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Transfer Patterns [1] with partitioning

Transfer Patterns = sequences of transfers on optimal routes
Freiburg — Ziirich: {[Freiburg, Ziirich], [Freiburg, Basel, Ziirich]}

Compute Transfer Patterns between
@ stations of the same partition
e border stations b(C) and b(C,)

= reduced runtime
= reduced space

Query “A — B":
A — b(Ca) — b(Cg) — B
= little slower query times



Introduction

Goal

Partition the stations of a public transit network, such that
@ partitions are small

@ most traffic lies inside the partitions
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Dataset

schedule of Deutsche Bahn (2015)

only local traffic (no ICEs and ICs)

modelled as undirected weighted graph

stations — nodes

connections — edges

frequencies — edge weights

heuristical footpaths (distance < 400 m; weight 200,000)
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K-means-clustering [2]

@ uses only geographic data

Algorithm 1 k-means-clustering

initialize

while assignments change do
update assignments
update means

end while
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Merging algorithm [3]

hierarchical
merges neighboured partitions
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Merging algorithm [3]

@ hierarchical

@ merges neighboured partitions

@ hyperparameter k = number of partitions

@ hyperparameter U = upper bound partition size

@ order distinguished by a utility function

_ 1 w(uy)  w(uy)
f(u,v) = s(u)-s(v) (m + m)

s(u) = size of u
s(v) = size of v

w(u,v) = sum of edge weights between u and v
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METIS [4]

graph partitioning framework

state of the art

can be downloaded !

hyperparameter k = number of partitions

three phases (next slide)

"http://glaros.dtc.umn.edu/gkhome/metis/metis/download


http://glaros.dtc.umn.edu/gkhome/metis/metis/download
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Figure : The three phases of METIS (Source: [4])
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PUNCH [5]

@ ‘“partitioning using natural cut heuristics”
@ hyperparameter U = upper bound partition size

@ two phases

o filtering phase
e assembly phase
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Filtering phase: contract regions that are separated by small cuts

main graph

main graph

D
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Assembly phase

@ initial solution: run merging algorithm on filtered graph
@ local optimization:

e uncontract small regions
e rerun merging algorithm
o take better solution
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Comparison: cut size
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Figure : Cut size over maximum partition size.
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Comparison: cut edges

100000 [
®  k-means
®  merging
® PUNCH

METIS
(d
L]

» L]

S

8 °% e

- L]

5

3 10000 | .

o

g .

£ ¢ .

5

2 . .

L]
L]
.
L]
1000 . . . . . . |
0 5000 10000 15000 20000 25000 30000 35000

maximum partition size

Figure : Cut edges over maximum partition size.



PUNCH - unweighted graph

main graph
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PUNCH - unweighted graph
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PUNCH - weighted graph
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PUNCH - weighted graph

main graph

main graph

200,000

= minimum cut not preserved
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The gain of footpaths

merging algorithm with U=4,000

Figure : no footpaths
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The gain of footpaths

merging algorithm with U=4,000

Figure : no footpaths Figure : with footpaths
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Conclusions

@ K-means better than expected = traffic geographically
clustered

@ merging algorithm and METIS produce good results

@ arbitrary utility functions can be used with the merging
algorithm

o PUNCH: filtering phase must use edge weights
footpaths prohibit geographically overlapping partitions



Appendix

Questions?

Thank you for your attention!
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Filtering phase, pass 1: contract bridge-separated regions

main graph
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Filtering phase, pass 2: contract simple paths

main graph

main graph
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Filtering phase, pass 3: contract two-cut-separated regions
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Filtering phase, pass 4: contract “natural cut”-separated regions

Figure : Finding a “natural cut” (Source: [5])
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k-means | merging | PUNCH | METIS
partitions 181 181 176 181
max. part. size 4,015 1,873 1,975 3,132
cut size 154.7-10% | 42.8-10° | 496.4-105 | 45.5.10°
cut edges 12,273 9,497 13,917 8,562
cut edges (%) 2.2 1.7 25 1.6
border nodes 15,564 12,954 17,669 | 12,010
border nodes (%) 6.2 5.2 7.1 4.8
runtime (s) 53.8 2.9 118.3 0.3

Table : Results of the four algorithms with about 181 partitions.
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