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Our “AI for Rails” focus

Main questions in our lab:

1. Which AI planning techniques can 

benefit the operational planning of a hub 

(station & yards)? [Train Unit Shunting Problem 

with Service and Scheduling (TUSPwSS)]

2. How can we improve these techniques 

to make them most effective?



How to combine, service, park?

Image: David van Ke ulen

Image: Siebe Swart



How to combine, service, park?

Image: David van Ke ulen

Image: Siebe Swart

How, where and when shall trains
split and combine, and being parked,

considering arrivals, departures,
train types, planned circulation,

required service jobs, track lengths, and 
safety norms?



Only when everything fits, we have a feasible 

plan!

Image: Siebe Swart

a difficulty for existing methods (e.g. MILP) seems to be the conflict-free routing
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Our “AI for Rails” focus

in this talk:

1. Which multiagent path finding 

techniques can benefit the Train Unit 

Shunting Problem? 

So no service scheduling & also ignoring 

train lengths for this talk.



Tekst en Grafiek

Multi-agent 
path finding

(a) Agents split over 3 teams. Left : 75% wall, right : 25%wall

(b) All agents in 1 team. Left : 75% wall, right : 25%wall

Figure 2: Percentage of maps solved in 2 minutes out of 200 random 20 20 maps.

Figure 3: A map which is 25% obstacle, with agents
dist ributed in three teams. This map was one of many
used in the performed experiments.

The experiments are grouped into sets of four scenarios,
to show the differences in performance as these parame-
ters vary. Performance is assessed on maps where either
25% or 75% of the grid is an obstacle, and in situat ions
where agents are grouped into either 1 or 3 teams.

For these benchmarks, 20 20 grid maps3 are randomly
generated such that they are guaranteed to be solvable
(a proof of which can be found in A). Four sets of maps

were generated for each experiment with the previously
discussed parameters. Agents and goals are uniformly
dist ributed on this map and teams are assigned ran-
domly. When the team size does not divide the number
of agents, there will be one smaller team. An example of
such a randomly generated map can be found in Figure
3.

Because MAPFM is an NP-Hard problem, it is possible
that finding the solut ion to an instance of the problem
takes an unreasonable amount of t ime. Therefore, in
each experiment , a t imeout of 2 minutes is used. Ex-
perimental results show the percentage of maps (out of a
set of 200) which the algorithm manages to solve within
this t imeout .

7. R esu l t s a n d D isc u ssion

In this sect ion, the results of a number of experiments
is shown. The purpose of this is first ly to show which of
the two matching strategies is superior, and why this is
the case. Secondly, the experiments quant ify the bene-
fits of different extensions to pmM* . Last ly, the results
of the experiments are put into context by comparing
M* to other MAPFM algorithms performing the same
experiments.

7.1. M at c h in g st r at eg ies

In Sect ion 4, two strategies were proposed for adding
matching to M* . Both st rategies were tested following
the experimental setup described in Sect ion 6. In Figure
2 the results of this experiment are shown.

From these graphs, it can be seen that prematching is
generally superior to inmatching in all but one of the

3Maps of different sizes will likely also show differences in performance. However, experiments with other map sizes are
not included in this paper.
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Multi-agent path finding (MAPF)

Motivation:

– MAPF is all about routing

– large and active community (over a 100 

papers, competitions) http://mapf.info/

– success for up to 100s of robots, e.g. on 

maps representing warehouses

http://mapf.info/
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Branch-Cut & Price

• master-pricer setup (column 
generation)

• label setting for paths (in 
pricer)

• master problem is LP

• 11 problem-specific 
cuts/separators

Lam, Edward, Pierre Le Bodic, Daniel Harabor, and Peter J. Stuckey. “Branch-and-Cut-and-

Price for Multi-Agent Path Finding.” Computers & Operations Research 144 (2022).



Tekst

Lam, Edward, Pierre Le Bodic, Daniel Harabor, and Peter J. Stuckey. “Branch-and-Cut-and-

Price for Multi-Agent Path Finding.” Computers & Operations Research 144 (2022).

cuts

other 

techniques
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Multi-agent path finding

For TUSPwSS, extend MAPF with:

▪ shunting yard layouts (graphs, no grids)

▪ train types

▪ matching arriving trains to departing ones

▪ [train lengths]

▪ [including deadlines (e.g. departure times)]

(a) Agents split over 3 teams. Left : 75% wall, right : 25%wall

(b) All agents in 1 team. Left : 75% wall, right : 25%wall

Figure 2: Percentage of maps solved in 2 minutes out of 200 random 20 20 maps.

Figure 3: A map which is 25% obstacle, with agents
dist ributed in three teams. This map was one of many
used in the performed experiments.

The experiments are grouped into sets of four scenarios,
to show the differences in performance as these parame-
ters vary. Performance is assessed on maps where either
25% or 75% of the grid is an obstacle, and in situat ions
where agents are grouped into either 1 or 3 teams.

For these benchmarks, 20 20 grid maps3 are randomly
generated such that they are guaranteed to be solvable
(a proof of which can be found in A). Four sets of maps

were generated for each experiment with the previously
discussed parameters. Agents and goals are uniformly
dist ributed on this map and teams are assigned ran-
domly. When the team size does not divide the number
of agents, there will be one smaller team. An example of
such a randomly generated map can be found in Figure
3.

Because MAPFM is an NP-Hard problem, it is possible
that finding the solut ion to an instance of the problem
takes an unreasonable amount of t ime. Therefore, in
each experiment , a t imeout of 2 minutes is used. Ex-
perimental results show the percentage of maps (out of a
set of 200) which the algorithm manages to solve within
this t imeout .

7. R esu l t s a n d D isc u ssion

In this sect ion, the results of a number of experiments
is shown. The purpose of this is first ly to show which of
the two matching strategies is superior, and why this is
the case. Secondly, the experiments quant ify the bene-
fits of different extensions to pmM* . Last ly, the results
of the experiments are put into context by comparing
M* to other MAPFM algorithms performing the same
experiments.

7.1. M at c h in g st r at eg ies

In Sect ion 4, two strategies were proposed for adding
matching to M* . Both st rategies were tested following
the experimental setup described in Sect ion 6. In Figure
2 the results of this experiment are shown.

From these graphs, it can be seen that prematching is
generally superior to inmatching in all but one of the

3Maps of different sizes will likely also show differences in performance. However, experiments with other map sizes are
not included in this paper.
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Lam, Edward, Pierre Le Bodic, Daniel Harabor, and Peter J. Stuckey. “Branch-and-Cut-and-

Price for Multi-Agent Path Finding.” Computers & Operations Research 144 (2022).
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Research question

▪ How much do the 3 best-performing cuts for MAPF 
improve solving TUSP instances? 

▪ exit-entry conflicts

▪ two-edge conflicts

▪ goal conflicts
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Graphs instead of grids: 8x8
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Exit-entry
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Two-edge
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Goal
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Exit-entry

with matching
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Two-edge

with matching
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Goal

with matching



Tekst

Conclusions & future work

▪ Conclusion: Not much help from these 3 cuts, but:

▪ most benefit seems to come from A* caching and path length branching

▪ these 3 cuts mainly effective when there are many feasible solutions (grids 
& carrousel with matching)

▪ Future work:



from: Zhang, Zhang, D’Ariano, Bosi, Lu, and Peng. “Optimal Platforming, Routing, and Scheduling of Trains and Locomotives in a 

Rail Passenger Station Yard.” Transportation Research Part C: Emerging Technologies 152 (July 1, 2023)



Tekst

Future work

▪ other cuts from MAPF: wait two-edge, wait-corridor, corridor conflicts, Rectangle 
Knapsack conflicts, or from train platforming (TPP): complete paths (including 
time)

▪ other ideas from MAPF: Conflict-Based Search (CBS)

▪ learning landmarks (Issa)

▪ use of constraint programming (with colleagues)

▪ shunting environment for benchmarking TUSPwSS

▪ dealing with disruptions (colleagues from University Utrecht)

Contact me if you want to know more: M.M.deWeerdt@tudelft.nl
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