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David Orellana-Mart́ın, José A. Andreu-Guzmán, Carmen Graciani,
Agust́ın Riscos Núñez, Mario J. Pérez-Jiménez
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PDP systems

Ecosystems

Bearded vultures

Pyrenean chamois

Zebra mussel

Giant panda

Physics

Stern-Gerlach

Uranium 238 decay

Laser modelling

4 / 19



PDP systems

Ecosystems

Bearded vultures

Pyrenean chamois

Zebra mussel

Giant panda

Physics

Stern-Gerlach

Uranium 238 decay

Laser modelling

4 / 19



PDP systems

Ecosystems

Bearded vultures

Pyrenean chamois

Zebra mussel

Giant panda

Physics

Stern-Gerlach

Uranium 238 decay

Laser modelling

4 / 19



PDP systems

Ecosystems

Bearded vultures

Pyrenean chamois

Zebra mussel

Giant panda

Physics

Stern-Gerlach

Uranium 238 decay

Laser modelling

4 / 19



PDP systems

Ecosystems

Bearded vultures

Pyrenean chamois

Zebra mussel

Giant panda

Physics

Stern-Gerlach

Uranium 238 decay

Laser modelling

4 / 19



PDP systems

Ecosystems

Bearded vultures

Pyrenean chamois

Zebra mussel

Giant panda

Physics

Stern-Gerlach

Uranium 238 decay

Laser modelling

4 / 19



PDP systems

Ecosystems

Bearded vultures

Pyrenean chamois

Zebra mussel

Giant panda

Physics

Stern-Gerlach

Uranium 238 decay

Laser modelling

4 / 19



PDP systems

Ecosystems

Bearded vultures

Pyrenean chamois

Zebra mussel

Giant panda

Physics

Stern-Gerlach

Uranium 238 decay

Laser modelling

4 / 19



PDP systems

Ecosystems

Bearded vultures

Pyrenean chamois

Zebra mussel

Giant panda

Physics

Stern-Gerlach

Uranium 238 decay

Laser modelling

4 / 19



PDP systems

5 / 19



PDP systems

6 / 19



PDP systems

7 / 19



PDP systems

8 / 19



PDP systems

1
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Random walk

Random process

n-dimensional

Interesting properties

Pascal’s triangle (1d)
Markov chain
Fractals (> 1d)
Wiener process (Brownian
motion)
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What do we want?

We want to model n-dimensional random walk processes

→ We start from the beginning

→ 1 and 2-dimensional
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1D model

Π = (Γ, µ,M1,R1)

Γ =

∪
{ai ,j | 0 ≤ i ≤ N − 1, 0 ≤ j ≤ n0}

µ = [ ]1

M1 =

R1 =

[ ei → ai ,j ]1
[ ai ,j ]1

1/2→ [ ai ,j+1 ]1

[ ai ,j ]1
1/2→ [ ai ,j−1 ]1

0 1 2 3 . . . n0

N particles

1

e1, e2, . . . , eNe1, e2, . . . , eN

a1,⌊n0/2⌋
a2,⌊n0/2⌋

. . .
aN,⌊n0/2⌋

a1,⌊n0/2⌋−1

a2,⌊n0/2⌋+1

. . .
aN,⌊n0/2⌋−1
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2D model

Π = (Γ, µ,M1,R1)

Γ = {ei | 0 ≤ i ≤ N − 1} ∪ {ai ,j ,k | 0 ≤ i ≤ N − 1, 0 ≤ j ≤
n0 − 1, 0 ≤ k ≤ n1 − 1}
µ = [ ]1
M1 = {ei | 0 ≤ i ≤ N − 1}

R1 = [ ei → ai ,j ,k ]1

[ ai ,j ,k ]1
1/4→ [ ai ,j−1,k ]1

[ ai ,j ,k ]1
1/4→ [ ai ,j ,k+1 ]1

[ ai ,j ,k ]1
1/4→ [ ai ,j+1,k ]1

[ ai ,j ,k ]1
1/4→ [ ai ,j ,k−1 ]1

ai ,j ,kai ,j−1,k

ai ,j ,k+1

ai ,j+1,k

ai ,j ,k−1
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Fixed position?

Instead of
[
ei → ai ,⌊n0/2⌋

]
1
, ?

Fixed position (initial cell, final cell)
Experiment position
Random initialization
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Simulation

1-dimensional simulation (10 particles, n0 = 100, 1000 steps)
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Performance

1 dimension, 20 particles, 1000 steps
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Performance

1 dimension, 50 particles, 1000 steps
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Performance

1 dimension, n0 = 50, 1000 steps
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Performance

2 dimension, n0 = 10, n1 = 10, 1000 steps
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Future work

Initial framework for experiments (Variants, Brownian motion. . . )

Benchmark for performance and calibration of simulators

Automatic generation

Modelling of other processes

. . .
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