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| have always had that drift, that's key for me.
- Yuzvendra Chahal




What is black box optimization?

Parameter Performance
x € R" yER
=4 .
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What is black box optimization?

Parameter Performance

x € R" yER

We functions
f:R" - R.

Optimization:
f:R" - R™,



Problems we deal with

= What hinders search?
¢+ Ruggedness
o LOCal Optima
¢ Noise
¢ Dynamic Changes
¢ Stagnation
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Most Basic Algorithm

Algorithm 1: Basic Search Algorithm

1 £ < random individual;
2 while true do

3
4
5

o Fli
o Fli
= Acce

y < mutate(x);

if f(y) < f(x) then
BERSE

D

Ot

(for example x € {0,1}")

bit u.a.r.

; reject

with prob. 1/n



More Elaborate Algorithms
(e N -CA
Algorithm 1: (1 + A\)-EA

P < 1 random individuals;

while true do

P« 0

for A\ times do

x < select(P);

y < mutate(x);
P+ Py {y}

P« pick(g,}@P’);
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More Elaborate Algorithms

Algorithm 1: (1 + \)-GA

P < 11 random individuals;
while true do

P« 0;

for A\ times do

x < select(P);

y < select(P);

z ¢ crossover(x,y);

0 ~NN oW NN

P < pick(u, PUP),

(L=}




- o e W N -

More Elaborate Algorithms

(uN)-EA

Dr. Timo Kétzing Hasso-

Plattner-Institut

Algorithm 1: (p + M\)-EA Algorithm 1: (1 + \)-GA

P < p random individuals; 1 P < p random individuals;
while true do 2 while true do
P [Z) 3 P« @?
for \ til,nes do 4 for )\ times do
z « select(P); 5 x + select(P);
« mutate(z): 6 y < select(P);
y, p : 7 z < crossover(x,y);
P+« P'w{y}; g | =T
_ P « pick(p, PYP'); 9 | P <« pick(u, PUP');
= only

1R

-Selection = Keep the
-Selection = Only new solutions



Mathematical Analysis




First Example: OneMax

Algorithm 1: Basic Search Algorithm Multiplicative Drift Theorem
[DIW12]
1 x < random individual; If
2 while true do E(Y; — Y1 | Xp) = 6Y;
3 | y < mutate(z); Then, for T = min{t | Y, < 1},

a | if f(y) < f(z) then E(T) <In(Yy)/6

5 |_ T 1,
| [DIJW12] Doerr, Johannsen, Winzen:

Multiplicative Drift Analysis, 2012

= Suppose f(x) = |x|, (called OneMax)

* Defines random process X, € {0,1}"
+5(1050) =

» T =random time till optimum reached

= Know: Step-wise change

o E(f(Xy) — f(Xey1) | Xp) = X /(en)

11



Multiplicative Drift

Multiplicative Drift Theorem
[DIW12]

If
E(Ye = Yeq | X)) 2 6,

Then, for T = min{t | Y; < 1},
E(T) <In(Yy)/é

[DIW12] Doerr, Johannsen, Winzen:
Multiplicative Drift Analysis, 2012

" Prime example: Coupon Collector
= Multi-Drift ~ Generalized Coupon Collector
* Drift Theorem:
e Random process = deterministic analogon

12



Second Example: LeadingOnes S ﬂ

Algorithm 1: Basic Search Algorithm Additive Drift Theorem
[HY04]
1 x < random individual; If
2 while true do EYy =Y 1 X)) 26
3 | y ¢+ mutate(z); Then, for T = min{t | Y, = 0},

a | if f(y) < f(z) then E(T) <Yy/6
5 |z« y;
| [HYO04] He, Yao: A study of drift analysis for

estimating computation time of evolutionary
algorithms, 2004

f(x) = #of 1s before first 0 (called LeadingOnes)
s E(f(Xp)) <n

= Know: Step-wise change

o E(f(Xy) — f(Xpy1) | Xp) = 1/(en)
= E(T) < en®

13



Additive Drift

Addtive Drift Theorem

[HYO04]

If
EY, =Y 1 X) =6

Then, for T = min{t | Y; = 0},
E(T) <Y,/6

[HY04] He, Yao: A study of drift analysis for
estimating computation time of evolutionary
algorithms, 2004

= Random process ~ deterministic analogon
" Traps:

e No overshooting allowed!

e Unbounded Search spaces?

14
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= Drift theorems turn step-wise gains into
expected times

Addtive Drift Theorem

[HYO04]

Multiplicative Drift Theorem
[DIW12]

f f
EYy Y41 1 X)) 26 E(Yy —Yie1 1 Xp) = 6Y;

Then, for T = min{t | Y; = 0},
E(T)<Y,/6

Then, for T = min{t | Y; < 1},
E(T) <In(Yy)/6

[HY04] He, Yao: A study of drift analysis for [DIJW12] Doerr, Johannsen, Winzen:
estimating computation time of evolutionary Multiplicative Drift Analysis, 2012
algorithms, 2004

= Main tool of modern analyzes
" Many more claborate variants exist
= Approximations also analyzable

Thank Youl!
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