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RailSched: A Hybrid Decision Framework for Railway Scheduling
Optimization

Abstract

Railway transportation systems worldwide face increasing pres-
sure to maximize capacity while maintaining safety and opera-
tional efficiency. Complex scheduling conflicts frequently arise due
to the inherent strict constraints in railway networks, including
track sharing, station capacity limitations, and various train op-
erational requirements. Effective conflict resolution methods are
crucial for maintaining reliable railway services and optimizing
infrastructure utilization. To address these challenges, we propose
the RailSched, a novel intelligent decision framework for railway
scheduling optimization. Our research by providing an intelligent
and multi-strategy approach that reduces dispatcher workload, min-
imizes conflicts, and improves overall system reliability. The key
contributions of this paper are fourfold: 1) we propose a railway
schedule environment model for simulation; 2) develop a diverse
strategy library targeting conflicts; 3) present an intelligent algo-
rithmic framework for policy decision making and 4) explore the
integration of large language models(LLMs) for railway schedule,
an optional Al-enhanced decision module. Our evaluation using
real railway data validates RailSched’s effectiveness, achieving a
85.05% improvement over expert-designed solutions in the most
complex scenario, highlighting its practical value for modern rail-
way dispatching.

CCS Concepts

« Applied computing — Transportation; - Computing method-
ologies — Planning and scheduling; Natural language processing.
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1 Introduction

Railway transportation systems [25] constitute critical infrastruc-
ture in modern transportation networks, serving billions of passen-
gers and handling massive freight volumes globally. As urbanization
accelerates and environmental sustainability becomes paramount,
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rail transport has emerged as an indispensable mode characterized
by exceptional capacity, operational efficiency, and substantially
lower carbon emissions compared to road and air alternatives.

The operational effectiveness of railway systems hinges fun-
damentally on their timetable schedules.The Train Timetabling
Problem (TTP) [8, 9] represents a complex combinatorial optimiza-
tion challenge that determines spatiotemporal resource allocation
across entire rail networks. A well-optimized timetable not only
maximizes infrastructure utilization but also significantly impacts
passenger satisfaction and operational costs.

When formulating train timetables [6], operators face two pri-
mary challenges: conflict resolution between trains competing for
the same track section, and optimizing operational efficiency to
enhance passenger experience and resource utilization. These chal-
lenges are amplified by several factors such as multiple train types
operating on shared infrastructure, varying track configurations,
line-specific constraints, and strict adherence to numerous opera-
tional and safety regulations.

Currently, train timetable compilation and conflict resolution
remain predominantly manual processes completed by dispatch-
ers, leading to several limitations: 1) Low operational efficiency in
timetable creation and modification; 2) Inconsistent quality that
varies significantly with individual operator expertise; 3) Limited
ability to rapidly respond to disruptions; 4) Difficulty in optimizing
across multiple objectives.

Traditional approaches to address these challenges have primar-
ily relied on mathematical programming models [21], including
branch-and-bound methods enhanced with Lagrangian relaxation
techniques [48]. Other researchers have explored integer program-
ming methods for real-time railway scheduling problems [12, 14],
and heuristic approaches including parallel algorithms for iterative
greedy scheduling [4], dispatcher-focused conflict handling meth-
ods [28], and predictive conflict management systems [35]. More re-
cently, reinforcement learning (RL) [18] has demonstrated outstand-
ing performance in solving complex decision-making problems,
leading researchers to apply these techniques to railway timetable
scheduling optimization [19, 34, 42]. However, despite rapid ad-
vances in artificial intelligence, limited research has explored the
potential of large language models (LLMs) [47] for railway sched-
uling applications.

Despite these advances, traditional approaches continue to strug-
gle with the inherent complexity of modern railway scheduling net-
works [3], particularly when handling interrelated conflicts across
multiple train services simultaneously. As railway networks expand
in scale and train frequencies increase to meet growing demand,
effective conflict resolution methods become increasingly crucial
for maintaining reliable railway services, reducing dispatcher work-
load, minimizing delays, and optimizing infrastructure utilization.

This paper makes four principal contributions to the field of
railway conflict resolution:
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e Develop a comprehensive railway schedule environment
model specifically designed for conflict simulation and res-
olution.

e Create a diverse strategy library containing specialized
resolution for four types of conflicts.

e Propose the RailSched algorithmic decision framework
that significantly outperforms traditional methods through
its integration of Bayesian strategy adaptation, multi dimen-
sional conflict prioritization, and backtracking mechanisms

e Pioneer the integration of LLMs into railway scheduling,
exploring a new frontier in Al-assisted railway dispatching.

2 Related Work
2.1 Traditional Methods for Railway Scheduling

Traditional methods for resolving railway scheduling conflicts have
primarily relied on mathematical optimization [31] and rule-based
heuristics [26, 39]. Mixed-Integer Linear Programming (MILP) mod-
els railway scheduling as a constrained optimization problem [7].
While MILP guarantees optimal solutions under well-defined con-
straints, it suffers from exponential computational complexity for
large-scale networks [22]. To address the computational challenges
of exact methods, researchers have developed sophisticated en-
hancement strategies,they pioneered the integration of branch-
and-bound methods [48] with Lagrangian relaxation techniques
[5], achieving significant improvements in solution quality while
maintaining computational traceability.

Other alternative methods, such as constraint programming [27]
offer greater modeling flexibility for complex operational rules,
while dynamic priority rules [13] improved scalability through
simplified decision-making processes. Recent advances have inte-
grated train speed adjustments [14] and developed sophisticated in-
teger programming models for multi-line scheduling scenarios [46],
demonstrating the ongoing evolution of mathematical approaches.

2.2 Al-Based Methods for Railway Scheduling

The integration of Artificial Intelligence(AI) methodologies has in-
troduced data-driven solutions for railway conflict resolution. RL
has emerged as a particularly promising approach for railway sched-
uling due to its ability to learn optimal policies through interaction
with complex environments. Early applications focused on training
agents to learn optimal rescheduling policies through simulated
railway environments [17], leveraging RL’s sequential decision-
making paradigm to adapt to changing operational conditions. And
deep reinforcement learning (DRL) methods like deep Q-Networks
[36] have demonstrated significant promise in handling the high-
dimensional state spaces characteristic of large railway networks.

Recent studies have demonstrated how RL can effectively op-
timize train timetables through sophisticated simulation environ-
ments [16, 19] that model real-world operational complexities. Some
researchers proposed innovative multi-task DRL frameworks for
real-time scheduling that can simultaneously optimize multiple
objectives[34], or combined graph neural networks [42]with RL
to create extensible solutions that can adapt to varying network
topologies and scales.

anonymous.

2.3 Large Language Models in Transportation

The application of LLMs in transportation systems represents an
emerging research direction. In logistics optimization, BERT-based
models demonstrate how pre-trained language models can pro-
cess textual operational information to enhance decision-making
[11]. And some people investigated language models to improve
traffic prediction by incorporating textual descriptions alongside
numerical data[20]. In the context of dispatching, research has ex-
amined human-AlI collaboration frameworks in which language
models facilitate communication between dispatchers and sched-
uling algorithms [30]. Natural language interfaces have also been
proposed to support dispatcher interactions in railway systems[15],
while explanatory Al frameworks have been designed to generate
human-readable justifications for scheduling decisions [38].
Despite promising applications, integrating LLMs into real-time
decision-making [33] poses serious challenges. Currently, LLM
applications in transportation remain largely experimental, with
limited deployment in operational environments. And the direct
application of LLMs to railway conflict resolution and scheduling
optimization remains largely unexplored in the existing literature.
Our RailSched framework may addresses this gap by explor-
ing how LLMs can enhance conflict resolution strategies, poten-
tially bridging the divide between data-driven Al optimization and
human-understandable decision-making processes.

3 Problem Formulation

The first contribution of our work is development the railway sched-
ule environment model, which provides a standardized framework
for simulating and resolving railway conflicts, addressing a signifi-
cant gap where researchers often rely on simplified models.

In optimizing rail schedules, the safety of the system is highly
dependent on time constraints between trains and the strict detec-
tion of potential conflicts. We set the mathematical model of the
railway timetable as follows.

3.1 Preliminary

We consider a railway network represented as a directed graph
where stations correspond to nodes and track segments corre-
spond to edges. Let 7 = {1,2,..., N} denote the set of trains, S =
{1,2,..., M} represent the set of stations, and K = {1,2,...,M—1}
indicate the set of track segments connecting consecutive stations.
For each train i € 7 and station s € S, we define the event times
and operational parameters that govern the timetabling problem.

3.2 The Constraints and Optimization Objective

To ensure safe operation of the railway, various constraints need to
be considered. We categorize these constraints into four fundamen-
tal types: dwell time constraints, running time constraints, interval
time constraints, and overtaking constraints.

3.2.1 Dwell Time Constraints. Dwell time constraints refer to the
limitations on the amount of time a train can spend at a station.
When a train stops at a station, it must adhere to this constraint. We
introduce a binary indicator variable J; s to represent the stopping
pattern of train i at station s:

dis €{0,1}, VieT,VseS (1)
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where §; s = 1if train i has a scheduled stop at station s, and §; s = 0
otherwise. For trains with scheduled stops, the dwell time st; ¢ must
satisfy operational bounds:

51‘,5 .

min max
Tis < bjs - stis < Sjs 1 Fis >

VieT,VseS8S (2)

where stis means the dwell time of train i at station s, ;" and
X represent the minimum and maximum allowable dwell times
for train i at station s respectively, these limits are determined by
operational requirements.

3.2.2 Running Time Constrains. Running time constraints govern
the travel time of trains between consecutive stations, ensuring that
trains operate within safe speed limits while maintaining adherence
to the schedule. We define a track segment k € K as the railway
section connecting station k to station k + 1. For each train i and
segment k, the running time p; ;. must satisfy:

max _ pl’l’lll’l free (3)

Pik ik TPk

min max

Pix SPik <Py > Vie T ,Vk e K 4)

max fo r

min

In equation (3), the upper bound of the running time p%
train i at segment k is obtained by adding the lower bound Pix

and the free running time pfree Equation (4) gives the running time
range in each segment, WhICh limits the running speed of different
trains and ensures the safety of train operation.

3.2.3 Interval Time Constraints. Interval time constraints ensure
safe separation between consecutive trains at stations. Given the
periodicity of the railway timetables with cycle time T, firstly we
define the periodic time difference function ¢ as:

o(t1,t2) = (t1 —t2 + Te) mod T¢ (5)

This function quantifies the minimum temporal distance between
two events within a periodic scheduling cycle, enabling consistent
constraint formulation across cycle boundaries. We consider three
types of fundamental events & for train operations at a station:

e & = arr: Train arrival at the station
e & = dep: Train departure from the station
o & = pass: Train passage through the station

Note that arrival and departure events occur in pairs always. To
ensure operational safety and prevent collisions, adjacent trains i
and j must satisfy the interval time constraints at station s:

(TlS,T ])>r85, Vi,je T,Vse8 (6)
where Tli’ denotes the time of event &; for train i at station s, and
ngi: g represents the minimum required separation time between
event types &; and &; at station s. In our railway model, there are
a total of 7 different interval time constraints, which are combined
constraint relations between arr, dep and pass events of two adjacent
trains. Only the combination of (dep, arr) and (arr, dep) events does
not apply this constraint.

3.24 Overtaking Constrains. Overtaking constraints prevent trains
from changing their relative order within track segments, which
is essential for maintaining operational safety in single-track or

capacity-constrained sections. For any two consecutive trains i and
Jj and any segment k, the relative ordering must be preserved:

(TdeP TdeP) (Tarr

e .“,’C’_H) >0, Vi,jeT,VkeXK (7)

where T represents the departure time of train i from station k,

and T“]:frl denotes the arrival time of train i at station k + 1. This
constraint ensures that if train i departs station k before train j,
then train i must also arrive at station k + 1 before train j, thereby

preventing overtaking within the segment.

3.2.5 Optimization Objective. The optimization objective of the
railway timetabling problem is to minimize the number of oper-
ational conflicts in the schedule, subject to the four constraints
described above. Let C denote the total number of conflicts in a
timetable.The problem is formulated as:

s.t. Egs. (2), (4), (6), (7) 8

min Ceonflicts>

is

3.3 Timetable Matrix and Conflict Detection

To systematically detect and analyze conflicts in timetable, we
design a matrix-based representation that captures the temporal
relationships between trains across the railway network.

Definition 3.1 (Railway Timetable Matrix). For a railway system

with S stations, the timetable matrix M € R(25-2)XN i5 defined as:

e Row (2S — 2): Each intermediate station (total S — 2) corre-
sponds to 2 rows representing arrival and departure events,
while each terminal station contributes a single row

e Column (N): Total number of trains in the system

e Element m;;: Event time (arrival or departure) of the train
Jj at the station i

For example, in a 3-station network A-B-C, the matrix M is:

11 2 oo N
‘A, dep A ,dep A,dep
t£1; 12 .. N
M= ,arr B,arr B,arr
L 2 ... N
B,dep B,dep B,dep
t1 2 L N
C,arr C,arr C,arr

where tg,e denotes the scheduled time of event e for train j at the
station s.

This timetable matrix representation provides a compact and
computationally efficient encoding of the entire timetable, enabling
systematic analysis of temporal relationships and detection of con-
flicts through matrix operations.

To extract temporal relationships between adjacent trains, we
define the matrix P; € RN*(N=1) to get the difference in time:

P = 1 9)
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Then we can get the sequence relation about the train’s time
through the matrix P;:

M = (my,mg,m3, -+, mn) (10)

My =MP; = (mg —my,m3 —mgz,--- ,my —mn—1)  (11)

where m; represents the j-th column of M. Since overtaking de-

tection requires only the relative ordering information rather than

specific time differences, we map the positive number of matrix My
to 1 and the negative number to -1 to get matrix Ms:

1, ifMa[i,j] >0

Msli, j] = sign(Mz[i, j]) = §0,  if Mz[i,j] =0

-1, ifMg[i,j] <0

(12)

To identify overtaking conflicts between consecutive track seg-
ments, we extract the ordering relationships at departure and arrival
events. We define projection matrices P2, P3 € R(25-3)x(25-2),

1 0
1 0
P; = . . (13)
1 0
0 1
0 1
P3 = . (14)
0 1
For the matrices P2 and P3, we have the following derivation:
My = P;Ms = (m},my,mf, -+ mhyg_ )" (15)
Ms = P3Ms = (mf, my,ml, -+ ,mys_,)" (16)

Through the product of the time difference between adjacent sta-
tions, we can judge whether there is an overtaking conflict between
two adjacent stations. For this purpose, we define an operator.

Definition 3.2 (Hadamard Product). For matrices A,B € R™*"
with elements a;; and b;; respectively, the Hadamard product A©B
is defined as:

(AOB)jj =a;j-bij, Vie{l,....m}Vje{l,...,n} (17)

The product My © M5 yields positive values when the train order
is consistent (no overtaking) and negative values when the order is
reversed (overtaking conflict). To extract only the relevant conflict
information, we introduce a mask matrix P4 € R(25-3)x(25-3) .

1
Py = 1 (18)

1

Finally, we can obtain the number of overtaking conflicts of the
local timetable matrix through the following process:

M = P4(M4 © Ms) (19)
In the resulting matrix Mg, negative entries indicate overtaking
conflicts. And the total number of overtaking conflicts is given by

the count of negative entries in Mg. A similar analysis should be
performed for insufficient interval conflicts.

anonymous.

4 Methodology

This section presents the RailSched framework, an intelligent
algorithmic decision system designed to resolve railway schedul-
ing conflicts through adaptive multi-strategy optimization. And
optionally seamlessly integrate the capabilities of LLMs.

4.1 Framework Overview

The RailSched framework as illustrated in Figure 1, we first detail
conflict resolution strategies tailored to issues in real-world rail
scenarios. Then we detailed four core components in this railway
schedule decision system that collaboratively detect and resolve con-
flicts efficiently. Finally, we introduced an optional LLMs-enhanced
decision module, that combines the robustness of our algorithms
with the contextual reasoning of LLMs to help select the policy.

4.2 Strategies for Conflict Resolution

In the railway schedule system, violations of timetable constraints
can lead to four distinct categories of conflicts. So we have de-
veloped dedicated resolution strategies for each category, which
mainly involve adjusting the timetable of a specific train. All strate-
gies are stored in the strategy library.

4.2.1 Strategies for Dwell Time Out-of-Range Conflicts. A dwell
time conflict occurs when the actual stop time st; s lies outside the
permissible range [rl{r?n, ris 1. As this issue affects only a single
train at a specific station, resolution is straightforward. Two oper-
ators are provided: one to increase and one to decrease the dwell
time.

4.2.2  Strategies for Running Time Out-of-Range Conflicts. A run-
ning time conflict arises when a train’s travel time between two
stations falls outside the allowable range, indicating it is running
too fast or too slow. Similar to dwell time violations, each case
involves only a single train. Two strategies are applied: increasing
or decreasing the running time to bring it to the nearest boundary
of the permissible range. Figure 1a illustrates an example where
running time is increased to meet the lower bound.

4.2.3 Strategies for Insufficient Interval Conflicts. This conflict oc-
curs when the time gap between events of adjacent trains at the
same station is less than the required safety interval. Correspond-
ing to seven interval constraints, there are seven conflict types. We
designed eight strategies to address them. As example in Figure 1b,
one direct approach cancels Train 1’s stop. Strategies consider only
the event type of the adjusted train, allowing them to handle multi-
ple conflict configurations.

4.2.4 Strategies for Overtaking Conflicts. An overtaking conflict
occurs when two consecutive trains enter and leave a segment in
reverse order, which is prohibited in railway operations. Given the
complexity of these scenarios, we have developed 13 strategies to
address various configurations while minimizing the disturbance
of the railway schedule. Each computes the minimal temporal ad-
justment required.

Figure 1c shows a typical case where Trains 1 and 2 have an
overtaking conflict in Segment B. We resolve this by extending
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Figure 1: The RailSched Framework Architecture

Train 1’s dwell time at Station B. The required extension Teyt is:

_ pass _ rdep B
Text = TZ,B Tl,B + Tpassz,depl (20)

where T;j ;SS is Train 2’s passage time at Station B, Tf ;p is Train 1’s

original departure time at Station B, and 75 is the minimum

pass,,dep,;
required time interval between Train 2’s passage and Train 1’s

departure at Station B.

4.2.5 The Advanced Strategies. While basic strategies target spe-
cific violations, they may cause premature convergence to local
optima in complex, interrelated conflict scenarios. To overcome
this, we propose five advanced strategies with broader adjustment
capabilities:

Cascade Dwell Time Adjustment Strategies (A/B). These strategies
adjust dwell times across multiple stations. Strategy A reduces dwell
times from the conflict station backward to earlier stations until the
conflict is resolved, as illustrated in Figure 1d. Strategy B extends
dwell times forward, respecting upper limits. Both create cascading
timetable changes.

Systematic Timetable Adjustment Strategies (C/D). These involve
coordinated time shifts for multiple trains in opposite directions.
Strategy C shifts selected trains earlier, while Strategy D shifts
them later, maintaining minimum separations and redistributing
temporal buffers to resolve complex conflicts.

Opportunity Window Insertion Strategy (E). This strategy searches
for the top N largest time gaps within a given window, evaluates
insertion feasibility for the conflicting train, and repositions it at
the first conflict-free opportunity while satisfying all constraints.

4.3 The Railway Scheduling Decision Method

The core innovation of RailSched lies in its adaptive decision
method, it integrates four basic components to efficiently detect

and resolve train conflicts. RailSched combining adaptive decision-
making mechanisms [1] with the ability of evolutionary search [43],
enabling continuous learning from past resolutions while flexibly
exploring diverse solutions.

4.3.1 Multi-dimensional conflict prioritization. Railway schedules
often face simultaneous conflicts of varying types and severities,
making prioritization essential. The system maps conflicts to a
multi-dimensional priority space, computing the priority score for
conflict ¢ using:

P(c)=a-T(c)+pf-L(c)—y-S(c)—5-A(c)+€-E(c) (21)

where T(c), L(c), S(c), A(c), and E(c) capture conflict type, train
type, station position, attempt count, and exploration priority. Weights
a, B,y, 8, e € (0,1) are dynamically adjusted, ensuring focus on the
most critical conflicts as conditions evolve.

4.3.2  Bayesian Success Rate of Policy. After conflict prioritization,
RailSched adopts a dual-pathway strategy selection approach: (1) a
rule-based policy selection relying on the Base-RailSched algorithm
without LLM integration, and (2) a hybrid decision method that
combines LLM capabilities with rule-based mechanisms to enable
more comprehensive strategy utilization. The second approach will
be elaborated in detail in the subsequent sections.

Regardless of the policy selection pathway employed, RailSched
maintains a unified Bayesian success rate updating mechanism to
continuously optimize strategy performance based on historical
outcomes. This probabilistic framework ensures that the system
learns from past resolution attempts and adapts its strategy prefer-
ences accordingly. The Bayesian updating mechanism is formalized

as:
SRiy - (nj—1)+1
SRipsr = St (n; n). (success) 2)
1

The equation updates the estimated success rate SR;; of strategy
i at time step ¢ based on cumulative historical performance. And
indicator function I(success) equals 1 when strategy i successfully
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resolves the target conflict and 0 otherwise, while n; represents the
total number of attempts using strategy i. This Bayesian approach
provides a robust foundation for continuous learning, enabling the
system to refine its strategy selection preferences through empirical
evidence rather than relying solely on predefined method.

4.3.3  Hierarchical Strategy Evaluation. To avoid railway schedules
Optimization in local that degrade global performance, RailSched
evaluates policy by both local and network-wide effects:

2 (Crotal = Cdown ($)), if station = 0

a1 (Csec(station — 1) — Cup(s))
+ a2(Crotal — Csec(station — 1)
- cdown(s)),

where Cigtal, Cdown (5)> Cup(s) and Csec (station — 1) measure con-
flicts in different network regions. And the a1, az weighting coeffi-
cients for upstream and downstream effects.

For conflicts at the origin station, RailSched evaluates only down-
stream effects. For conflicts at subsequent stations, it balances up-
stream (Cyp(s)) and downstream (Cgown (s)) impacts using weights
a1 and ay. The hierarchical evaluation function enables the system
to balance local optimality with global consistency.

E(s) = (23)

otherwise

4.3.4  Multi-level backtracking and exploration. Railway conflict
resolution frequently encounters local optimum scenarios where
standard optimization approaches fail to identify globally optimal
solutions. To address this challenge, we implements backtracking
and exploration mechanisms that enable strategic jumps in the
solution space, allowing escape from suboptimal regions.

We can model the resolution as exploring a tree structure T =
(V,E) where nodes V represent different schedule states and edges
E represent state transitions. Then backtracking jumps between
nodes with probability:

03, if Vtarget = Vglobal_best
0.7 - Pirjangular (i), if Viarget € Checkpoints

P(Vtarget) = { (29)
This distribution balances exploitation (returning to the global
best state with 30% probability) with exploration (visiting previous
checkpoints with 70% probability, distributed according to a trian-
gular distribution [2] favoring earlier checkpoints). This prevents
the system from becoming trapped in repetitive cycles while ensur-
ing promising solution pathways receive appropriate attention. But
when progress stalls for an extended period (e.g., over 50 iterations),
the system triggers an adaptive disturbance mechanism to escape
persistent local optima.

Algorithm 1 presents the pseudo-code of the railway scheduling
decision method, as the core of the RailSched framework. The ex-
ploration mechanisms work in tandem with the strategy selection
and evaluation components, creating a comprehensive search ap-
proach that balances explore and utilize. This is crucial to handling
the complexity of real-world railway scheduling problems.

4.4 LLMs-Enhanced Decision Module

With the rapid advancement of LLMs, their reasoning and problem-
solving capabilities have been significantly strengthened. To ad-
dress this opportunity, RailSched incorporates an optional LLM-
enhanced decision module, designed to augment the base algorithm

anonymous.

Algorithm 1 Railway Scheduling Decision Algorithm (RSDA)

1: Input: Train timetable T with conflicts, line information L,
maximum steps MAX_STEP

2. Output: Optimized train timetable T’

3: Initialize strategy libraries, statistical trackers, backtracking
system, and conflict history

4: Preprocess single-train internal conflicts
5: C « GetConflicts(T, L) > Initial conflict set
6: TS < GetTrainStops(T)  » Retrieve train stop information
7: step < 0
8: while step < MAX_STEP A |C| > 0 do
9: Update conflict set C based on modified stations
10: Update conflict history and backtracking management
11: if stagnation threshold exceeded then
12: Apply backtracking mechanism
13: end if
14: if stagnation detected and conditions met then
15: Apply disturbance mechanism
16: end if
17: if conflict duration exceeds threshold then
18: Enable deep exploration mode
19: end if
20: SC « SortConflictsByPriority(C)
21: for each conflict ¢ € SC do
22: Select appropriate strategy set based on conflict type
23: Sort strategies by historical success rate
24: Try applying strategies until resolution or all attempted
25: Apply best-performing strategy based on evaluation
26: end for
27: step «— step +1

28: end while
29: Verify final timetable state
30: return Optimized timetable T’

framework by providing advanced contextual reasoning [41] and
complementary decision support.

4.4.1 Strategy Knowledge Representation. To enable the LLMs as
an intelligent scheduling assistant, we transform policies in strategy
library into a structured natural language presentation [10, 23, 44].
This transformation bridges the gap between algorithmic imple-
mentations and the LLMs’ natural language understanding [24]
capabilities, allowing the model to reason about railway operations
using domain-specific knowledge.

Each conflict resolution strategy captures five essential aspects:
the strategy name, identifier, a comprehensive natural language
description of how the strategy operates, the required operational
parameters, and the expected impact on railway schedules. This
knowledge representation approach leverages the LLMs’ strength
in processing and reasoning with textual information, enabling it
to understand not just what each strategy does, but why and when
it should be applied.

4.4.2  Analysis Conflict and Make Desicion. Given a detected con-
flict, we generate a context-aware representation [29, 32] including
conflict types, involved trains, affected stations, and severity metrics
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that based on operational impact assessment. This enables LLMs to
use nuanced reasoning. And for each involved train, we also ana-
lyze the classification of train types, service priority levels, current
operational status, and schedule parameters. This helps LLMs to
understand the possible implications of each potential resolution
strategy.

Finally, through a carefully designed prompt integrate all infor-
mation to the LLMs , and received the input comprising the conflict
description, involved train characteristics, available strategy knowl-
edge base, and current railway schedule status. The LLMs processes
this information through Chain-of-Thought reasoning [37], and
output consists of a prioritized list of recommended strategies, each
accompanied by detailed justification explaining the reasoning be-
hind the recommendation.

4.4.3 Hybrid Decision Fusion. The hybrid decision fusion mecha-
nism represents a critical component that intelligently combines
LLMs insights with algorithmic optimization to enhance conflict
resolution effectiveness. When the top K strategies recommended
by the LLMs fail to resolve the conflict, then will attempt to use the
hybrid decision mechanism to find a viable solution.

The first is the Dynamic Weight Calculation. To effectively bal-
ance LLMs recommendations with the base algorithmic, we design
an adaptive weight calculation that adjusts the influence of LLMs
insights based on four factors: (1) Base weight, establishes the
fundamental trust level in LLM recommendations, initialized at
0.4. (2) Confidence factor, directly incorporates the LLM’s self-
assessed confidence scores, increasing LLMs influence when the
model expresses high certainty. (3) Performance factor, tracks
the LLM’s historical success rate by monitoring the ratio of suc-
cessful recommendations to total attempts. (4) Complexity factor,
increases LLMs influence for challenging scenarios, particularly
when conflicts have required multiple resolution attempts or when
optimization stagnation is detected. expresses high certainty and
reducing it during uncertain predictions.

These factors combine multiplicatively to produce the final fu-
sion weight:

WLLM = Whase * Jeonfidence 'fperformance . ﬁomplexity (25)
Finally, The strategy fusion process creates a unified ranking by
combining LLMs recommendations with algorithmic evaluations.
For each strategy, the system computes a hybrid score through
weighted combination, where LLMs scores reflect the model’s strate-
gic reasoning and position-based preferences, while algorithmic
scores are derived from Bayesian analysis of historical success rates.
This hybrid approach ensures that the system benefits from both
the contextual reasoning capabilities of LLMs and the mathemat-
ical rigor of algorithmic optimization, creating a robust decision-
making framework that adapts to varying conflict complexities and
operational contexts.

5 Experiments

This section evaluates our proposed RailSched framework for rail-
way scheduling optimization. We conduct extensive experiments
on real-world railway datasets to demonstrate the effectiveness
of RailSched and systematically analyze the contribution of LLMs
integration to conflict resolution performance.

5.1 Experimental Setup

We evaluate our RailSched framework using human-expert-designed
real-world railway schedule with varying complexity levels. The
evaluation metrics of experimental datasets comprise timetables
ranging from 50 to 120 trains, with corresponding event counts
between 1,160 and 2,890 events, covering a 24-hour scheduling hori-
zon. Despite being designed by human experts, these timetables
contain numerous unresolved conflicts.

For each experimental scenario, we measure initial conflict counts,
remaining conflicts after resolution attempts, and calculate the con-
flict resolution rate as the primary performance metric. We compare
our approach against two baseline methods: (1) traditional heuristic
methods representing current state-of-practice in railway sched-
uling systems [45], and (2) Proximal Policy Optimization (PPO), a
state-of-the-art reinforcement learning algorithm for sequential
decision-making problems.

To assess the impact of incorporating LLMs into railway schedul-
ing, we evaluate two variants of our framework, the base RailSched
algorithmic framework without LLM (RSDA) and the RailSched
integrating with LLMs.

All conflict resolution method are set a maximum of 1,024 run-
ning steps to ensure fair comparison and prevent excessive computa-
tional overhead. For RailSched integrated with LLMs, we employ
the Qwen3-32B Language Model [40], selected for its advanced
reasoning and contextual capabilities. This integration enhances
strategic decision-making within the conflict resolution process.

5.2 Result Analysis

Table 1 presents a comprehensive performance comparison of dif-
ferent railway scheduling methods across various timetable scales.
The results demonstrate the superior effectiveness of our proposed
RailSched framework compared to baseline methods across all ex-
perimental scenarios.

5.2.1 Performance Comparison Across Methods. Traditional heuris-
tic approaches exhibit relatively poor performance, with success
rates ranging from 36.48% to 88.90%. Similarly, PPO method achieves
only 30.43%—-64.29%, highlighting its limited effectiveness in com-
plex railway scheduling scenarios.

In contrast, RailSched substantially outperforms these baselines.
The RADA achieves success rates between 74.65% and 100%, while
the LLM-enhanced RailSched consistently maintains 81.52%-100%
across all scenarios. On smaller-scale problems (50-70 trains), both
variants exceed 88% success rates, with perfect resolution observed
in the 50-train case.

5.2.2  Scale Impact and LLM Enhancement. As timetable complexity
increases, baseline methods degrade substantially, while RailSched
variants maintain robust performance. The performance gap widens
with larger scales, where traditional methods drop below 50% while
RailSched sustains above 80% effectiveness.

LLMs integration provides consistent improvements over RSDA,
particularly in complex scenarios. Notable enhancements include
11.27 percentage points improvement in the 90-train scenario (85.92%
vs 74.65%) and practical gains of 6 additional resolved conflicts in
the 120-train case.
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Table 1: Performance Comparison of Railway Scheduling Method

Railway Timetable Scale

Evaluation Method

Remaining Conflicts

Success Rate (%)

Trains Events Conflicts
Heuristic PPO RSDA RailSched Heuristic PPO RSDA RailSched
50 1160 42 5 15 0 0 88.90 64.29 100 100
60 1429 53 11 21 6 5 79.24 60.38  88.68 90.57
70 1683 53 28 28 1 2 47.17 47.17  98.11 96.23
80 1906 70 40 29 14 11 42.86 58.57  80.00 84.29
90 2113 71 41 30 18 10 42.25 57.75  74.65 85.92
100 2335 79 44 44 9 8 44.30 4430 88.61 89.87
110 2597 92 49 64 22 17 46.74 3043  76.09 81.52
120 2890 107 68 68 22 16 36.48 36.48 79.44 85.05
Conflicts Comparison
~—e— Current-BaRS
Best-BaRS
100 —4= Current-RailSched
== Best-RailSched
80
2
o
=
o
o
% 60
3
£
)
2
40
ai] ]
20 = .\’}lvi‘g\’_k."___'"_’;’_'._f 1_4_54’
0 200 400 600 800 1000

Running Steps

Figure 2: The Conflict Comparison In 120 Trains Scenario

Figure 2 illustrates conflict resolution dynamics for the 120-train
scenario over 1,024 steps.Both methods rapidly reduce conflicts to
around 45-50 within the first 100 steps.However, RailSched exhibits
superior convergence behavior, maintaining more stable conflict
reduction and achieving lower final conflict counts. After 500 steps,
Best-RailSched reaches 16 conflicts versus 22 for Best-RSDA, demon-
strating the LLM’s enhanced strategic decision-making in complex
optimization landscapes.

The results validate RailSched’s effectiveness for modern railway
dispatching, with LLM-enhanced version delivering the most sig-
nificant performance gains in complex operational environments.

6 Conclusion

This paper presents RailSched, a novel algorithmic framework
that addresses critical railway scheduling conflicts through intelli-
gent automation decision. Our approach demonstrates substantial

improvements over traditional methods across the datasets rang-
ing from 50 to 120 trains. The integration of LLMs represents a
breakthrough in railway scheduling optimization, providing consis-
tent performance enhancements particularly in complex scenarios.
In the most challenging 120-train case, LLM-enhanced RailSched
achieves 85.05% success rate while reducing conflicts to 16 com-
pared to 22 for the base version, demonstrating superior strategic
decision-making capabilities. Our experimental validation on real-
world datasets confirms RailSched’s practical value for modern
railway dispatching, significantly improved operational efficiency
while maintaining the reliability standards required for safety-
critical transportation infrastructure.
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