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Abstract. This paper addresses the train dispatching problem, which
involves rescheduling and rerouting delayed trains on a shared railway
network to minimize total delay and avoid resource conflicts. Dispatching
optimization can reduce overall lateness, increase network throughput,
and improve the utilization of railway infrastructure. We propose an
iterative model reduction method that reduces the complexity of prob-
lem instances while ensuring that no optimal solution is eliminated from
the search space. A series of model transformations are introduced that
tighten operation start-time bounds, merge compatible operations, prune
dominated subpaths, remove redundant resource requirements, and lin-
earize train operation graphs. The proposed reduction method can be
applied either as a preprocessing step or dynamically within other so-
lution methods. In this paper, we apply the reduction as preprocessing
and propose a compact constraint programming formulation based on
the reformulated model. The solution method is evaluated on the DIS-
PLIB 2025 benchmark library, which consists of instances derived from
real-world use cases. The computational results show that the proposed
model reduction method can substantially simplify large problem in-
stances and improve performance. The complete solution method was
able to find high-quality feasible solutions for most benchmark instances
and achieved the fourth-highest overall score in the final phase of the
DISPLIB 2025 competition.

Keywords: Train Dispatching - Model Reduction - Constraint Pro-
gramming

1 Introduction

Train dispatching problems arise frequently in railway systems, particularly when
unexpected delays or disruptions require rapid routing and scheduling adjust-
ments to minimize overall delay and maintain service quality. Effective dispatch-
ing decisions are essential for reliable and efficient railway traffic management,
especially in dense networks where even minor disruptions can propagate quickly.
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Consequently, there is considerable interest in both academia and industry in
developing robust and efficient methods for real-time train dispatching.

Accordingly, train dispatching and railway rescheduling have been studied
for decades, as reflected already in the survey of Cordeau et al. [1]. In the real-
time setting, a major line of work models dispatching as a combined routing
and scheduling problem under infrastructure conflicts. D’Ariano et al. [2] pro-
posed a branch-and-bound method for train scheduling in a railway network,
and D’Ariano et al. [3] further considered conflict resolution together with train
speed coordination for real-time timetable perturbations.

Subsequent work addressed several important variants of the problem. Man-
nino and Mascis [4] studied optimal real-time traffic control in metro stations,
while Corman et al. [5] compared centralized and distributed approaches for
rescheduling trains in multiple dispatching areas. More recently, optimization-
based methods have been complemented by learning-based approaches: Agasucci
et al. [6] applied deep reinforcement learning to the train dispatching problem.
Exact and hybrid methods also show continuing progress, for example through
column generation for real-time dispatching [7], constraint-based in-station dis-
patching [8], and hybrid optimization for complex railway stations [9].

Several studies have addressed the computational difficulty of railway schedul-
ing and rescheduling by reducing the set of routing or sequencing decisions before
or during optimization. Zwaneveld et al. [10] formulated train routing through
stations as a node packing problem and used preprocessing to remove superflu-
ous routing alternatives. Vansteenwegen et al. [11] used dominance-based pre-
processing to discard train route alternatives in a maintenance-rescheduling set-
ting. Other approaches reduce the problem by decomposition, for example by
separating line and station decisions in real-time dispatching [12]. Decomposi-
tion principles for large-scale railway scheduling are reviewed by Leutwiler and
Corman [13].

In this paper, we address the train dispatching problem by proposing an
iterative model reduction method that can significantly reduce problem com-
plexity. The method combines several optimality-preserving transformations,
including start-time bound tightening, operation merging, dominated-subpath
pruning, redundant-resource deletion, and operation graph linearization. Rather
than reducing only the set of admissible routes or decomposing the problem into
smaller subproblems, the proposed method applies iterative reductions directly
to the operation-graph representation of the problem, deriving a reduced model
for optimization. Based on the reformulated model, we also develop a compact
constraint programming formulation. We evaluate the proposed method on the
publicly available instances of the DISPLIB 2025 library [14], which represent
challenging real-world dispatching scenarios.

The remainder of this paper is organized as follows. Section 2 provides an
overview of the train dispatching problem addressed in this paper. Section 3
describes the proposed iterative model reduction method, and Section 4 intro-
duces the constraint programming formulation based on the reformulated model.
Section 5 presents the computational results on the DISPLIB 2025 benchmark
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library. Finally, Section 6 concludes the paper and outlines directions for future
work.

2 Problem Definition

The train dispatching problem, as defined by the DISPLIB 2025 benchmark li-
brary [14], involves routing and scheduling a set of trains, each represented by a
directed acyclic graph called an operation graph. The nodes of this graph repre-
sent train operations, while the edges represent immediate precedence relations
between operations. For each train, alternative routes correspond to alternative
entry-to-exit paths in its operation graph. Operations represent possible states
or activities of a train, typically involving the occupation of one or more in-
frastructure resources. Resources represent infrastructure elements that can be
occupied by at most one train at a time, such as physical track sections or block
sections imposed by railway safety regulations. Each operation can have a spec-
ified minimum duration, lower and upper bounds on allowable start times, and
may require exclusive access to one or more resources. The notation used in this
paper and the input data are presented in Table 1.

Table 1. Notation for the input data

Symbol Definition

1 Set of trains.

O Set of all operations.

0; CO Set of operations of train i. {O;}icr forms a partition of O.

B,ECO Sets of entry and exit operations, respectively.
So, P, C O Sets of immediate successors and predecessors of operation o, respectively.
o, Bo € Z>o Lower and upper bounds on the start time of operation o, respectively.

0o € Z>o Minimum duration of operation o.
R Set of resources.
R, CR Set of the resources required by operation o.

Aro € Z>o Release time of resource r required by operation o, i.e., the additional
time that must elapse after o has ended before r can be used by an
operation of another train.

C Set of cost components.

K, CO Set of operations potentially conflicting with operation o, i.e., operations
that may require a common resource with o.

te € Lo Delay threshold of cost component c.

We, Ve € Z>o Linear and constant cost weights of cost component ¢, respectively.

¢:C—0O  ¢(c) is the operation associated with cost component c.

An operation graph contains exactly one entry operation, which has no in-
coming edges, and exactly one exit operation, which has no outgoing edges. A
feasible solution to a problem instance is a chronologically ordered sequence of
start events for selected operations across all trains. This global sequence must
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respect the structure of the operation graphs, forming a complete path from
entry to exit operations for each train, while also satisfying the start-time and
minimum-duration bounds of all selected operations.

In addition, resource requirements impose further restrictions: no two trains
may simultaneously occupy the same resource. If operation o occupies resource
r, then an operation of another train can use r only after o has ended and the
additional release time A, , has elapsed. An operation is considered to end when
the next selected operation of the same train starts.

Feasible solutions are evaluated based on an objective function that mini-
mizes delays and operational costs. The input data contains a set of cost com-
ponents, each specifying a delay threshold for an associated operation, as well
as linear and constant cost weights associated with the delay. A cost component
is associated with one operation, while each operation may have any number of
cost components. A cost component c is triggered if the associated operation ¢(c)
starts at or after its delay threshold p.. In that case, it contributes a constant
cost v, and a linear cost proportional to the delay beyond the threshold, with
weight w.. The objective function is defined in (1), where 4 is the assigned
start time of the operation associated with cost component ¢, and H denotes the
Heaviside step function, which takes the value 0 for negative arguments and 1
otherwise.

min Z(wc -max(0, te(c) — fhe) + Ve - H(t¢(c) ) (1)

3 Model Reduction

To reduce problem size, we propose an iterative model reduction method that
tightens lower bounds, merges operations, prunes dominated subpaths, and re-
moves redundant resource requirements. We apply this method as a prepro-
cessing step, but the transformations are designed so that they can also be
applied efficiently during the execution of solver algorithms. To further reduce
problem complexity, we also reformulate the model by linearizing the operation
graphs and introducing path variables. This section presents these model reduc-
tion steps. For brevity, we omit the proofs that these transformations neither
remove nor introduce any optimal solutions.

First, the start-time lower bound of each operation o is tightened by for-
ward propagation, based on the earliest feasible end time among its immediate
predecessors: (,  max (a,, minyep, (Qor + do7)))

3.1 Operation Merging

Certain operations with identical resource requirements can be merged into a sin-
gle operation. The original indices of the merged operations are stored, allowing
the solution to be reconstructed.

Sequential Operation Merging can be applied to a pair of operations o
and o' that require identical resources (R, = R,) if S, = {0'}, Py = {0} and o
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does not have any resource requirements that can extend beyond those of opera-
tion o' (Vr € Ry : Aro < Aror + 0o). The delay threshold of any cost component
c associated with o is reduced by the minimum duration of o (p. < pi. — d,), and
the associated operation of ¢ is updated to o (¢(c) + o). The minimum duration
of operation o is then increased by the minimum duration of o’ (&, + d, + o).
For every resource r required by operation o, the associated release time is up-
dated to that of o' (A, <= Ay o). If operation o’ is an exit operation of a train,
o becomes the new exit (E < (EU {o}) \ {0'}). Operation o acquires all im-
mediate successors of o' and o is removed from the immediate successors of o.
(So + (SoUSy )\{0'}, Py = 0, Yo't € Sy : Py < (Py+ U{0})\{0'}, Sor < 0)

Parallel Operation Merging can be applied to a pair of operations o and
o that satisfy P, = P, or S, = Sy, oy = atyr, 0y = 01, Ry = Ry, and Vr € R, :
Ar,o = Ar,or, and for which each cost component associated with o has a corre-
sponding cost component associated with o’ whose parameters match (Ve € C':
(6(0) = 0) = (3¢ € O ($(¢) = o) A (1o = rer) A (we = wer) A (ve = ).
Similarly, each cost component associated with o’ should also have a correspond-
ing cost component associated with o. Since this merging requires the two oper-
ations to have similar properties, merging o’ into o only requires updating the
predecessor and successor relations. Operation o acquires all immediate prede-
cessors and successors of o' (P, < P,U Py, S, < S, U Sy, Py < 0, Spr < D),
and the sets of immediate predecessors and successors of the adjacent operations
are updated accordingly. (Vo= € P, : S,- < (S,- U{o})\ {0}, Vot €S, :
Po+ = (Por U{o}) \ {0'})

3.2 Subpath Pruning

Certain subpaths in the operation graphs may be dominated by alternative sub-
paths and can therefore be eliminated. To reduce computational complexity, we
examine only linear sequences of operations, meaning sequences in which every
operation, except the first and the last, has exactly one immediate successor,
or every operation, except the first and the last, has exactly one immediate
predecessor.

Let 7 = (01,...,0) and 7 = (of,...,0}) be two sequences of operations
corresponding to subpaths of an operation graph, with o; = o}, or = 0}, and
k., > 2. We say that m dominates 7’ if there exists an integer m > 1 and
decompositions of m and 7’ into m consecutive segments, 7 = 71 ... £(™) and
7 ='W ...7/(m) such that for each j =1,...,m, the segment 7(/) dominates

the segment 7'(7). Here, a segment 7)) = (ogj), .. .,ol(i)) dominates segment

') = (oll(j), . ,0;(7)) if the following conditions hold:
J

— The total minimum duration of segment 7() is less than or equal to that of
segment '), (317, 8.0 <22l 6,6))

— Segment 7(7) does not need to start later than segment 7/(7). <O‘o“> < a0/<j))
1 1
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— Segment 7(9) does not contain operations that require additional resources,
or the same resources with larger release times, than any operation in seg-
ment '), (Vo € 70) Vo' € ') Vr € Ry : (r € Ro) A (Mo < Aror))

— Operations ogj ) and oll(j ) are the only operations in segments 7(/) and /()
that may be associated with cost components. (Ve € C : ¢(c) € 7D Un') =
o(c) € {0, 0{"}) |

— Each cost component associated with operation ogj ) has a corresponding cost

. . . /(g
component associated with operation ol(j ) whose parameters are at least as

restrictive. (Ve € C : (¢(c) = ogj)) =
(3 € O (9(e) = 09 A (e 2 per) A (w0 < wr) A (ve < )

If a sequence of operations 7’ is dominated by another sequence 7, and every
operation in 7/, except the first and the last, has exactly one immediate successor
(Yn€{2,...,0—=1}: Sor = {0;,41}), then the first internal edge of 7’ is removed
from the graph, since any path containing that edge must follow a dominated
subpath (S, « S, \ {04}, Py < Py \ {01}). The reverse case is handled
analogously: if every internal operation has exactly one immediate predecessor,
the last internal edge of 7’ is removed.

After the pruning steps, any operation o that becomes unreachable (S, = @) or
P, =) is removed from the graph, as well as from the successor and predecessor
sets of all other operations. (Vo' € O : Py < Py \ {0}, Sy = Sy \ {0})

3.3 Resource Deletion

A resource r that is required only by the operations of a single train (3 € I :
Yo € O\ O; : r ¢ R,) cannot induce conflicts and is therefore removed. If a
resource r is always required together with another resource 7’ (Vo € O : r €
R, = ' € R,), and for every operation o that requires r we have A\, < Ay,
then r is redundant and therefore removed. (Vo € O : R, <~ R, \ {r})

3.4 Iterative Model Reduction

The previously presented model reduction transformations are applied itera-
tively and hierarchically. After each merging transformation, the affected oper-
ations are re-examined for further merging and possible tightening of start-time
lower bounds. Similarly, whenever a dominated path is pruned or an unreachable
operation is removed, the affected part of the graph is re-examined for newly
dominated paths, newly unreachable operations, further merging, and further
lower-bound tightening. Resource deletions may trigger further resource dele-
tions, path pruning, operation merging, and lower-bound tightening.

As part of preprocessing, four topological traversals are performed on each
operation graph. The first traversal performs lower-bound tightening, the sec-
ond applies all eligible merging transformations, the third prunes dominated
paths and removes unreachable operations, and the fourth deletes redundant re-
sources. During each traversal, every reduction may immediately trigger further
applicable reductions, and this effect may propagate through the entire graph.
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3.5 Path Variable Assignment

In this step, the possible paths in the operation graph of each train are decom-
posed into sets of subpaths, and a unique path variable is assigned to each set
to indicate whether the subpaths in that set are selected in the solution. The
procedure begins by assigning a path variable to every operation and every pos-
sible succession between operations. An operation is selected if and only if it
has exactly one selected incoming edge and one selected outgoing edge, except
for entry and exit operations, which are always selected. Based on this, equality
relationships between sums of variables are recorded to identify variables that
must always be equal, and such variables are then replaced by a single path
variable. As a result, the entry and exit operations of the graph are assigned
the same path variable, and a single variable can indicate the selection of mul-
tiple operations and successions across multiple subpaths rather than only one
operation or succession.

3.6 Operation Graph Linearization

Finally, to reduce problem complexity, the operation graph of each train is lin-
earized into a single chain of aggregated operations. Each aggregated operation
a is assigned a set G, of original operations associated with it, and a set S5
containing at most one immediate successor aggregated operation. Starting from
the entry operation, the graph is processed iteratively by maintaining the set of
currently reachable but not yet processed operations. In each step, operations
from this set whose predecessors have all already been processed are grouped
into a new aggregated operation, which becomes the immediate successor of the
previous aggregated operation, and the set of reachable operations is updated.

After the operation graph linearization, the path variables ensure that, for
each train, a single valid path of original operations is selected in the solution, and
that the constraints defined for the selected original operations are enforced on
the aggregated operations containing them. In this way, the subsequent model
formulation requires fewer variables and constraints, and these become more
strongly linked, while the solution space remains unchanged.

4 Constraint Programming Model

After applying the model reduction transformations, we obtain a reformulated
model with linearized operation graphs, which form the basis of the proposed
compact constraint programming model. This linearization allows operation con-
flict constraints to be formulated based on the start times of successor aggregated
operations, thereby reducing the number of decision variables and linking the
corresponding constraints more directly. In this section, we introduce the deci-
sion variables and constraints of the CP formulation. Table 2 summarizes the
additional notation and decision variables used in the formulation. Throughout
this section, the superscript "agg" denotes the aggregated-operation counterpart
of notation previously defined for operations; in particular, B*& E?8& P28& and
5288 denote the corresponding sets for aggregated operations.
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Table 2. Notation used in the CP formulation

Symbol Definition

A Set of aggregated operations.

G, CO Set of original operations associated with aggregated operation a.
{Ga}aca forms a partition of O.

No,o! € L0 The maximum resource release time required between the end of
operation o and the start of operation o’ € K,, if o precedes o’.

v:C—A ¥(c) is the aggregated operation associated with cost component c.

X Set of path decision variables. Each variable corresponds to one or
more subpaths in the operation graph of a train. For x € X, z is 1 if
all subpaths associated with z are traversed by the train, 0 otherwise.

ta € Z>o Start time decision variable of aggregated operation a.

Ga,ar €10,1} Binary decision variable equal to 1 if aggregated operation a must
finish before aggregated operation a’ starts, and 0 otherwise.

ye € {0,1} Binary decision variable equal to 1 if cost component c is triggered,
and 0 otherwise.

Ze € Li>o Decision variable equal to the linear cost induced by cost component
¢ when it is triggered.

XP:0-X Xx°P(0) is the path variable associated with operation o.

X" O0Ox0—=X

x*"“(0, 0") is the path variable associated with the succession between
operation o and o', where o € O and o' € S,.

suc (

4.1 Constraints and Objective

Correct operation assignments are enforced through constraints on the path
variables. Constraints 2, 3, and 4 ensure path consistency and that exactly one
path is selected from the entry operation to the exit operation of each train.

The correct

xP(0)=1 VYoeB (2)
XP(0)= Y x™(07,0) YocO\B (3)
o~ €eP,
XP(0)= > xM(0,0") YoeO\E (4)
otes,

start times and minimum durations of operations on selected

subpaths are enforced by Constraints 5 and 6, while Constraints 7 ensure that
aggregated operations containing no selected operations have zero duration.

XP(0) = a, <t, <p, VYac€ A o€, (5)

ta >to-+ > 0,-x°P(0) Va€ A\ B o~ € piee (6)

oeG -
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<ﬁ \/ XOP(0)> S te=te+ Vac A\ E*E ot ¢ g (7)

0€G,

Constraints 8 enforce a precedence decision between each pair of aggregated
operations that contain potentially conflicting selected operations.

(X°P(0) AXP(0) = oo +dwa =1 Va,d' €A, 0€ Gy, 0 €GuNE, (8)

Constraints 9 enforce that if an aggregated operation a precedes another
aggregated operation a’, then a’ cannot start before the end time of a plus the
maximum release time associated with potentially conflicting pairs of selected
operations in a and a’. The end time of a is the start time of its successor

aggregated operation a™.

(qa.ar N XP(0) AXP(0") = tar > tar + Moo
Vae A\ E*% d € A, a” € 5288 0€ G,, 0 € Gy N K, (9)

No aggregated operation may precede the entry aggregated operation of a
train, and the exit aggregated operation of a train may not precede any other
aggregated operation. This is enforced by Constraints 10.

Qow =0 Y(a,d') € (E*5 x A)U (A x B*) (10)

Constraints 11 ensure that if the operation associated with a cost component
c is selected, then either the start time of the associated aggregated operation
remains below the delay threshold or the variable y. takes the value 1, indicating
that cost component c is triggered. Constraints 12 enforce that if ¢ is triggered,
then the corresponding cost variable z. is equal to the weighted delay beyond
the threshold.

(=ye AXP(0(0)) = ty(e) < pe Veel (11)

Ye = Zc = We (tw(c) - MC) Vee C (12)
The objective of the problem is to minimize the total cost induced by the

cost components. Each triggered cost component ¢ contributes a constant cost
v. and a linear delay cost given by the decision variable z., as defined in (13).

min Z(VC “Ye + 2¢) (13)
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4.2 Deadlock Prevention

In our CP model, certain configurations can lead to circular-wait deadlocks that
are not excluded by the constraints presented above. Specifically, if certain re-
source release times are zero, the model may allow a set of operations to start
simultaneously even if each of these operations depends on another to release a
required resource first. This creates a cyclic dependency that is feasible in the
CP model but contradicts the problem definition.

To eliminate the possibility of such deadlocks, every zero release time is
replaced by a small positive value ¢ < 1, thereby enforcing a strict ordering
between successive uses of the same resource, without introducing additional
variables and constraints that would substantially increase the complexity of
the model. Since all original constants and variable domains are integer-valued,
a suitable value of € can always be chosen so that the set of intended optimal
solutions is preserved. Specifically, we set ¢ = 0.001 and scale all constants and
variable domains by 1/e€ so that they remain integer-valued. We also modify the
constraints related to the cost components to ensure that these small delays do
not affect the objective value.

We also employ auxiliary constraints that directly rule out two-train deadlock
configurations and infeasible precedence relations between two trains. In partic-
ular, if ¢, = 1 for some aggregated operations a and a’, then the opposite
ordering cannot be assigned to the corresponding earlier and later aggregated
operations of the two trains, as well as for the immediate predecessors and suc-
cessors of a and @', so the relevant g4 4 variables are set to 0. These constraints
are not required for correctness, but can improve computational performance in
practice. The constraints can be applied only if the operation graph of each train
has been linearized.

5 Experimental Results

5.1 Experimental Setup

The algorithm was tested on the instances of the publicly available benchmark
library developed for the DISPLIB 2025 competition [14]. The library contains
112 different real-world problem instances of varying difficulty, ranging from 4
to 505 trains, 113 to 52,741 operations, and 17 to 50,910,450 potential conflicts.
The instances are divided into 13 categories, based on how they were produced.
The solution method was implemented in Python, using the CP-SAT solver
[15] for the constraint programming model. Experiments were run on a machine
with an AMD Ryzen 9 9950X processor (4.3 GHz base clock, up to 5.7 GHz
boost) and 192 GB of RAM. In accordance with the DISPLIB 2025 competition
rules [14], we limited each run to 8 CPU threads, 32 GB of RAM, and a 10-
minute wall-time per instance. For each tested configuration, a single run of the
solution method was performed on each problem instance of the dataset.
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5.2 Results

The results of the solution method, aggregated by instance category, are pre-
sented in Table 3. To assess the effect of the iterative model reduction method,
we compare the results obtained with a CP formulation based on the original
model to those obtained with the presented CP formulation based on the prepro-
cessed model. The comparison shows that the iterative model reduction method
substantially improves the computational performance of the solution method,
most notably in the number of feasible solutions found. Without preprocessing,
feasible solutions are obtained for only 55 of the 112 problem instances, whereas
with preprocessing the solution method finds feasible solutions for 100 instances.
The table also reports the average solution time, with a value of 600s assigned
to instances that were not solved to optimality within the time limit or for which
the solution method exhausted the available memory. This occurred frequently
without iterative model reduction, contributing to the low number of feasible
solutions found.

Table 3. Computational results aggregated by instance category

CP without iterative reduction CP with iterative reduction
Category Feas. Opt.  Opt. gap t (s) Feas. Opt.  Opt. gap t (s)

sol. sol. avg avg sol. sol. avg avg
smi_ close 9/9 7/9 13% 144.2 9/9 9/9 0% 17.9
smi_headway 12/12 6/12 21% 336.1 12/12 10/12 12% 123.5
norl critical 10/10 10/10 0% 0.3 10/10 10/10 0% 0.1
norl_full 10/10 9/10 3% 229.8 10/10 10/10 0% 128.0
nor2 5/5 5/5 0% 8.7 5/5 5/5 0% 5.6
nor3 5/5 5/5 0% 13.0 5/5 5/5 0% 5.4
nor4 large 0/5 0/5 100% 600.0 2/5 0/5 97%  600.0
nor4 small 0/5 0/5 100% 600.0 5/5 0/5 75%  600.0
nor5_large 0/5 0/5 100% 600.0 0/5 0/5 100%  600.0
nor5_ small 0/5 0/5 100% 600.0 5/5 0/5 99%  600.0
swi 4/9 3/9 67% 440.1 5/9 5/9 44%  381.8
wab_large 0/16 0/16 100% 600.0 16/16 0/16 100%  600.0
wab_small 0/16 0/16 100% 600.0 16/16 0/16 91%  600.0
Total 55/112  45/112 55%  383.1 100/112 54/112 49%  335.8

The presented solution method with iterative model reduction achieved com-
petitive results in the DISPLIB 2025 competition [14]. It obtained the fourth-
highest overall score among the 15 participating teams and achieved 58 best-
known solutions. These results further support the practical effectiveness of the
proposed model reduction method.

We also evaluate the effect of the iterative model reduction method directly
on model size in Table 4. On average over all instances, the preprocessing re-
duces the number of operations by 45%, potential conflicts by 53%, CP variables
by 50%, and CP constraints by 22%, while requiring only an average of 2.7s of
additional preprocessing time. This confirms that the proposed reductions sub-
stantially simplify the resulting CP model at a relatively low computational cost.
The largest reduction is observed in the number of potential conflicts, reaching
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84% on average in one instance category. In contrast, the relatively smaller re-
duction in the number of CP constraints is explained by the fact that the solution
method with iterative reduction can use the auxiliary deadlock-prevention con-
straints, whereas these cannot be applied without operation graph linearization.

Table 4. Effect of iterative reduction on model size

Without iterative reduction With iterative reduction
Category Op. Conf. CP var. CP constr. Op. Conf. CP var. CP constr. Extra
avg avg avg avg reduct. reduct. reduct. reduct. prep.
avg avg avg avg t (s)
avg
smi__close 1318 13069 28368 63395 74% 84% 83% 69% 0.0
smi__headway 1413 13092 28559 63493 70% 81% 67% 54% 0.0
norl critical 464 1169 3089 6772 38% 41% 37% 14% 0.0
norl full 6304 257835 526005 1176102 38% 45% 44% 7% 0.9
nor2 1586 10447 23498 53596 43% 45% 43% 12% 0.2
nor3 1290 9636 21308 48504 35% 37% 36% 5% 0.1
nor4 large 27825 2336507 4720977 10532750 49% 61% 60% 20% 13.0
nor4_small 17238 765103 1559799 3481042 49% 61% 60% 20% 3.8
nor5 large 43416 3949489 7974124 17671460 50% 67% 66% 25%  26.1
nor5_small 26945 1500954 3048549 6770802 50% 66% 66% 25% 7.7
swi 20333 13328455 26679682 54533588 34% 58% 57% 27% 2.9
wab_large 5802 126197 261547 593399 36% 37% 36% 7% 0.4
wab_small 3422 41976 89315 204905 35% 35% 33% 1% 0.1
Total 9094 1503324 3021082 6335064 45% 53% 50% 22% 2.7

6 Conclusions and Future Work

In this paper, we presented an iterative model reduction method for the train
dispatching problem, together with a constraint programming formulation based
on the reformulated model. We introduced a series of model transformations that
tighten lower bounds, merge operations, prune dominated subpaths, remove re-
dundant resources, and linearize the operation graphs while preserving optimal
solutions. We applied the iterative model reduction as a preprocessing step and
formulated a compact CP model based on the resulting linearized operation
graphs. Computational results on the DISPLIB 2025 benchmark library show
that the proposed model reduction method can substantially simplify large train
dispatching instances and improve performance in practice. The presented solu-
tion method was able to find high-quality feasible solutions for most benchmark
instances.

As part of future work, we aim to introduce additional pruning transforma-
tions to further reduce the size of problem instances. We also plan to develop a
branch-and-bound solution method built on the proposed iterative model reduc-
tion, where reductions are applied dynamically after each branching decision in
order to narrow the search space.
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