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Constraint Satisfaction Problems o S Y
DEFINITION 1 1t
State space: The total state space an evolutionary DEFINITION 4
algorithm is able to search in is defined as M = D; X A Binary Constraint Satisfaction Problem (CSP) is a P
. X D). We assume all D; are equal, thus we know that tuple (X, D, C) where R |
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g : . -and C is a set of constraints that restrict certain W G B ICES
earched space of an algorithm: The searched space , , , N - - |
g : : simultaneous object assignments, where each of c € C ° . I
C M is the set of points taken from the state space , ,
L. . . : is over exactly two variables. | E osf
that is visited by a particular evolutionary algorithm g ‘
during a run. | NA
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Resampling ratio: First we define a revisit as a point e We randomly generate binary CSPs using | | o | |
in the state space that we have seen before, i.e., it is Model E (15, 15, p), where we vary the |, Tossove Tnearranking parentsclection, uorm random survivorsdiection
already present in the searched space. The resampling parameter p from 0.10 to 0.38. = =
ratio is defined as the total number of revisits in a run
i revis (1=|X|=15and Vz; € X : |D,| = 15)
divided by the total number of evaluations in the same Z
run: resampling ratio = revisits/evaluations. e We use 25 unique problem instances for \
* 0.2 | A\ . 0.2
every setting of p and run 10 tests on each \\
A resampling ratio too high will have a negative luat
‘ . eva uathnS. crossover, linear ranking parent selection, replace worst survivor selection
influence on the performance of an algorithm. S S T
e The success rate and the resampling ratio are N ES
HYPOTHESIS 2 measured. i T
The mutation operator with mutation r has a lar : : -
Lhe mutation operator with mutation rate k/lhas alarge e Crossover, parent selection and survivor |
impact on the searched space, especially for small values , . v |
of selection are switched on and off. N
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. each combination.
The Chance of Not Changing
. . Results Conclusions
A mutation operator with p,, = k/l on a
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chromosome c of length : B T E . . .
PP S = e In our experiments, a small resampling ratio
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£ (unif dom(] 1) th - | . (0.5-3%) corresponds with high success
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oz | o - ¢ A low resampling ratio on itself is not a
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Nom] B | resampling ratio increases this is a good
. (l—k / | indication that its efficiency and its
P(mutate(c) = ¢) = (1 = pm) = l effectiveness is decreasing.
z ¢ When using the replace worst survivor
m [—Fk\ _ ok O OO selection a mutation rate of 4// is the best.
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r ol Future Work
| | f.l e Can we accurately predict the influence of k
D E e - S e ———een) and different selection processes?
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The chance of not changing a chromosome (left). ] e Are we able to sustain a “healthy”
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Simulation of the mutation operator with pyuation = 1/1, 2 \ - resamphng ratio dunng a run?
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