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0
1 Split =>

0 1
2

Reverse =>
0

2
1

0

3

1

2

Merge(1) => 0

2
1 Reverse =>

0

2
1

Parent(0) =>

0

2

1
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A: nanacx B: nb

Modul :A Modul :B

N1

N2

N3
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weighted, acyclic, directed network
inputs xi ∈ R
outputs fi : (x1, . . . , xm) → R
activation functions ai ∈ {sin, atan,gauss, id , const , . . . }
accumulation functions Σ,Π

x1

x2

.

.

.

xm

f1

f2

.

.

.

fn

a1

a2

a3

a4

a5

w1;1

w2;2

wi;j

w 2
;1
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Periodic functions (sin): Repetition

sin(x) ∗ sin(y)
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Symmetric functions (Gaussian)

G(x ∗ y)
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Imperfect symmetric function (arctan)

atan(x ∗ y)
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Combination of periodic and symmetric

G(sin(x) ∗ y)
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Combination of periodic and imperfect symetric

sin x · esin y
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How can we generate graphs from a CPPN?
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Mutation of connection weights
Crossover of weights of matching edges
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Results and Demo
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Prefers local connections
Results in higher modularity
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For regular graphs the complexity of CPPNs in independent of
the size of the graph.
Manual substrate placement and fixed number of nodes

BUT: HyperNEAT-ES (Evolvable Substrate)
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Parallel string replacement system G = ⟨Σ,ω,P⟩

Example:
Σ = {F ,+,−}
P = {F → F − F ++F − F}
ω = F ++F ++F
S1 = F
S2 = F − F ++F − F

S3 =
︷ ︸︸ ︷
F − F ++F − F −

︷ ︸︸ ︷
F − F ++F − F ++︷ ︸︸ ︷

F − F ++F − F −
︷ ︸︸ ︷
F − F ++F − F
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F → F − F ++F − F
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Uses Genetic Programming

Evolves LISP S-expression (P (W (+ 1.1 0.74) ...))

Special symbols to represent network nodes
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(P (W (+ 1.1 0.74) (P (W 1.66 D0) (W -1.38 D1)))

(W (* 1.2 1.58) (P (W 1.19 D1) (W -0.98 D0))))

P

W

P

W

D0-0.98

W

D11.19

*

1.581.2

W

P

W

D1-1.38

W

D01.66

+

0.741.1

D0

D1

1.66

−
0.98

−1.
38

1.19

1.1+
0.74

1.2
∗ 1.5

8
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Only acyclic networks with one output can be represented

Cannot encode repetitive patterns
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