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Remember
® pm = 1/n is by far most recommended choice
e NFL suggests that p,, = 1/n cannot be always good
e silly example (ONEMAX with function value n + 1 for 0™)
proves that other mutation probabilities can reduce the

expected optimisation time by an exponential factor (for the
example from ©(n™) with p,, = 1/n to ©(2") with p,, = 1/2)

Goal for today  develop a more detailed understanding
of the mutation probability’s role
using ONEMAX has a simple and typical example funct
as a starting point
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A First Example: JuMPy
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A First Example: JuMPy
if n —k < ONEMAX(z) <n

n — ONEMAX(x)
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A k + ONEMAX otherwise
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n — |z| ifzeA
n/4

(3/4)n+ > z[i] fzeB
=1

F@) =99, 4 if 2 € C and z = 190"
2n+1 ifzeD
min{|z|,n — |z|} fzeFE

with  A={z e {0,1}" | n/4 < |z| < (3/4)n}
B ={xe{0,1}" [ |z| =n/4}
C={x=10""ic{0,1,...,(nJ4) — 1}}
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D pu—

=1

—N—

E=1{0,1}"\(AUBUCUD)

z €{0,1}" | (|z| = logn) A ( > i} =0
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Idea  get rid of the choice of p,,
by systematically trying all sensible values
‘probably good' values more often,
‘probably too large’ values less often

Dynamic (141) EA

1. pm :=1/n; t :=1; Choose z; € {0,1}" uniformly at random.
2. Repeat

3. y:=standard bit mutation(x;) with mutation prob. p,,

4. t:=t+1;If f(y) > f(xi—1) then z; := y else x4 := z4_1.
5 DPm = 2pm; If pp, > 1/2 then p,, :=1/n

6. Until ‘decide to stop’

7. Output ;.
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