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Experimental Analysis on Random Graphs

I Randomgraphinstances:
I Directed,asymmetric,loopfree
I N 2 f100 200, 300, 400y
I Edgeprobability p = q ¢0:05,q 2 f1;:::;20g.
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Experimental Analysis on Random Graphs

I Randomgraphinstances:

I Directed,asymmetric,loopfree
I N 2 f100 200, 300, 400y

|

|

10 experimentsper setting.
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Experimental Analysis on Random Graphs

I Randomedges,constantedgeweights™(e) = 1.
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Experimental Analysis on Random Graphs

I Randomedges,regula weights ™ (va; Vp) = jaj bj mod 200.
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Experimental Analysis on Random Graphs

I Randomedges,randomedgeweights "(e) 2 f0;:::;200g.
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Experimental Analysis on Random Graphs

Randomedges,constantedgeweights ™ (e) = 1.
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Experimental Analysis on Random Graphs

Randomedges,regula weights™(va; vp) = jaj bj mod 200.

Maximum OBDD-Size

500000

450000 -

400000 -

350000

300000

250000

200000

150000

100000

50000

0 Lo

ParBF N=100 ——
ParBF N=200 ----x---
ParBF N=300 -
ParBF N=400 --&
Dijkstra N=100 --=--
Dijkstra N=200 -----
r Dijkstra N=300 e
Dijkstra N=400 ---a--

_as- 0O
P
o ®©

Lo oo 4

een

0 5000 10000 15000 20000 25000 30000 35000 40000
OBDD-Size of C(x,y,d)

Daniel Sawitzki

Experimental Studies of Symbolic Shortest Path Algorithms



Experimental Analysis on Random Graphs

I Randomedgesrandomedgeweights "(e) 2 f0;:::; 200g.
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Summary

Summay

Symiwolic algaithms are heuristicsto solveproblemsin large
but structured data.
Dijkstra and Bellman-Ford have beentransfamed into
OBDD-algaithms.
On random, grid, and thresholdgraphs. . .
I ...Dijkstra is dominantw.r.t. space.
I ...Bellman-ford is dominantw.r.t. runtime.
Dijkstra evenlinea in input sizesizgC].
Future reseach:

I Experimentson real-world graphs
I Consideringurther SP-problems
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Summary

Thankyou for listening!
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