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Train delay prediction is a key technology for train scheduling and timetable optimization, and
constitutes a critical component of intelligent transportation systems. We present the first study
on regional-level multi-train delay prediction problem, and focus on modeling the regional-level
delay propagation and evolution process, and capturing coordinated operation status among
multiple train clusters in the complex operation network. First, we propose a brand-new Multi-
variate Event Hypergraph Diffusion (MEHD) model, and introduce a novel data structure, the
mixed hypergraph, which accurately models the spatio-temporal high-order correlations between
the regional-level multi-train arrival events. Then, we propose a mixed hypergraph convolution
method to characterize complex train operation network, which improves the ability to capture
the spatio-temporal high-order correlations and non-Euclidean characteristics between events.
Finally, we propose an event hypergraph diffusion process, and design a prior operational
schedule-conditioned attention denoising module to enhance the ability to learn all train arrival
event generation mechanisms. Extensive experiments demonstrate that our MEHD achieves su-
perior performance compared to current state-of-the-art models on actual high-speed rail per-
formance datasets, with an average improvement of 20%-30% on multiple metrics, and performs
good robustness and efficiency. Subsequent experiments and analyses demonstrate the unique
advantages of MEHD over single-train prediction methods. To the best of our knowledge, this is
the first end-to-end model for regional-level multi-train delay prediction. The dataset and source
code are available online: https://github.com/bjtuxuyi/MEHD.

1. Introduction

The intelligent high-speed railway operation system is a key link in realizing the Intelligent Transportation System (ITS) (Zhang,
Feb 2023), as it is an important part of the modern transportation system and the core carrier of the intelligent upgrading of rail
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transportation. However, with the continuous expansion of the high-speed railway operation network, trains are often delayed because
of equipment, human, and environmental factors. The traditional manual dispatching method has difficulty meeting the complex
demands of transport organization nowadays (Wen, 2019). Therefore, carrying out accurate train delay analysis, modeling, prediction,
and inference research helps to quickly develop an optimal dispatching schedule. This enables adjustment of the operation strategies
within a certain scope, efficiently eliminates the impact of delay propagation caused by disturbances, and rapidly restores the oper-
ation order (Zhang et al., Mar 2022).

The train delay propagation and prediction methods have led to significant progress. Traditional model-driven models are mainly
based on equation systems (Spanninger et al., 2021)and graph models (Biiker and Seybold, 2012; Kecman and Goverde, 2013; Corman
and Kecman, 2018)to capture the delay propagation dependency, and they demonstrate high robustness and interpretability. In recent
years, deep learning methods have made pioneering progress in prediction accuracy. Wen et al. (2020) and Huang et al. (2020)
considered single train delay sequence as homogeneous time series and used RNNs to capture the temporal potential trend of delays.
Zhang et al. (2024) considered train delays as event sequences and used temporal point processes to capture the asynchronous
characteristics of delay propagation. Ding et al. (2021) and Li et al. (2024) represented train delay data as spatio-temporal graph
sequence, which not only captured the long short-term trends of delay propagation, but also aggregated the operational information
between adjacent trains and stations within a certain range on the railway network through graph convolution. Since train operations
are affected by emergencies, Huang et al. (2022) and Zhang et al. (2022) also considered weather and infrastructure data.

However, high-speed rail trains often operate across multiple regions from their origin to destination stations. Within these regions,
dispatch departments are responsible for implementing various strategies to minimize the impact of delays as much as possible and
ensure safe train operations (Yuan, 2006; Higgins and Kozan, 1998). Fig. 1(a) takes the cross regional operation of trains T;, Ty, and T,
from 15 to 145 as an example, and Fig. 1(b) shows the intra-region and inter-region operational statuses of each train. Within a region,
train delays often result from the coupled operation of multiple trains. Each train must arrive at stations in sequence. If the delay time
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of the preceding train exceeds the minimum tracking interval stipulated in the timetable, the arrival of following trains will be
postponed, leading to propagated delays (Tiong and Palmqvist, 2023). For instance, in region ry3, the delay of T; propagates to the
following train Ty, and the delay of T, further propagates to Ty, resulting in a delay for T;, at station Ss. That is, Ty, is affected by the
delays caused by the train clusters consisting of T; and T. As for the inter-region operations, delays in the previous region may either be
resolved through operational scheduling or propagate to the next region (Zhang et al., Nov 2024; Ling et al., 2018), and it may affect
the normal operation of other trains in the next region. For example, the delay of T, at S4 results not only from the impact of train T
within region rz4, but also from the incomplete absorption of the delay of Ty, in re3, and further propagates into r4s. Therefore, to
achieve accurate delay prediction, it is necessary to precisely characterize the inter-region and intra-region delay propagation status.
This paper aims to model and capture such multi-level delay propagation status.

Although existing methods have achieved advanced prediction results, they fail to precisely characterize the inter-region and intra-
region delay propagation status. Table 1 compares the unique advantages of the regional-level multi-train delay prediction model
proposed in this paper with existing models. This paper emphasizes capturing the evolutionary process of regional-level delay
propagation (Daniotti et al., 2023) and the collaborative operation status of multi-train clusters (Schalicke and Nachtigall, 2025) in
complex operation networks, and realizes efficient inference in a parallel manner. However, the following intractable challenges exist:

Difficulties in capturing regional-level delay propagation and evolution process. The train operation network exhibits high-dimensional
spatio-temporal non-Euclidean characteristics, making it highly intractable to capture the propagation and evolution process of delays
in the complex operation network. Temporally, arrival events show asynchronous and discrete non-Euclidean features (Zhang et al.,
Nov 2024), and traditional time-series models such as LSTM have difficulty in capturing the non-uniform interference propagation
patterns. Spatially, factors related to the operation of different trains, including headway, departure plan, and operation recovery time,
as well as the interaction between adjacent trains, change dynamically with the operation schedule (Ding et al., 2021). Consequently,
the delay propagation paths and intensities in the complex operation network are spatio-temporal non-Euclidean and cannot be
adequately described through continuous functions in Euclidean space.

Difficulties in capturing coordinated operation status of multiple train clusters. The train operational status is affected by the nonlinear
coupling effects of multiple events, and cannot be obtained by simply superimposing the behaviors of individual trains. Additionally,
there is a dynamic disturbance coupling effect between adjacent train clusters (Schalicke and Nachtigall, 2025). This effect is man-
ifested in that a train is affected by other trains at its current station, as well as by itself and other trains at multi-order neighboring
stations. This indicates that there is spatio-temporal high-order correlation in the coordinated operation of multiple train clusters.
However, the existing methods based on simple graphs do not fully represent the delay propagation patterns, they can only describe
the chained delay propagation correlations (Antelmi et al., 2023; Gao et al., 2020). These methods essentially constitute a dimen-
sionality reduction projection of real-world multiple train clusters interactions, making them inadequate for characterizing the co-
ordinated operation status among multiple train clusters.

Therefore, to explicitly model the region-level delay propagation status, we consider arrival events as hypergraph nodes and use a
mixed hypergraph to model the event interactions. Specifically, we utilize hyperedges with different semantics and structures to model
the inter-region and intra-region propagation status of train delays respectively. For the delay propagation within a region, we employ
hyperedges to represent the influence of the preceding train clusters on the following trains. To capture the emergent phenomena
arising from the coupled operational patterns of train clusters, we utilize directed hyperedges to model these clusters within the region.
For example, in Fig. 1(c), we model multiple preceding trains (T; and T) in region r»3 as the tail node set of the directed hyperedge, and
the following train (T},) as the head node. For the delay propagation across regions, we employ hyperedges to represent the influence of
arrival events across regions. We make full use of the event time information and learn the historical representations of events based on
sequence learning. This approach is more concise and efficient compared to the method that retains the directed connections between
all historical and future events. Hence, these hyperedges are undirected. As shown in Fig. 1(c), we model the upstream and down-
stream arrival events of each train as undirected hyperedges Ur,, Ur,, and Ur,,. Then, we utilize mixed hypergraph convolution to learn
the inter-regional and intra-region delay propagation status. Finally, based on the powerful capability of diffusion models in proba-
bility distribution modeling (Ho et al., 2020; Song et al., 2010), which not only break free from the parametric distribution assumptions

Table 1
Characteristics and advantages of our regional-level multi-train delay prediction model versus existing models.
Modeling Existing data-driven models Our model Ours advantages
Data structure Time/event sequence (Huang, Sep 2020; Zhang et al., Nov Multivariate spatio-temporal ~ Can model the spatio-temporal high-order
2024; Li et al., May 2022; Wu, 2021) or physical graph (  event hypergraph correlations between events.
Ding et al., 2021; Li et al., 2024).
Data Usually fix the number of adjacent trains in single train adapt to dynamic operation Can utilize the topological information of
organization  delay prediction models (Zhang et al., Nov 2024; Huang  environments dynamic events and capture the global
et al., 2021; Huang et al., Apr 2020). operational information.
Data interaction Fixed-neighborhood train coordinated operation rules Multi-order cascade Can capture regional-level delay propagation
learning in single train delay prediction models (Zhang interactions coordinated and evolution process and coordinated
et al., Nov 2024; Huang et al., 2021; Huang et al., Apr operation events learning operation status among multiple train clusters.
2020).
Inference Serial inference of single train delays (Huang, Sep 2020;  Parallel inference of regional- Can improve the efficiency of delay prediction
Zhang et al., Nov 2024; Li et al., May 2022; Wu, 2021) or level multi-train delays application.
prediction within fixed time intervals (Ding et al., 2021; Li
et al., 2024).
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of statistical-based explicit variable models but also demonstrate superior modeling ability for high-dimensional complex distribu-
tions, we propose an event hypergraph diffusion process. The model projects multi-train arrival events into an efficient latent space,
and capture their underlying generative mechanisms. Extensive experiments on the actual high-speed rail performance datasets
(Zhang, et al., 2022) show that our model can achieve excellent performance.

In summary, the contributions of this paper are as follows:

(1) We propose a brand-new Multivariate Event Hypergraph Diffusion (MEHD) model to address the regional-level multi-train
delay prediction. MEHD conceptualizes train arrivals as events, utilizes an event mixed hypergraph to model delay propagation
and evolution process, and learns multiple train clusters coordinated operation status. Notably, we infer delays by predicting
arrival time.

(2) In MEHD, we propose a mixed hypergraph convolution module, employing attention-based undirected and directed hyperedge
convolution to extract intra-region and inter-region arrival event features respectively. Meanwhile, we design a prior opera-
tional schedule-conditioned attention denoising module to enhance the ability to learn the generation mechanisms of all train
arrival events.

(3) Extensive experiments demonstrate the outstanding performance of MEHD, reducing the MAE by 35.41 %, the RMSE by 22.91
%, the MAPE by 14.98 %, and the NLL by 22.75 % on average. It also exhibits good robustness and efficiency. Subsequent
experiments demonstrate the unique advantages of MEHD over single-train prediction methods. To the best of our knowledge,
this is the first end-to-end model for regional-level multi-train delay prediction.

In the following, Section II reviews literature about train delay prediction methods. Apart from that, relevant hypergraph neural
networks and diffusion model are introduced in this section. Section III elaborates the necessary definitions and the proposed method.
Section IV illustrates the architecture of the proposed model in detail. An overview of datasets and sufficient experiments are given in
Section V. Finally, Section VI concludes this paper.

2. Related work
2.1. Train delay prediction works

2.1.1. Model-driven train delay prediction model

Traditional delay prediction models are usually based on activity diagram (Biiker and Seybold, 2012), event graph (Kecman and
Goverde, 2013), and Markov assumptions (Spanninger et al., 2021) to describe the train operation process, which are well inter-
pretable and enable explicit modeling of train operation, but have poor generalization and difficulties in handling complex data. In the
machine learning-based approach, researchers have considered domain knowledge and expert experience such as knowledge related to
train (Barbour et al., Aug 2018), network (Wu, Mar 2022), traveling conflicts (Barbour et al., Aug 2018; Huang et al., Feb 2020), and
operational disruptions (Pineda-Jaramillo and Viti, Feb 2023), and predict train delays based on clustering (Huang et al., Sep 2022),
decision trees (Lulli et al., 2018; Luo et al., 2022), random forests (Nabian et al., May 2019), SVM (Barbour et al., Aug 2018; Huang
etal., Feb 2020), and Bayesian networks (Corman and Kecman, 2018).However, these methods heavily rely on feature engineering and
require profound professional knowledge of railway operation, in contrast, deep learning-based methods are able to autonomously
extract train operation features from data without relying on explicit domain knowledge injection, and show advantages in prediction
accuracy and cross-scenario applicability (Wen et al., Apr 2020; Zhang et al., Nov 2024).

2.1.2. Data-driven train delay prediction model

Existing data-driven methods focus on single-train delay prediction, usually based on sequence modeling (Huang, Sep 2020; Zhang
et al., Nov 2024). Among them, some works consider train arrival sequences as synchronized time series. For example, Wen et al.
(2020) proved the superiority of time-series modeling. Huang (2020) proposed a delay prediction model based on Long Short-Term
Memory (LSTM) to capture the delay propagation among trains and stations respectively. On this basis, Li et al. (2022) focused on
the train arrival and departure conflicts at the hub station from a microscopic perspective, and used LSTM and Fully Connected Neural
Network (FCNN) to learn operation and environment variables respectively. Huang et al. (2021) regarded the trajectory data of
multiple continuously running trains at multiple stations as images and used a Convolutional Neural Network (CNN) to learn the
operation features, and the features between adjacent pixels form a temporal-dependent correlation. Based on the above research,
Huang et al. (2020) used a 3D-CNN to learn spatio-temporal features, using an LSTM to process time-series variables and an FCNN to
learn external factors. Meanwhile, Huang et al. (2022) reveal the delay evolution patterns based on K-means, and applied Bayesian
models to different patterns. This method considers the delay of all upstream stations to overcome the Markov assumption. Wu et al.
(2021) proposed a hybrid deep learning method that combines LSTM and Critical Point Search (CPS), used LSTM to learn the train
running time and dwelling time, and employed CPS to identify initial and knock-on delays according to the delay causes, running
delays, dwelling delays, and schedule timetables. However, the train operation process consists of asynchronous events that occur
discretely in a continuous time domain. Based on this idea, Zhang et al. (2024) first modeled train operation as an asynchronous event
sequence and proposed a Train Arrival Neural Temporal Point Process (TANTPP) model. This model introduced a multi-source dy-
namic spatio-temporal embedding method, which successfully captured the asynchrony of arrival events and achieved SOTA per-
formance on the actual operation dataset.

In addition, there is also some researches that focuses on predicting the arrival delays of a single train within a certain future time
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period, and should first define the prediction time period. Among them, Xu et al. (2023) proposed an non-homogeneous Markov chains
model, which aims to predict the delay at the station where the train is scheduled to arrive 20 min later (or near). However, dispatchers
and passengers often care more about the specific arrival time at a certain station. But those methods lack flexibility in application
because some trains may not have arrived at (or have already left) the next station within the given time period. However, delay
prediction models based on synchronous time series or asynchronous event sequences need to organize Euclidean data by fixing the
historical time period and the number of adjacent trains to adapt to the model structure, this way disrupts the topological structure of
train operation and may cause distortion of local features, especially for train groups with a high density of coordinated operation.

Some studies adopted the Spatio-Temporal Graph Convolutional Network (STGCN) to capture the interactions between trains. For
example, Ding et al. (2021) constructed a directed graph with trains as nodes and lines as edges, and used an adjacency matrix to
represent influence degree between trains. Li et al. (2024) modeled the train operation network as heterogeneous graph, regarding
stations and trains as heterogeneous nodes, and constructed heterogeneous edges between stations, between trains, and between trains
and stations, and utilized both heterogeneous and homogeneous GNN to capture the interactions between trains and stations. How-
ever, these methods establish correlations between entities rather than arrival events, making it difficult to clearly express the causal
correlations of events and to learn complex events triggering mechanisms. Besides, these methods only consider the binary interaction
correlation in graph, neglects the coordinated operation status among multiple train clusters. Moreover, as mentioned above, these
methods can only predict the arrival situation of trains within a given time periods and lacks flexibility.

Absolutely, at the model structure level, it is difficult for existing methods to capture the regional-level delay propagation and
evolution process as well as the coordinated operation status among multiple train clusters. At the inference application level, existing
methods cannot achieve end-to-end regional-level delay prediction. Therefore, we propose a brand-new prediction model, aiming to
address the above challenges and improve the prediction accuracy and inference efficiency of the regional-level delay event.

2.2. Hypergraph convolution network

2.2.1. Development process of hypergraph convolutional networks

With the growing demand for complex system modeling, traditional graph models exhibit significant limitations in representing
multi-body interaction correlations. as compressing them into pairwise correlations leads to substantial information loss (Antelmi
etal., 2023; Gao et al., 2020). To address this issue, Zhou et al. (2006) introduced hypergraph theory into machine learning, which not
only preserves the non-Euclidean properties of nodes but also provides rich higher-order correlation information. Since hypergraphs
are a generalized form of graphs, Hypergraph Neural Networks (HGNNs) extend GNNs. The development encompasses undirected
hypergraph networks (Zhou et al., 2006), directed hypergraph networks (Luo et al., 2022), dynamic hypergraph networks (Cao et al.,
2024) attention-based hypergraph networks (Georgiev et al., 2201), and mixed hypergraph networks (Li et al., 2024). In recent years,
hypergraph has been extensively applied in various fields such as action recognition (Hao et al., 2021), visual analysis (Ye et al., Oct
2019), and natural language processing (Bi et al., 2020).

2.2.2. Applications of hypergraphs in ITS

In ITS, hypergraph theory is also used for modeling Higher-order correlations. For example, Borndorfer et al. (2016) used
hypergraphs to represent industrial railway requirements and their correlations. Luo et al. (2022) established a directed hypergraph to
represent the spatial correlations in the road network and proposed a directed hypergraph neural network for traffic state prediction.
Shen et al. (2024) proposed a new HGNN for origin-destination (OD) flow prediction, constructed multiple hypergraphs based on time
series patterns and geographic information to extract the peculiar pattern of metro flow. Wang et al. (2024) introduced a multi-channel
hypergraph convolutional network, which captured the spatial high-order correlations and semantic correlations among different OD
flow channels and addressed the challenge of data sparsity. Cao et al. (2024) integrated spatio-temporal gated hypergraph convolution,
combining spatial patterns with dynamic cross-modal traffic data to improve the accuracy of traffic flow prediction. According to the
literature review, hypergraph modeling for OD flow or traffic flow aims to capture the high-order correlations among multiple
physically adjacent stations, such as multi-directional interactions at intersections, where inter-station physical connections are
explicitly defined.

In the regional-level multi-train delay arrival prediction problem, typical hypergraphs and their variants have difficulty effectively
addressing the modeling challenges. Among them, the pure directed hypergraph has difficulty capturing the status of delay propa-
gation across regions, while it will lose the coupled operation patterns of multiple trains within the region. In addition, although the
nodes in this paper exhibit different semantics within different hyperedges, they only contain one type of arrival event, so it is still not
suitable for the heterogeneous hypergraph structure. Finally, the dynamic hypergraph focuses on discovering the hyperedge structure
during the learning process, and it is suitable for scenarios where potential connection relationships between nodes are to be
discovered. However, the relationships between arrival events are determined based on the train operation schedule. Therefore, we
introduce the mixed hypergraph to model the multi-level propagation status of delays.

2.3. Denoising diffusion probabilistic models

Denoising Diffusion Probabilistic Models (DDPM) (Ho et al., 2020; Song et al., 2010) have been widely applied due to their
powerful generative capabilities, with applications spanning text generation (Li et al., 2022), graph generation (Niu et al., 2020),
image generation (Austin et al., 2021; Yang, 2024), time-series prediction and imputation (Rasul et al., 2021; Yuan et al., 2023), etc. In
recent years, researchers have enhanced sample quality and efficiency by refining the denoising process (Watson et al., 2106; Salimans
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and Ho, 2202) and improving the likelihood estimation function (Nichol and Dhariwal, 2021; Kingma et al., 2021). Among them,
researchers optimize the denoising process according to the characteristics of domain data. For example, Li et al. (2022) proposed a
new language model based on continuous diffusion, progressively denoises a sequence of gaussian noises into word vectors, facilitating
the generation of hierarchical continuous latent representations. Meanwhile, Niu et al. (2020) designed a DDPM on graphs by
incorporating permutation invariance and edge weight constraints. Yuan et al. (2023) proposed a Spatio-temporal Diffusion Point
Processes (DSTPP) that utilizes the spatio-temporal correlations of events to guide the denoising process, significantly improving event
generation quality. Xu et al. (2023) introduced Markov chains and equivariance mechanism to ensure that the generated molecular
conformations satisfy specific data invariance constraints. Yang et al. (2024) proposed a universal contextual diffusion model by
integrating cross-modal interaction and alignment mechanisms into both forward and reverse processes, significantly enhancing the
performance of text-guided visual generation model.

In this paper, we apply the diffusion generative model to delay prediction for the first time. We fully consider the characteristics of
the regional-level multi-train operation data. During the denoising process, we explicitly incorporate the spatio-temporal coupling
correlation between arrival events and the prior train operation schedule to guide the arrival time prediction.

3. Methodology

In this section, we present the necessary concepts, the definitions of the research problem, and the execution process of the MEHD.
As shown in Table 2, we provide the variables used in this paper and their specific meanings.

3.1. Problem statement

Definition 1. Train operation network and region:Railway operations have strict scheduling characteristics, and the timetable
provides a basis for the train operation network G = (V,E,A,R,T), where V = {v1, vz, -+, v, } is the set of stations, E = { -, ey, -} C
V x V is the set of lines, A € R™" is adjacency matrix, represents station connectivity in the network, A,; = 0 indicates no direct
connection between v, and vg, otherwise there is a connection. R = {ryq|Ayq = 1} is the set of train operation regions, where each
region ryq = (Sp, €pq,Sq) € R corresponds to a directed line ey, € E from upstream station S, to downstream station Sq. And the number
of regions |R| equals the number of lines |E|. T = {T, ---, T;, ---} represents the set of trains on the train operation network, the stop
sequence of train T; is {Si1,---Sim, }, and these stops can be adjacent-region or cross-region, m; is the total number of stops of train T;. In

pq’
arrival, departure, dwell for overtaking, where |g(t,pq)| represents the number of trains operating in section 7, at time t, and the
coupled operation of these trains occurs within the region.

section r,q, multiple trains {Tl e qu} operating within it must run in sequence and adhere to the timetable-specified rules for

Definition 2. Train arrival and departure event sequence: Train scheduled and actual arrival event are formulated as Ej , = Sy,
& p} and Ej , = {Sij, tga} respectively. Train scheduled and actual departure event are formulated as Eg > = {Sij, tg -p} and Ej; , = 1Sy,

wd

ijp’

td

tga} respectively, where T; € T.S; € V, . tF ., ij o represent the corresponding event occurrence time respectively. The multi-train

scheduled and actual arrival event sequence are formulated as Plan® = {P{,P§, -, P4} and Actf = {H}% - H5?}, P¢ = {E;‘l s

Ef, _p} and HY® = { EY 4o ES a} denote the scheduled and arrival sequence of T; respectively, wheret > t7,  is the query time, ¢; <m;
is the number of actual stops, n is the total number of trains. Correspondingly, we define the multi-train scheduled and actual departure

event sequence as Plan’ = {P¢, P4, .., P4} and Act! = {Hﬁ'd,---,ﬂ-ﬂf;d}, Pd = {Ed Ed } and H:4 = {Efl,a» --~,Eﬁax_71)_a} denote

ip " Fim-1)p
Table 2
Variables involved in this paper and their specific meanings.
Variables Variable meanings Variables Variable meanings
G train operation network {Si1,-Sim, } the stop sequence of train T;
Tpq train operation region m; the total number of stops of train T;
{Tl T } multiple trains in region r,, Ej, scheduled arrival event of train T; at station S;
pg " Tpg !
Eg-.a actual arrival event of train T; at station S; o scheduled departure event of train T; at station S;
Eg.a actual departure event of train T; at station S; tiptia scheduled and actual arrival event occurrence time
tidjp't?ja scheduled and actual departure event occurrence time Plan®, Act} multi-train scheduled and actual arrival event sequence
Plan?, Act’ti multi-train scheduled and actual departure event Fut?, Fut‘t’ the future scheduled arrival and departure sequence
sequence
a; the number of actual stops of train T; n the total number of trains
Va train arrival event mixed hypergraph U.D the set of undirected and directed hyperedges
Cjj the set of influencing events of v; Aty headway between non-simultaneous departure-arrival at the
station
H the incidence matrix of U Hhead pytail the head and tail incidence matrix of D
F. the predicted arrival time of trains at subsequent stations ~ g,(e) the MEHD operator
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the scheduled and arrival sequence of T; respectively. The future scheduled arrival and departure sequence are formulated as Futf =
(P By, P} and Fuef = (P55 Pt |, where F* = (B, 1y oo B b B4 = (B 1) g0 Bl 1) f and € ) >

Definition 3. Train arrival event mixed hypergraph:Let 7 = ( 7°,U,D,H, H"ed, Hwﬂ) denotes the train arrival event mixed
hypergraph, where 7" denotes the set of scheduled arrival event nodes, and vy = Ejj , denotes that T; arrives at S; at time t;, and simply
denoted as (ty, S;) hereinafter. U = {Ur, , -+, Uy, } and D = {Drs, , -+, Dr;s;, -+ } denotes the set of undirected and directed hyperedges
respectively. Ur, = {vi1, -+, Vim,} € U contains all the arrival events of train T;, Drs; = {Vij, Vi \vk IS Cij} € D contains the event v; and all
the influencing events of v;;, we denote the set of influencing events of v; as Cy. If the scheduled departure time t? of train T; at station

S is earlier than the scheduled arrival time &, , of train T at station Sj, and & , —tf ; <

< Aty, then we con51der that v;; may have an
impact on vy, that is, v; € Cjj. Aty is the headway between non-simultaneous departure-arrival at the station, which represents the
minimum interval from the moment a train leaves a station to the moment another train arrives at the same station. In essence, this is a
constraint on the station route. The path from one track to another track or platform can only be occupied by one train within a certain
period. For the preceding trains that have reached the terminal station, we use the actual arrival time to replace the departure time.
H € RMM represents the incidence matrix of U, H" ¢ RN*M and H“! ¢ RV represent the head and tail incidence matrix of D

respectively.
Problem Formulation: On the daily operation network, for the query time t, given the regional-level multi-train scheduled arrival
event sequence Plan = {Plan",Pland}, the historical actual arrival and departure event sequence Act; = {Actf,Actf}, the future arrival

and departure sequence Fut, = {Futf,Futf}, and fully considering the network G constraints affecting the train operation. The aim is to

predict the arrival time of each train at subsequent stations F, = {?i(ai+1), ---.,/t\l-m,.}, that is:
= gy(Plan, Act,, Fut,, G) (@9)]

Where, g, is the MEHD operator. Meanwhile, the real-time scheduling of train operation strategies and the dynamic constraints have a
significant impact on the train operation status, so this paper focuses more on short-term prediction (Caimi et al., Nov 2012).

3.2. MEHD

In this section, we model the regional-level multi-train delay prediction problem as a multivariate event hypergraph diffusion
process, and establish an efficient and unified learning strategy for Conditional Probability Density (CPD) of events to capture the
triggering mechanisms of multi-train arrival events. The prediction diagram of MEHD is illustrated in Fig. 2.

MEHD consists of a forward noising process and a multivariate hypergraph conditional denoising process, for the train arrival event
set 77, we train the parameters by maximizing the likelihood of the CPD:

logpo( 7"o|Hy, &) (2)

where 77, denotes the result of the final generation step, H- denotes the historical influencing events, that is the historical arrival
events within one train and the events between adjacent trains. and & stands for the hypergraph structure.

In the forward noising process, we iteratively add noise into the event distribution independently (Ho et al., 2020), thereby
transforming the original event distribution 7" into a standard normal distribution 7. The forward diffusion process is defined by a
Markov chain, that is, the noise addition for each arrival event is performed independently.

( 1

! Condition Denoising for Calculate Probability Distribution E— /\/\
ittt LOV)

| Multivariate Event Mixed Hypergraph Convolutional 1

M E Salnial e t Sale F-————-—---- £F-- l

i e e - Sttt ittt S o A

Fig. 2. The prediction diagram of MEHD.
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(3

where 77 denotes the event distribution at the k-th diffusion step. The conditional diffusion distribution q(vij_k\vij,k,l) for event vy is
defined as a gaussian distribution. As shown in Fig. 1(e), we iteratively add Gaussian noise to node v,,3 independently. At the k-th step,

that is:

q(Vixlvie-1) = N(Vijk;/'{ (Viik-1)s Z (Viig-1) )

In the reverse process, we start from the noise distribution 7% and conduct conditional denoising, progressively generating the
event distribution v;, at historical diffusion steps. The conditions include the historical arrival events within one train, the events
between adjacent trains, future train operation plans, external factors, etc. Here, we use the hypergraph structure and event repre-

sentation to represent them.

K
Do(7oHy, &) = /P( 7k) HP@( 7%l 7 Hy, £)A( 7 1)
k=1

Po( 7 x| 7, Hy, &) = Hpe (Vi1 Vi, By, &)

Vi€ 7"

(€))

(5)

(6)

where, 6 denotes the model parameters, & is the hypergraph structure, guides the learning of the event representation. The conditional
diffusion distribution p,y (vij,k,l Vi, hyj, & ) for event v; is defined as a gaussian distribution. As shown in Fig. 1(e), we iteratively input
the current diffusion step and the noise into the noise prediction model starting from pure Gaussian noise, and obtain a clean prediction

result at the last step. At the k-th step, that is:

Po(Vik[Viko, By, &) = N vigger; g (Viik, hy,

)y, Wik by, &)

(7)

where, h;; denotes the event representation of v;, and h; is obtained by the mixed hypergraph convolutional module designed in Section
4.3. For example, following the information aggregation diagram depicted in Fig. 1(d), we utilize vy,; and vy, within the hyperedge

Ur,, as well as v;3 and v,43 within the hyperedge Dy, s,, to obtain the feature representation of vys.

(- N - ( N - ( PR - -
Event mixed hypergraph construction module Event mixed hypergraph convolution module Multivariate event hypergraph diffusion module
TON —>| = | bircet ana vnai Event ST o Next arrival
" irect an 'ndirect Event —>1 P, ;. Next arrival
= Construction of > Hypergraph 3 Farr—> hyperedge [ representation O F > Trained Denoise > events of multi-
Uand D : $ Z Network eq
ST Foxe convolution Noise T trains r‘(/i
L l \ l J U l J
TON { Revise Denoising Process
Direct hyperedge D Undirect hyperedge U
Event  — Feature
SL c Plan; Act,{Fut, attention Embedding
A
4 I 0 )
D . A\ _
T;S; ’,l Direct hyperedge pe (VK1 VK, 0, F) .- .
/ e N conv | VOV le————————————— VKV
1 % D T — -
! 4 Spatial
w_) / P
! Dy ¢ temporal |
12 TimSn
i 5
Ur, i / embedding
H 1
1 I
U T ¥ Undirect
hyperedge
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X
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D: related directed hyperedges ==> orientation of D D
«— loxt Event Space Latent Space
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Fig. 3. Overall Architecture of MEHD. TON: Train Operation Network, TI: Train Interlocking, TST: Train Schedule Timetable.
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4. MEHD model
4.1. Overadll architecture

Fig. 3 shows the overall architecture of MEHD, which includes the following modules: the event mixed hypergraph construction
module, the event mixed hypergraph convolution module, and the multivariate event hypergraph diffusion module. Among them, the
first module constructs the hypergraph /7 = ( 7", U, D) based on the train operation network topology and the real-time coordinated
operation correlation, and for details of this construction, refer to section 4.2. The second module extracts the event representation O,
through mixed hypergraph convolution, to provide condition for the diffusion process, and the details is given in Section 4.3. The last
module conducts diffusion denoise process on the hypergraph to learn the triggering mechanism of multi-train arrival events in
Sections 4.4 and 4.5.

4.2. Event mixed hypergraph construction module

As the high-order correlation between events is different, hyperedges have various semantics. For each train arrival sequence P;, we
construct an undirected hyperedge Uy, that contains all the arrival events of train T;, representing the dependencies among this
sequence. Since the stops generally remain unchanged during one single timetable planning cycle, so the structure of Uy, is static. For
each event vy, we construct a directed hyperedge Dr,s;, where the set of head nodes consists of the events in Cy;, and the event v; serves
as the tail node, utilizes the information flow of directed edges to capture the influence of adjacent train. Affected by operational
schedule and dynamic coordination correlations, this structure is dynamic. The complete set of hyperedges forms a multivariate event
mixed hypergraph, which models higher-order correlations among events.

Construction of basic Undirected hyperedges. To model dependencies within one train arrival sequence, the hyperedge Ur,
incorporates all arrival event nodes {Vvii,Viz, -, Vim, } Of the train Tj, and tj < viz < -+ < tim,,. We construct an incidence matrix to
describe the correlation between events and undirected hyperedges:

{Lif"eui

Hv,u) = (8)

Ovl..f‘/gui

where, the representation of Ur, is x{? = {]ll iy (?’}m} e R™F 7, j € RF represents the feature of node v;j. As shown in Fig. 1
(b), according to Definition 3, we construct three undirected hyperedges Ur,, Uy, and Ur,, respectively. Each hyperedge contains all
the arrival events of the corresponding train, where, Ur, = {vi1,Vi2,Vi3,Vi4,Vis }, Ury, = {Vim1,Vim2,Ym3,Ym4,Vms }, and Ur, = {qu,vqg,vq4}.

Construction of related Directed hyperedges. To model the coordinated operation between adjacent trains, the hyperedge Dr;s
incorporates the event vy and its adjacent event nodes {v; } U {v|vx € Cj}. We construct a head and tail incidence matrix to describe
the correlation between events and directed hyperedges, respectively:

; head
H-head(v7 dl) = ;iﬁ Z Z;Iead ®
: tail
Hel(y, dy) (l)‘g Z Ziaﬂ (10)
Jifv ¢ d;

where, the representation of Dr,g; is x[; = {1, % ija,, % ijk, } € RX>F, the element #;;x € RF represents the feature of node v{; Ky
7tip3=d < Aty and

(L. _tSB, 4 < Aty, then let Cps = {3, Vg3 }, then construct the directed hyperedge Dr,s,:={Vi3, V43—Vms }. Similarly, we construct

is the length of x{j. As shown in Fig. 1(b), according to Definition 3, in rps, if trains satisfy the conditions t,‘;&a

Dqu4 ::{VM —Vg4 } and DTmS4 2:{Vq4—)Vm4 } .
4.3. Event mixed hypergraph convolution module

In the multivariate event mixed hypergraph convolutional module, we first encode the spatiotemporal locations of arrival events,
then update the feature representations of event nodes by attention-based mixed hypergraph convolution, thereby capturing both
historical event dependencies within one train and coordinated influences from adjacent trains.

Event embedding layer To obtain unique representations for each arrival event v = (t,s), we encode the event time by the positional
encoding (Vaswani, 2017), and employ a linear layer x; = Wys to encode stations s € R". Here we use a simplified event representation.

-1
cos (t / 10000’?) iffisodd
bl = L an
sin (t / IOOOOV) ifjiseven
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where, x; denotes the time embedding, M is the embedding dimension, and W, € RM*" is learnable parameters, n depends on the
station location representation, we use latitude and longitude to represent location in this paper, hence n = 2. And we obtain event
encoding through summation, for a hyperedge e = {(ti,si)}iL:l, the encoding is e, = {est‘hest_z, --~,est‘L} € RPM where eg; = eri + esj.
Additionally, to address issues where spatiotemporal coupling between some trains may be weak, we retain time and location
encodings separately, that is, e; = {e.1,e:2, -, €1} and e; = {es1, €52, €, }. Then, we concatenate the ey, e, €, x, to obtain the
features of the event nodes X for hypergraph convolution, where, x, represents the train operation features, such as the scheduled
arrival time, the scheduled departure time, and the train speed limit.

Direct hyperedge convolution layer The multivariate event mixed hypergraph convolution follows a two-stage message-passing
paradigm, iteratively aggregating node representations and hyperedge representations (Zhou et al., 2006; Li et al., 2024). As shown in
Fig. 1(d), which is a schematic diagram of information aggregation flow in the convolution, we aggregate the node features of the tail
nodes v;3 and vg3 based on Formula (12) to update the representation of the hyperedge Dr,s,, that is @. Then, we use the hyperedge
representation to update the head node v;,3 based on Formula (13), that is @.

It aggregates node features within directed hyperedges to capture the coordinated influence of adjacent trains. At the I-th layer, the
convolution is defined as:

py) — D;]ail’l HtuilT AX® w; 12)

where XU € RV*F1 is the node feature at layer [, H! ¢ RV*M2 and W; € R™*™ are the learnable parameters. F; and F, are the feature
dimensions at layer [ and I + 1, respectively, and M is the number of directed hyperedges.
Then, we apply nonlinear transformation to directed hyperedge to update the node representations:

X](Jl+1> _ DCead’l Hredy, D Wy, 13)

where, Had ¢ RVM: W3 € RM>Mz and W, € R 2 are learnable parameters. D@l € RM2M:2 s the tail degree diagonal matrix of
hyperedges, and DI ¢ RNV is the head degree diagonal matrix of nodes, computed as follows:

DG j) = S0 HU@ j)DE i, 1) = S W) H ) a4

Undirect hyperedge convolution layer To capture the temporal relationships of events within one train, we employ Transformer
(Vaswani, 2017) to aggregate node features within undirected hyperedges. It is entirely feasible and has significant advantages to use
Transformer to model the temporal relationships of events, its self-attention mechanism can dynamically learn the complex temporal
dependencies between events, effectively capture long-range temporal correlations. Moreover, since the lengths of the arrival se-
quences of different trains may vary, and Transformer is naturally suitable for variable-length sequences, it provides more flexible
temporal modeling capabilities for the hypergraph structure than fixed aggregation functions.

X = Transformer(A; X?) (15)
T
A(Q,K,V) = softmax(?f& ) (16)

where, A € RV denotes attention weight matrix, Q = XOWQ, K = XOWX, v = XOWY, wQ WK WV are learnable parameters. As
shown in Fig. 1(d), within the undirected hyperedge Ur,, we aggregate all historical arrival events vn,; and vme to obtain the

N t
i 0y l :
r,
Fi !I
: Next
- —> ‘emporal Attention —> — Step
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: Si: H Pok-1 _
Noise Y Concat II T lej !
-»! R

TR
K
Denoising Step k —@

Positional Encoding

Fig. 4. Prior operational schedule-conditioned attention denoising.
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representation of the current arrival event vy,3.

For the event spatiotemporal encodings e;, e;, and ey, we use the aforementioned convolution operations to derive the temporal
representation X{;, spatial representation Xj,, and spatiotemporal representation Xj;. To obtain a comprehensive spatiotemporal rep-
resentation, we further integrate event features Xp from directed hyperedges:

X' = WpXp + WXy a7
where Wp € RN, and Wy € RV are learnable parameters, M is the embedding dimension. Finally, we incorporate the train and
section information F,,, and external factors F,,; to derive final representations for each event (Zhang, et al., 2022):

0= MLP(FmHFm)HX (18)

where X = [X*||X*||X*] € RN*3"M train and section information includes features such as station grades and regional mileage, while the
external factors include meteorological and holiday information.

4.4. Multivariate event hypergraph diffusion module

Based on Section 3.2, this section focuses on the forward process q(vU7k|vij,k_1) and the revise process py (Vij.k—l [Vijk, hij, & ) for in-
dividual event. Specifically, for each event vy = (7y,5;), where 7;; denotes the inter-event interval, we gradually add gaussian noise to
vg until it is corrupted into pure gaussian noise v{f , the noise is independently applied to pixel-level features, and the forward process is
modeled as a Markov process in both temporal and spatial domains.

g (Vs )= (a (k1S )l (s5ls5 ) ) (19)
QO =N (2 /T et il (20)

where, A = 1 7/)),(, ax = Hileak.

Specifically, unlike earthquake or virus outbreak event, the future schedule is predetermined, is closely linked to the actual arrival,
so the event generation process must fully consider the prior schedule. As shown in Fig. 4, we designed a prior operational schedule-
conditioned attention denoising method, which conditions on both the future schedule Fj; and the historical event spatio-temporal
representation O, while capturing the coupling correlation between temporal and spatial domains. Therefore, we iteratively
denoise from vfj( to vg to learn the reconstruction process of the event vy:

pg (%71‘%701171:1]) :pg (7571‘T§7OU7F1']‘) (21)
Specifically, at each diffusion step, we perform conditional spatio-temporal attention denoising, the parameters are calculated as
follows:

ex = SinusoidalPosEmb (k) (22)
a= Soﬁmax(WmConcat (F,-j, 05, ek) + b ) (23)

where F; = MLP (FSJ. HF,(). F;, and F,, denote the future stop information and timetable-based arrival schedule, respectively. W, and by,
are learnable parameters. It is worth noting that this attention mechanism is applied to different diffusion steps of certain event, aiming
to precisely guide the direction of denoise at each step. In contrast, the attention mechanism in Section 4.3 works between different
events, aiming to extract accurate representations of events with complex spatio-temporal dependencies from the historical events.

Then, we integrate the spatio-temporal conditions O; = {Ol?j., Ofl} and Fj into the predicted values for the k41 step as follows:

X, = oWtk + WiFy + WaiOf + b+ ) (24)

it
Xis = a(Wss + Wy + WO + by + e[) (25)

where Wy, Wi, Wy, Wos, by, and b are learnable parameters, and ¢ denotes the activation function. The output noise at step k is given
by:

k= axk (26)

where x§ = [x"

ij_t,xi,;s] . e’t‘jj represents the predicted noise for event v; at step k. According to Eq. (29), we can derive the predicted value

r{; at step k. In the next step, the predicted value is fed back into the denoising network, and iteratively approximates the temporal

11
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ground-truth.
4.5. Training and inference

Training we optimize the parameters ¢ by maximizing the log-likelihood to fit the spatio-temporal distribution of arrival events:

Z; Zzllogpg (v,‘,’-\Om Fij) 27)

According to Reference (Ho et al., 2020), we train the model by the following loss function. For event v; and diffusion step k, the
function is defined as:

L= [Evgvg‘kMe — &o(Vah + /1 -ae, 0, Fy k) ] H (28)

where € .7°(0,1), p;, -, Px € (0,1) is a given increasing variance schedule, representing a particular noise level, oy = 1—f;, ax =
Hleak, F; is the future schedule representation and Oy is the historical event spatio-temporal representation, vg is the clean obser-
vation. we train the model composed of mixed hypergraph convolution and diffusion models in an end-to-end manner. The pseudocode
of the training procedure is shown in Algorithm 1.

Inference Using the trained MEHD model to predict future arrival events, we first obtain the hidden representations O of all
historical arrival events, and extract events F from the future schedule. Conditioned on O and F we predict the next event starting from
gaussian noise 1‘{]( A°(0,1):

1
= NG (r{j - —Tﬂ:k—a; & (V:j Oij-ﬂrk) ) + VP (29

where 2, is an auxiliary variable sampled from the standard gaussian distribution, and €, denotes the trained denoising network, and
the meaning of f, ax and @y is the same as that described in the previous section. The pseudocode for inference procedure is shown in
Algorithm 2.

Algorithm 1 Training Procedure for MEHD

Target: Train the hypergraph convolution module and the denoising network in an end-to-end manner.
Input: 7, Forr, Fext, future operation schedule F

1. O«—formula(11) —(18) // Get the representation of the event hypergraph network.

2. for Uy, in 7" do // Loop through each train.

3. Repeat:

4.v) q(vg. S Uﬂ) // Sample clean train arrival events.

5. k Uniform(1,2, ---,K) // Randomly sample diffusion steps.

6. € ./°(0,I) // Sample standard Gaussian noise.

7 V:; = Vav] +vT — e // Construct noisy samples.

8. Take gradient descent step on:

9. Vyo {

10. Until: Converged
Output: The hypergraph convolution network and the denoising network €,

e—¢g (vg 0y, Fy, k) ’ |2] // Train the network through MAE.

Algorithm 2 Inference Procedure for MEHD

Target: Generate data samples from noise by the trained network.

Input: 7, For, Fext, future operation schedule F, well-trained €4, K
. O<formula(11) —(18) // Get the representation of the event hypergraph network.
. for Uy, in /7 do // Loop through each train.
. for v in Ur, do // Loop through each arrival event to be predicted.

. for k = K to 1 do // Loop through denoising steps.

1

2

3

4. Tfj‘ 17°(0,1) // Sample standard Gaussian noise.

3

4. 2, 47(0,D)Ifk > lelsez, = 0 // Sample auxiliary noise.
5

eki=e (Vij,Oijijy k) // Predict the noise at the current step.

6. Tg—l _ \/%_k (Ts — 1ﬂf = elt{u) +\//7er // Perform denoising update.
7. end for
7. end for
8. end for

Output: The set of arrival times {13} of all events to be predicted.

12
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5. Experiments and evaluations

In this section, we perform experiments to answer the following research questions:

RQ1: How does the proposed model perform compared with existing baseline approaches?

RQ2: Is the key component of the proposed model effective?

RQ3: Does the mixed hypergraph convolution successfully capture the high-order correlations in train operation network?
RQ4: Does the proposed model have unique advantages in regional-level multi-train prediction scenarios?

5.1. Experimental setup

5.1.1. Datasets

We utilize an actual high-speed rail operation dataset (Zhang, et al., 2022) from China’s railway ticketing system, covering the
period from October 8 to December 31, 2019. The dataset includes train operation records, station information, and external factors
such as weather, temperature, wind direction, and holiday schedules. We select two representative rail lines, including J-G Line
(China’s most critical north—south rail artery) and the J-H Line (a primary route connecting Beijing and Shanghai), both ranking among
the nation’s busiest and most important corridors. Table 3 provides a summary of these two railway lines, the arrival delay is
abbreviated as AD.

5.1.2. Data preprocess

The data is categorized into: (1) Actual operations data, including train, station, scheduled/actual arrival/departure times, and
directions; (2) Station-route data, including station types, mileage, and sections; (3) External factors, including precipitation, tem-
perature, and holidays. Data preprocessing involved: (1) Removing outlier delays caused by equipment failures which depends more
on repairs time and interim decisions; (2) Mapping non-numeric data to low-dimensional spaces, which is more efficient than one-hot
encoding; (3) Standardizing all inputs to reduce feature-scale bias.

5.1.3. Baselines

We compared and evaluated the MEHD model with a large number of advanced baselines, including deterministic baseline,
probabilistic temporal baseline, and probabilistic spatio-temporal baseline:

Deterministic baseline:We include the best deep learning and machine learning models widely used in train delay prediction,
including random forest (RF), bayesian network (BN), long short term memory (LSTM), gated recurrent unit (GRU), CLF-NET (Huang
et al.,, Apr 2020), and FCLL-NET (Huang, Sep 2020).

Probabilistic temporal baseline:We include state-of-the-art temporal baselines, including transformer Hawkes process (THP)
(Zuo et al., 2020), the recurrent marked temporal point process (RMTPP) (Du et al., 2016) as baseline methods.

Probabilistic Spatiotemporal baseline:We include state-of-the-art spatiotemporal baselines, including Neural Spatio-temporal
Point Process (NSTPP) (Chen et al., 2020), DeepSTPP (Zhou et al., 2022), and Train Arrival Neural Temporal Point Process
(TANTPP) (Zhang et al., Nov 2024).

5.1.4. Evaluation metrics

We compute the Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE) to
measure temporal prediction accuracy, and add the Negative Log-Likelihood (NLL) to evaluate probabilistic baselines. Although we
cannot obtain the exact likelihood value, we derive the Variational Lower Bound (VLB) based on reference (Ho et al., 2020) and
employ it as a proxy for the NLL. So, the true likelihood will outperform the reported values. These metrics are defined as follows:

I—n ~
MAE = EZM ly: — ¥il (30
15 5.2 31
RMSE = EZ:‘:] i = ¥i)
1 Y
mapE =1~ D=Vl 4009 (32)
n i=1 Yi
K o)
NLL < Eypox) | — logp(xXX) — log————=~ (33)
q(x*K) |: ( ) Zk:l q(ock|xk-1)
Table 3
Message summary of J-G Line and J-H Line.
Dataset Mileage(km) Station number Train number Operation records Arrival punctuality AD min AD max AD mean AD std
J-G line 2291 37 286 133,165 96.93 % —44 86 —0.4853 3.6488
J-H line 1318 24 109 53,445 96.58 % —46 57 —0.0016 3.6088
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where y; denotes the ground-truth, y; denotes the predicted value, n is the number of valid samples.

5.1.5. Experimental settings

We use PyTorch to develop our MEHD model and baselines, and is trained on NVIDIA GeForce RTX 4090Ti GPU, subsequent
inference experiments are conducted on AMD Ryzen 7 7840HS processor with 8 cores and 16 threads, and GPU acceleration is disabled
to accurately evaluate algorithmic efficiency. In the experiments, the dataset is divided into training, validation, and test sets, with 70
% for training, 15 % for validation, and the remaining 15 % for testing. For the MEHD model, the batch size is set to 1, to process daily
train operation data per batch, and the batch size is set to 128 for other models, that means we train 128 single-train arrival sequences
per batch, and we set Aty, = 30min. The learning rate is set to 0.001 with a warmup strategy, the encoding dimension is set to M =
256, and diffusion step is set to K = 100.

5.2. Overall performance

Table 4 and Table 5 present the overall performance of deterministic and probabilistic prediction models on the J-G and J-H lines,
respectively. From these results, we draw the following conclusions:

The MEHD model achieved the best performance. Experimental results show that RF and BN models attained the score combinations of
1.430, 2.687, and 4.219 on both lines, and these models lack temporal dependency modeling capabilities, with RF particularly
struggling to process variable-length arrival sequences, resulting in anomalous RMSE metrics and subpar outcomes. Besides, temporal
baselines like LSTM and GRU achieved the score combinations of 1.141, 1.856, and 4.009, because these sequence models capture
inter-event temporal dependencies, but they underperform compared to RMTPP, as RMTPP further models the asynchrony of arrival
events. Models such as CLF-NET and FCLL-NET achieve superior performance by combining temporal modules to capture coupling
relationships between adjacent trains. Compared to deterministic baselines, THP, DeepSTPP, NSTPP, and TANTPP demonstrate
suboptimal yet competitive results across all four metrics, indicating that neural point processes can effectively learn the triggering
patterns of arrival events. The proposed MEHD model achieves state-of-the-art results across all metrics, outperforming the suboptimal
baselines by approximately 20 %-30 % in all four metrics. This advancement in MEHD is due to addressing the spatio-temporal non-
Euclidean characteristics of complex railway networks and capturing high-order dependencies among arrival events, thereby precisely
modeling both the regional-level delay propagation and evolution process and the coordinated operation status among multiple train
clusters. Furthermore, while other models can only predict future arrival times for individual trains, MEHD enables end-to-end pre-
diction of arrival sequences for all trains across the entire network.

Improper modeling of train arrival events degrades performance. Experimental results show that models based on asynchronous event
sequences universally outperform synchronous time-series approaches. The reason is that train arrival events are discrete and asyn-
chronous sequences in temporal dimension. The occurrence time of these events can be any point within the continuous time domain,
and there is a strong correlation between adjacent events. Consequently, synchronous models, e.g., LSTM, GRU, CLF-NET, FCLL-NET,
are structurally constrained from capturing event asynchrony to enhance prediction accuracy, thus failing to achieve optimal results.
Moreover, improper assumptions about event triggering mechanism significantly degrade performance. For instance, Hawkes pro-
cesses assume that historical events increase the probability of future occurrences, but their self-exciting hypothesis may fail in sce-
narios where prior events inhibit subsequent ones. In our research, delays at upstream stations do not necessarily propagate to
downstream stations, as buffer times and headway margins are preemptively introduced in the operation timetable to mitigate delay
propagation. Consequently, classical models relying on specific assumptions fail to cover dynamic and heterogeneous cases, further
demonstrating the superior capability of MEHD in capturing the coordinated operation status among multiple train clusters.

5.3. Ablation experiments

To evaluate the effectiveness of the key components in the MEHD model, we conducted ablation experiments from two perspectives
to verify (1) the necessity of directed hyperedge convolution in the mixed hypergraph convolution; (2) the effectiveness of the spatio-
temporal attention denoising method in MEH Diffusion Module. We visualize the results of the ablation experiments in Fig. 5, and draw
the following conclusions:

It is necessary to capture the coordinated operation status among multiple train clusters. To examine the necessity of capturing the in-
fluence of adjacent events C; on the target event v, we degrade our MEHD into a base model, MEHD — B, which does not consider the

Table 4
Performance evaluation of deterministic models in predicting the time of the next arrival event. Bold denotes the best result and underline denotes the
second-best results.

Dataset Metric RF BN LSTM GRU CLF-NET FCLL-NET MEH-DPPM

J-G MAE 1.513 1.595 1.145 1.311 0.714 0.645 0.273
RMSE 4.853 2.727 1.856 2.145 1.565 1.433 0.347
MAPE(%) . 4.479 4.029 4.501 2.491 2.241 1.699

J-H MAE 1.430 1.565 1.141 1.294 0.701 0.595 0.253
RMSE 4.696 2.687 1.876 2.128 1.577 1.407 0.328
MAPE(%) . 4.219 4.009 4.463 2.421 2.391 1.521
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Table 5
Performance evaluation of probabilistic models in predicting the time of the next arrival event. Bold denotes the best results and underline denotes the
second-best results.

Dataset Metric RMTPP RMTPP DeepSTPP NSTPP THP TANTPP MEH-DPPM #Improvement
(LSTM) (GRU)

J-G MAE 1.081 1.122 0.797 0.739 0.414 0.462 0.273 34.06 %
RMSE 1.573 1.908 0.899 0.973 0.514 0.455 0.347 23.74 %
MAPE 2.048 2.643 2.796 2.901 2.657 2.403 1.699 17.04 %
NLL 0.145 0.241 0.644 —1.65 -1.21 -1.36 —2.179 24.28 %

J-H MAE 0.839 1.108 0.765 0.709 0.402 0.400 0.253 36.75 %
RMSE 1.352 1.706 0.733 0.985 0.508 0.421 0.328 22.09 %
MAPE 1.747 2.033 2.661 2.607 1.951 2.057 1.521 12.93 %
NLL 0.079 0.093 0.317 -1.73 -1.17 -1.27 —2.196 21.22 %
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Fig. 5. Performance comparison of MEHD, MEHD-B, MEHD-C, MEHD-D and MEHD-E.

influence of the adjacent events. Specifically, we modify Eq. (17) to X" = X, and the update of X is updated as X = concat(X3,, X4, X%).
As shown in Fig. 5, it can be observed that MEHD-B achieved the score combinations of 0.35, 0.467, 1.811, and —1.61 on the J-G line,
and 0.31, 0.353, 1.755, and —1.81 on the J-H line. And MEHD outperformed MEHD-B in all metrics. This indicates that it is necessary
to capture the high-order spatio-temporal correlations between events. and also proves the effectiveness of the directed hyperedge
convolution module.

The prior operational schedule-conditioned attention denoising method is effective. To examine the effectiveness of the spatio-temporal
attention denoising method guided by the prior schedule, we degrade our MEHD into a base model, MEHD-C, which does not consider
the influence of the train operation schedule on event generation process. Specifically, we modify the denoising reconstruction process
Do (1{}*1 (=3 Oij,Fij) in Eq. (21) to py (15’1 |28, i Ol_,> As shown in Fig. 5, it can be observed that MEHD-C achieved the score combi-
nations of 0.297, 0.388, 1.754, and —1.97 on the J-G line, and 0.282, 0.375, 1.618, and —1.87 on the J-H line. And MEHD out-
performed MEHD-C in all metrics. This indicates that it is necessary to capture the influence of the train operation schedule on learning
multi-train arrival event triggering mechanism, and also demonstrates the effectiveness of our denoising method.

It is reasonable to use the diffusion model for train delay prediction. To verify the rationality of using the diffusion model for train delay
prediction, we degrade our MEHD into a base model, MEHD-D, which uses the log-normal mixture method to model the probability
density function of train operation events instead of the diffusion model. This is an explicit statistical model that solves the conditional
probability density of events by fusing multiple log-normal distributions. This is also the solution method applied in the existing SOTA
model TANTPP (Zhang et al., Nov 2024). Specifically, we use the event hypergraph representation O obtained by Formula (18) to
calculate the probability density function of the arrival time interval, which is defined as follows:

K 1 (logzy — )
ij |5 Hy = - 34
p(zilo, p. 0) Zkzlwkﬂjak \/ﬂeXp( 207 (34)

Where, K represents the log-normal distribution components, @ is the mixing weight, u is the mixing mean, and ¢ is the standard
deviation. The linear transformation of the event hypergraph representation O will serve as the parameters of the distribution

p(zjlo.u,0):
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= Softmax(f, (05) ); u = f(0y); 0 = exp(f(0y)) (35)
Where, f, (.), fu(.) and f,(.) are three different linear transformations. We train the model by maximizing the log-likelihood to fit the
spatio-temporal distribution of arrival events, this is consistent with Formula (27).

S S logo (5l . 0)

As shown in Fig. 5, it can be observed that MEHD-D achieved the score combinations of 0.432, 0.605, 1.699, and —1.638 on the J-G
line, and 0.49, 0.611, 2.108, and —1.654 on the J-H line. And MEHD outperformed MEHD-D in all metrics. DDPM can help the model
breaks away from the parametric distribution assumptions of traditional methods and has a stronger ability to model high-dimensional
complex distributions.

(36)

5.4. Higher-order correlation capture experiments

To demonstrate the unique advantages and necessity of the hypergraph modeling for capturing the high-order correlations in the
complex train operation network, we degrade our MEHD into a base model, MEHD-E, which uses directed event graph modeling and
convolution to replace the hyperedge modeling and convolution module. Specifically, we construct an event graph based on Definition
3 and modify Equations (12) — (14) as follows (Tong et al., 2004):

) _ WK A5 o axOwe 3 (0) () k)
X - Zk:lﬁk (Ain © Qin X Mﬂ +Ap © aoutX Mut)

out

(37)

where k is the neighborhood order, p is the fusion weight, 2:(,1 and ﬁ’;m are the normalized in-edge and out-edge adjacency matrices
respectively, and W is the learnable parameter.

We visualized the prediction results of MEHD and MEHD-E on the J-H and J-G lines in Fig. 5. As we can observed, MEHD out-
performs MEHD-E in all metrics. The reason is that directed graph modeling and learning can only capture pairwise correlation be-
tween nodes and it is difficult to model the delay propagation across stations and trains, while hypergraphs have advantages in
capturing high-order correlations between events.

5.5. Experiments in multi-train delay prediction scenarios

To prove the unique advantages of the MEHD model in multi-train delay prediction scenarios, we conducted experiments from
three perspectives to verify that: (1) MEHD can effectively learn the generation process of the arrival time distribution of each train; (2)
MEHD has good robustness in dynamic and stochastic train operation network; (3) The MEHD model has higher efficiency in parallel
inference of multiple trains compared to the serial inference of a single train. We draw the following conclusions:

MEHD can effectively learn the generation process of the multi-train arrival time distribution in the network. In Fig. 6, we visualize the
arrival time distribution of G101, G109 and G115 during the training process based on the gaussian kernel density estimation. The

density estimation method is shown in Eq. (35), where )A‘(x) is the density estimate at point x, n is the number of samples, h is the
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Fig. 6. Visualization of the arrival time distribution of G101, G109 and G115 during the training process.
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bandwidth, and K is the kernel function. As we can observed, at the beginning of training, the time distribution exhibits in a chaotic and
random state. As the training progresses, the data distribution gradually deforms and becomes concentrated. Finally, the predicted
time distribution almost completely coincides with the ground-truth distribution, which indicates that MEHD can successfully learn
the generation process of the arrival time distribution of each train.

> 1 n — Xi

Fo9 = L K () )
1 &

K@) = \/—2_”e 2 (39

MEHD has good robustness in dynamic and stochastic train operation network. Influenced by factors such as extreme weather and
periodic passenger flow pressure, capacity adjustment strategies such as train service cuts, detour operations, or temporary additional
train services are derived, making the railway network dynamic and stochastic, which places higher robustness requirements on the
model. Therefore, we assess the effects of missing values and noise on the model’s performance separately.

We randomly inserted labels of suspended trains into the training set, with a train cancellation ratio ranging from 5 % to 55 %,
while keeping the validation set unchanged. Fig. 7 shows the prediction results under different train cancellation ratios. As we can
observed, as the train cancellation ratio increases, the MAE increases from 0.253 to 0.443, the RMSE increases from 0.328 to 0.522, the
MAPE increases from 1.521 to 1.965, and the NLL fluctuates within a range. The result indicates that as the training data decreases, the
learning effect of the model deteriorates. However, MEHD trained on datasets with 55 % train cancellation ratio still achieves per-
formance close to state-of-the-art baseline, which shows that MEHD can meet the prediction requirements in a dynamic and stochastic
train operation network.

We inject Gaussian noise 5 J’”(O, az) into each arrival event, with ¢ = ¢.6, where & is the average standard deviation of arrival
times. We evaluate robustness over ¢ € {0.05,0.3,0.5} and report the prediction results under different intensities of noise in Fig. 7. As
we can observed, as the intensity of the noise increases, the MAE increases from 0.253 to 0.968, the RMSE increases from 0.328 to
1.224, the MAPE increases from 1.521 to 3.011, and the NLL increases from —2.196 to —0.437. The result indicates that as the noise
disturbance increases, The model performance gradually declines. But, when the noise intensity is 0.5, the performance of our model is
still better than that of the RMTPP model. This indicates that our model has a certain degree of noise robustness.

The MEHD model has higher efficiency in parallel inference of multi-train. As shown in Fig. 8, we counted the inference time of MEHD
and TANTPP for predicting the arrival event of 100 trains, and counted the number of model parameters (the hidden layer was
uniformly set to 256). In TANTPP, we accumulate the inference time of each train in a serial inference manner to get the total time,
while MEHD uses a parallel inference manner. As we can observed, the total inference time of MEHD is 0.9130 s, with the initial noise
sampling time being 0.7632 s and the forward inference time being 0.1498 s. Compared with the forward inference time of 0.3658 s of
TANTPP, the inference efficiency of MEHD is improved by about 1.44 times, and the number of parameters of MEHD is only 48.36 % of
that of TANTPP. The results show that MEHD not only has higher accuracy than TANTPP, but also demonstrates obvious advantages in
computing efficiency and model complexity.
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Fig. 7. Prediction performance of MEHD under varying suspension data ratios and noise intensity.
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Fig. 8. Comparison of model complexity and inference efficiency of MEHD and TANTPP.

6. Conclusion

This paper focuses on regional-level multi-train delay prediction, which is more challenging compared to single-train arrival
prediction or delay prediction within fixed time intervals. We propose a brand-new Multivariate Event Hypergraph Diffusion Model,
transforming the regional-level multi-train delay prediction problem into the probability distribution solving problem for train arrival
events. Extensive experiments demonstrate that our MEHD achieves superior performance compared to current state-of-the-art models
on actual high-speed rail performance datasets, and it also exhibits good robustness and efficiency. Then we verify the effectiveness of
the key components through ablation experiments. Subsequent experiments and analyses demonstrate the unique advantages of
MEHD over single-train prediction methods.

In the following research, we will collect more data on train operation disturbances and fully consider the time-varying charac-
teristics of disturbance propagation, including the differences between peak and off-peak operation periods. And we will introduce a
spatio-temporal adaptive hypergraph generation module to learn the intensity between events based on features such as real-time
position and speed. Intuitively, this method explicitly models the impact of train operation disturbances on train running and im-
proves the prediction accuracy.
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