed
once for all. The method to adapt the step-size is called one-fifth success rule. The pseudo-code of
the (1 + 1)-ES with one-fifth success rule is given by:

Initialize x € R™ and o > 0
while not terminate

' =x+oN(0,I)

if f(z') < f(=)
z=a'
c=150
else
o = (1.5)"4g

5. Implement the (141)-ES with one-fifth success rule and test the algorithm on the sphere function
fsphere(7) in dimension 5 (n = 5) using x° = (1,...,1), 0p = 1073 and as stopping criterion a
maximum number of function evaluations equal to 6 x 10%. Plot the evolution of the square root of
the best function value at each iteration versus the number of iterations. Use a logarithmic scale for
the y-axis. Compare to the plot obtained on Question 3. Plot also on the same graph the evolution
of the step-size.
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6. Use the algorithm to minimize the function fe; in dimension n = 5. Plot the evolution of the
objective function value of the best solution versus the number of iterations. Why is the (1+ 1)-ES
with one-fifth success much slower on fe; than on fyphere ?
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7. Same question with the function

n—1

fRosenbrock(w) = 2(100(5522 — ZL’Z'_|_1)2 + (SUz — 1)2) :
1=1
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1=1

. We now consider the functions, g(fsphere) and g(fen;) where g : R — R,y — y'/%. Modify your

implementation in Questions 5 and 6 so as to save at each iteration the distance between x and
the optimum. Plot the evolution of the distance to the optimum versus the number of function
evaluations on the functions fsphere and g( fsphere) as well as on the functions fen; and g(feni). What
do you observe? Explain.
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Why Step-size Adaptation?

Assume a (141)-ES algorithm with fixed step-size ¢ (and

C = 1) optimizing the function f(x) = xl.2 = ||x]|* .
i=1

Initialize m, o
While (stopping criterion not met)
sample new solution:

X —m+ o/ (0,1
if f(x) < f(m)

m < X

What will happen if you

look at the convergence

of f(m)?
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Methods for Step-size Adaptation

1/5th success rule, typically applied with “+4" selection

[Rechenberg, 73][Schumer and Steiglitz, 78][Devroye, 72]

o-self adaptation, applied with “," selection [Schwefel, 81]

random variation is applied to the step-size and the better one, according to

the objective function value, is selected

path-length control or Cumulative step-size adaptation (CSA), applied with

. selection
[Ostermeier et al. 84][Hansen, Ostermeier, 2001]

two-point adaptation (TPA), applied with “,” selection [Hansen 2008]

test two solutions in the direction of the mean shift, increase or decrease

accordingly the step-size



Step-size control: 1/5th Success Rule

%[x): XA

.....
oooooo
\d .
g .
¢ .
o .
. .
o .
o .
r "
o
f .
.
. R
* .
N .
. - Ll
.....
------

Increase o decrease o

P _ ‘:5 Smon]
4/



Step-size control: 1/5th Success Rule

Probability of success (ps) Probability of success (ps)

1/2 1/5 “too small”



Step-size control: 1/5th Success Rule

probability of success per iteration:

#candidate solutions better than m

S
P #candidate solutions

1 —
oo xexp| = x Ps ptarget
3 1 — Ptarget

a A

§

(1+ 1)-ES
Ptarget — 1/5

Increase o if ps > Prarget
Decrease o if ps < prarget

IF offspring better parent [f(x) < f(m)]

ELSE

ps=1, 00 X@_)g%)}\//ﬁ?\/ﬂ e e

ps =0, 0« o/ exp(1/3)1/4
o 5 (45



(14-1)-ES with One-fifth Success Rule - Convergence

(1 + 1)-ES with one-fifth success rule (blue)
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Path Length Control - Cumulative Step-size Adaptation (CSA)

step-size adaptation used in the (u/pu,, 4)-ES algorithm framework (in
CMA-ES in particular)

Main ldea:

X = m -
m < M- 0Yw

Measure the length of the evolution path

the pathway of the mean vector m in the iteration sequence

A VS

Y Y

decrease o Increase o

Y




CSA-ES The Equations

Sampling of solutions, notations as on slide “The (u/u, A)-ES - Update of
the mean vector’ with C equal to the identity.

Initialize m € R", o € R4, evolution path p, =0,

set ¢, ~4/n, d, ~ 1. Xi=ons @Y, 2, )
'iw. Xt:A= m\+b’7.y.,\ :F(Xm,\) ér‘F(xz-,\).é... < {(Xz\.,\)
VZREY
m < m+oy, wherey, =>"" wyi, update mean

pr +— (1—c;)pr+1/1—(1—c,)? V1w Yw
N— ——— ~—~—

accounts for 1—c, accounts for w;

O <4 o0X exp (CU (E\\/l‘/'lzod‘|l) i 1>> update step-size

>1 <= ||p,|| is greater than its expectation
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Convergence of (u/u,,1)-CSA-ES
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Convergence of (u/u,,,1)-CSA-ES
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Convergence of (u/u,,,1)-CSA-ES

10° ki """""""""" """"""" — with optimal step-size
' ' ' — with step-size control
— respective step-size

NN | =30
i=1

S NN """"""" """""" """"""" """"""" i for n =10
A A W L A\ P and
L A G S N X x0 € [~0.2,0.8]"

=/ f(x)

lm — X7

5 i i i ; \ i i :
10 0 200 400 600 800 1000 1200 1400 1600
function evaluations

comparing optimal versus default damping parameter d,:

1700
le.S



