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Solution: Intra-population competitive coevolution

M by playing several games against other strategies in the population.

B All individuals of the same type.

B In the beginning, all are probably quite bad, but some of them are a bit better.
|

The fitness (the number of games won) may not rise as expected since your
opponents improve with you.
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Cycles, etc.

B What if A beats B, B beats C, but C beats A?
B What if A beats B, but B beats far more individuals than A?

M The quality assessment depends on what we really want:
B A player that beats the most other players?

B A player that beats the most other “good” players?
B A player that wins by the most total points on average?

B Often, other tests are executed.
B But, do you want to spend your fitness budget

B on evaluating current individuals more precisely, or
M on searching further?
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2 competitive populations (illustration)

Lotka-Volterra model (Predator-prey
population dynamics):

dx
i Bxy

dy _
3 Yy + oxy

where x is the number of prey (rabbits)

and y is the number of predators (wolves).

Assumptions:
1. The prey population has always food
enough.
2. The predators eat only the prey.
3. The rate of change of population is
proportional to its size.
4. The environment is static.
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2 competitive populations (illustration)

Lotka-Volterra model (Predator-prey Assumptions:

population dynamics): 1. The prey population has always food
dx enough.
ar T pxy 2. The predators eat only the prey.
dy 3. The rate of change of population is
ar - v +oxy proportional to its size.

, : 4. The environment is static.
where x is the number of prey (rabbits)

and y is the number of predators (wolves).

Meaning:
B The change of the prey population (dx/dt) is composed of

B increase due to the newly born individuals (proportional to the population size,
«x) and

B decrese caused by the predation (which is proportional to the rate of
predator-prey meetings, Bxy).

B The change of the predator population (dy/dt) is composed of

B decrease due to natural death (proportional to the population size, yy) and

B increase alowed by the food suply (proportional to the rate of predator-prey
meetings, oxy).
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Arms races

M one population learns a trick and forces the second population to learn a new trick to
beat the first one...

B one population may evolve faster than the other:
B all individuals from that population beat all the individuals from the other
B no selection gradient in either population = uniform random selection
B external fitness in both populations drops until the gradient re-emerges
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Problems with fithess assessment: N-pop. cooperative coevolution

Hijacking
B areally good forward takes over one population, any team will play well thanks to him
B members of all other populations have almost the same fitness = uniform random selection

B Solution: apply some form of credit assignment
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B members of all other populations have almost the same fitness = uniform random selection

B Solution: apply some form of credit assignment

Relative overgeneralization

Population A

B when evaluated by average score, worse (but more robust)
individual B1 will have higher score than better (but

volatile) B2 °§

B use maximum score (more tests needed) 2
)

B but again, the choice depends on what we want — a player B2 E
. < Q,

able to get the highest score, or a player that would 0

compare well with the most other opponents?
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Hijacking
B areally good forward takes over one population, any team will play well thanks to him

B members of all other populations have almost the same fitness = uniform random selection
B Solution: apply some form of credit assignment

Miscoordination Population A

B when the team components are not independent S
M Pop. A evolved A2 (but not Al), pop. B evolved Bl (but Op £ 1 -
not B2) n
B Neither A2 nor B1 survives -%
B2 3
o
A~

Al
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Summary

Coevolution

M can be cooperative or competitive (or both)
Coevolution and its

basic types

M can take place in 1 population or in more populations
Problems in W fitness is not fixed during evolution
|

coevolution
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coevolution
e “Fitness” in
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e Summary

Coevolution

M can be cooperative or competitive (or both)

can take place in 1 population or in more populations

|
B fitness is not fixed during evolution
|

introduces new unexpected dynamics to the system (new issues to be solved)

Appropriate when

B no explicit fitness function can be formed
B there are too many fitness cases

M the problem is modularizable (divide and conquer)
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