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Abstract

Vehicle dispatching is essential for maintaining supply—demand balance in ride-hailing sys-
tems, but existing frameworks separate demand prediction from vehicle allocation, causing
a mismatch between prediction accuracy and operational performance. This study proposes
a decision-focused end-to-end learning framework that integrates spatiotemporal demand
representation and vehicle-to-region dispatching within a unified trainable architecture.
The model combines a multi-graph spatiotemporal prediction module with a recurrent
Transformer-based dispatching module that iteratively refines vehicle assignments under
capacity-aware constraints. A structured loss jointly considers demand prediction, dispatch
objectives, and constraint violations, reducing dependence on expensive optimization
labels. Experiments on real ride-hailing datasets from Chengdu, Xi’an, and Haikou show
competitive dispatching quality and zero capacity-constraint violation rate (CCVR) in the
reported city-level comparison. Relative to the Kuhn-Munkres benchmark, the proposed
model reduces average reported online dispatching computation time from 242.47 s to 2.45s,
a 98.99% reduction (approximately 98.80-fold acceleration). The decision-oriented mecha-
nism yields operationally useful demand representations, suggesting neural dispatchers
offer a scalable approximation for high-frequency operations where responsiveness and
feasibility are critical.

Keywords: decision-focused learning; ride-hailing; recurrent Transformer; vehicle dispatching;
constraint-aware learning

1. Introduction

Ride-hailing platforms have become a core component of urban mobility by matching
distributed travel demand with available vehicles [1-3]. Their dispatch systems must
balance service coverage, vehicle utilization, passenger waiting time, and platform revenue,
and these decisions become computationally demanding when updated at high frequency
across many vehicles and regions [4,5].

Most practical systems follow a predict-then-dispatch workflow: future demand is first
estimated from historical observations, and vehicles are then allocated by an optimization
or heuristic procedure [6-8]. This modular design is interpretable, but its components are
trained under different objectives—demand models minimize statistical error, whereas
dispatching models optimize operational quantities such as coverage, revenue, or idle
travel [9-11]. The prediction with the smallest standalone error is therefore not necessarily
the representation that yields the most useful downstream allocation.
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Decision-focused learning reduces this mismatch by allowing downstream decision
losses to shape the predictive representation [12-14]. Reinforcement learning couples state
estimation with sequential decisions but requires extensive interaction data and carefully
designed rewards [15], while exact and heuristic optimization is too slow to re-solve at high
frequency. The central challenge is thus to balance dispatch quality, constraint satisfaction,
and online computation time rather than to dominate every baseline.

This study develops an End-to-End Dispatching Model (E2EDM), a decision-focused
neural approximation that couples a multi-graph spatiotemporal demand module with
a recurrent Transformer to iteratively refine vehicle-to-region assignments. Trained end-
to-end with prediction, dispatch-objective, and capacity-constraint terms, it aligns its
representations with downstream allocation. It targets dispatch-level decision support
and does not model autonomous-vehicle constraints such as battery state of charge or
charging availability.

The main contributions of this study are summarized as follows:

(1) We formulate a decision-oriented dispatching problem that unifies idle distance,
revenue potential and a demand-weighted waiting-distance surrogate, and regional
capacity feasibility in a single training objective.

(2) We develop an end-to-end prediction—dispatch framework that links spatiotemporal
demand representation to downstream allocation, so predictions are optimized for
dispatching utility rather than forecasting error alone.

(3) We design a multi-graph spatiotemporal prediction module that encodes spatial
separation, functional similarity, and demand-pattern similarity among regions.

(4) We propose an encoder-only recurrent Transformer that non-autoregressively refines
region-level assignment through full-attention global reasoning.

(5) We evaluate the framework on ride-hailing data from three cities, showing compet-
itive dispatching quality, stable capacity feasibility, and substantially lower online
computation time than the KM benchmark.

The remainder of this paper is organized as follows. Section 2 reviews related work,
Section 3 formulates the problem, Section 4 presents the proposed framework, Section 5
reports the experiments, and Section 6 concludes.

2. Related Work

This section reviews solution algorithms for vehicle dispatching systems, empha-
sizing computational efficiency and deployment [16-18]. Existing methods fall into
four categories—traditional optimization, heuristic, machine learning, and reinforcement
learning—whose limitations motivate our decision-focused approach.

First, traditional optimization methods provide interpretable, reference-quality solu-
tions when the problem structure is well defined, including mixed-integer programming
for intertemporal resource allocation [19], routing and assignment [20], and adaptive KM
matching [21]. However, repeatedly solving these models online becomes computationally
burdensome as decision variables and dispatch windows grow.

Second, heuristic algorithms offer flexibility and rapid response at the cost of exact
optimality. Representative work includes online insertion heuristics that anticipate future
demand [22], hybrid assignment—optimization for dial-a-ride problems [23], non-myopic
relocation incorporating long-term objectives [24], batch order dispatching with short-term
demand [25], variable neighborhood search for demand-responsive transit and shared au-
tonomous vehicles [26,27], hybrid multi-criteria frameworks for rural last-mile planning [28],
and green or time-dependent routing solved by swarm-based metaheuristics [29-32]. Despite
this flexibility, heuristics rely on hand-designed rules and domain knowledge [33,34], limiting
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their adaptability and generalization in dynamic, heterogeneous urban environments [35,36];
these limitations motivate more data-driven alternatives [37,38].

Lee and Jeong studied accessible taxi routing by combining a Gaussian mixture model
of passenger travel behavior with a vehicle routing problem with time windows, illustrating
the importance of demand heterogeneity for routing decisions [39].

Third, data-driven machine learning methods learn dispatching policies directly
from large-scale historical data, improving adaptability over rule-based heuristics [40—42].
Guo et al. [43,44] integrate data-driven demand estimation into optimization-based dis-
patching, classifying approaches into order matching, vehicle repositioning, and joint
modeling. Such methods improve efficiency and accuracy but face scalability and general-
ization challenges in large-scale deployment.

In ride-hailing subsidy allocation, Yang et al. developed a decision-focused learning
approach that links trip-completion prediction to downstream subsidy decisions, highlight-
ing the limitations of optimizing predictive accuracy alone [45]. Unlike subsidy allocation,
the present study addresses vehicle-to-region dispatching through a constraint-aware
recurrent Transformer.

Fourth, reinforcement learning (RL) addresses sequential decision making through
environment interaction [46]. Prior work formulates taxi dispatching as a Markov decision
process with multi-agent assignment and repositioning [47-49], and hybrid methods com-
bine deep RL with integer programming for assignment and rebalancing [50], while others
incorporate passenger behavior and driver heterogeneity [51,52]. Shared-bicycle studies
explore RL-based rebalancing and predictive scheduling [53,54], and large-scale implemen-
tations adopt multi-agent actor—critic frameworks [55]. These methods are expressive but
their interaction requirements, training cost, and reward design complicate deployment.

Despite this progress, several challenges remain (Table 1). Specifically, most ap-
proaches exhibit the following limitations:

(1) Prediction and dispatching objectives are often optimized separately, though lower
prediction error does not guarantee better allocation.

(2) Optimization and heuristic methods provide strong reference solutions, but their
online cost grows with instance size and dispatch frequency.

(3) Learning-based dispatchers must balance operational objectives, capacity constraints,
and scalable inference.

These gaps motivate a decision-focused neural approximation rather than a claim that
learning should replace optimization. The proposed framework couples prediction and
dispatching during training, incorporates capacity terms, and moves most computation
offline, providing fast, constraint-aware assignments while retaining optimization and
heuristic methods as high-quality references [19,56].

Table 1. Existing research analysis.

Research Method Scalability Og'[ ult.l- Structure Heterogeneous
jective
[22] Heuristic Medium Yes Pipeline No
[23] Heuristic + Optimization Large Yes Pipeline No
[24] Heuristic Medium Yes Pipeline No
[26] Heuristic (VNS) Medium Yes Pipeline No
[27] Heuristic (VNS) Medium Yes Pipeline No
[28] Heuristic + MCDM Medium Yes Pipeline Yes
[47] Reinforcement Learning Medium Yes Pipeline No
[48] Multi-Agent Reinforcement Learning Medium No Pipeline No
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Table 1. Cont.
s Multi-
Research Method Scalability Obiecti Structure Heterogeneous
jective

[25] Learning + Planning Large Yes Pipeline Yes

[42] Deep Reinforcement Learning Medium Yes Pipeline No

[43] Data-Driven Optimization Large Yes Pipeline Yes

[44] Robust Optimization Large Yes Pipeline Yes

[50] Reinforcement Learning + Integer Programming Large Yes Pipeline Yes

[40] Offline Reinforcement Learning Large Yes End-to-End Yes

[8] Reinforcement Learning Large Yes End-to-End No

[53] Reinforcement Learning Medium Yes Pipeline No

[54] Regression + Heuristic Medium No Pipeline No
Ours Deep Learning Large Yes End-to-End Yes

3. Problem Formulation

This section begins by introducing the fundamental definitions and problem formu-
lation that underpin our approach. This is followed by a comprehensive description of
the proposed vehicle dispatching model, which jointly considers multiple optimization
objectives from both the platform and user perspectives, ensuring a balanced and holistic
dispatching strategy.

DEF 1. SERVICE BLOCK. Let S denote the given geographic region, with longitude
boundaries [1gu.y and Ing,,;,,, and latitude boundaries /at;;,y and lat,;,. The region is
partitioned into p x g service blocks s;;, as defined in Equations (1)-(3). In this partition,
the length and width of each service block are given by

.. 1 —1 .
lllij/lg _ ngmax ; ngmm (1)
ii lat o — lat,,;
l;{]lt _ max ; min (2)
§={sij|ie[Lp]NN, je [l g NN} 3)

DEF 2. TIME WINDOWS. The 24 h day is evenly divided into ¢ intervals of equal
duration, represented by the set T = {f; | k € [1,5] N N}.
DEF 3. SERVICEABLE VEHICLE. All available service vehicles are represented by the
setV ={v,|n=1,2,...,Cn}, where Cy denotes the total number of available vehicles.
DEF 4. PASSENGER DEMAND. Passenger demand is denoted by Orf}'j , defined as
the total number of user orders submitted within service block s;; during time window #.
DEF 5. DECISION VARIABLE. Let the time-indexed decision variable M;" i indicate
whether vehicle v, is assigned to service block Sij during time window #;:
ho_ 1, if v, is assigned to s;; at ti, )
i 0, otherwise.
We consider three dispatching objective components: vehicle idle distance, a demand-
weighted revenue-potential surrogate, and a demand-weighted distance surrogate for
passenger waiting. Their weighted combination is used as a differentiable decision-oriented
training signal; it is not presented as an exact mathematical program solved online at
every window: Cx
T =Y (MCF = 2Tk + AsT) ©)

n=1
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Here, C, I’¥, and T denote the corresponding quantities for vehicle n at time f.
The coefficients A1, A», and A3 control their relative importance. The symbols 6, I~, and T
denote the individually Z-score-normalized objective components before weighted ag-
gregation. For each objective component X € {C,I, T}, the normalization is defined as
X = (X — ux)/ox, where ux and oy are the mean and standard deviation of that compo-
nent, respectively, calculated from the training data and then held fixed for validation and
testing. The approximately equal weights of 0.33 provide a reference configuration without

privileging one objective; a systematic sensitivity analysis has not yet been performed.

Specifically,
t t
Cit = Y My cly (6)
SijES
s
Lover - OI’t’]
Lf=y M. . —— )
n s,,»ZeS n,ij Zsabes ori:b
tx Sij
ck. .Or
T = L My = ®)

s Loyes Oy
where c:lk ij denotes the distance traveled by vehicle # to service block Sijs and Iayer represents
the average revenue from historical orders. Equation (7) measures demand-weighted
revenue potential, not realized platform revenue: successful order fulfillment, dynamic
pricing, and direct competition among vehicles in the same block are not explicitly modeled.
Equation (8) measures a demand-weighted distance surrogate, not actual passenger waiting
duration; it does not incorporate speeds or passenger pickup delays. The three objectives
are normalized separately before applying their coefficients.

The standard one-to-one assignment problem can be solved in polynomial time by
Hungarian-type algorithms. However, when regional capacity constraints, multiple op-
erational objectives, rolling time windows, and large online instances are considered
together, repeatedly solving optimization or heuristic models can become computation-
ally burdensome. This motivates learning a fast approximation that is evaluated against
optimization-based references.

4. Methodology

We propose an End-to-End Prediction-Dispatch Model (E2EDM) composed of two
modules: prediction module and dispatching module. Section 4.1 outlines the overall
architecture, Section 4.2 details the prediction module, Section 4.3 presents the dispatching
module, and Section 4.4 introduces the training objective and optimization procedure.

4.1. Overview of the End-to-End Dispatching Model

The proposed model encompasses the full dispatching workflow, spanning from
historical order data ingestion, through pattern learning, to final vehicle dispatching deci-
sions and assignment outputs. The overall architecture is structured into two main stages,
as illustrated in Figure 1.

4.1.1. Offline Learning

During the offline learning phase, the prediction and dispatching modules are jointly
optimized based on a grid-based spatial partitioning of the urban area and historical order
data. Specifically, we construct multiple heterogeneous graph structures that capture
service block adjacency and historical mobility patterns. A Multi-Graph Convolutional
Network (MGCN) is employed to extract spatial dependency features across service blocks.
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These spatial embeddings are then fed into an LSTM-based encoder-decoder architecture
to model the temporal dynamics of demand evolution, enabling accurate prediction of
order distributions across future time windows.

Online Planning

f\' § g' S ) Passenger Service Area
Order-Vehicle Pairs Q8¢ ’@‘ "\’ '9@9
&{n B RN {l ‘@%\ ’—— g EH

l &

End-to-End Dispatching Model ﬁ

l Execution OO
&',_.& &{\ & J Serviceable vehicles

Dispatching Result 2‘_> P 2‘\“
8_’.‘: g e

Offline Learning End-to-End

Dispatching Model
/ Demand ./.\/
Data Prediction °
| I Module ppe—
Multi-Graph Conv Encoder-Decoder ﬂ
Loss Functi
@ Dispatching § 3 i ) oss Function
Module ‘)‘. @

Recurrent

Transformer Vehicle Dispatch

Figure 1. Overall model architecture.

The prediction outputs are embedded as structured inputs into the dispatching module,
enabling the latter to generate vehicle-to-block assignment strategies that optimize platform-
level objectives such as idle distance minimization, revenue maximization, and supply-
demand balance. Unlike traditional pipeline designs, where prediction and dispatching are
trained independently, our model implements a fully differentiable architecture wherein
both modules are jointly optimized in an end-to-end manner.

Specifically, gradients from the dispatching loss can propagate through the Trans-
former layers into the upstream prediction module. The architecture is therefore end-to-end
trainable and structurally coupled, allowing demand representations to be shaped by both
prediction error and downstream dispatch objectives. The experiments evaluate the inte-
grated framework, but do not claim that this coupling universally dominates independently
trained prediction models.

Service-block capacity limits are incorporated through differentiable penalty terms.
These terms encourage feasible assignments rather than mathematically guaranteeing
feasibility for every possible input.

4.1.2. Online Planning

In the online planning phase, the trained model predicts upcoming demand and
generates vehicle-to-block assignments without repeatedly solving the KM reference prob-
lem. Most computation is shifted to offline training, while online inference remains at the
seconds level on the reported hardware.

4.2. Prediction Module

To capture prior knowledge of passenger demand pattern, we propose a Spatiotempo-
ral Multi-Graph Convolution (STMGC) module that effectively models the complex spatial
and temporal dependencies among service blocks. The structure of the module is illustrated
in Figure 2. The module jointly captures spatial correlations between different regions
and temporal dynamics in historical demand patterns, enabling more accurate demand

https:/ /doi.org/10.3390/app162110640
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prediction. We propose a Spatiotemporal Multi-Graph Convolution (STMGC) module
that jointly models spatial and temporal dependencies among service blocks (Figure 2),
providing reliable demand representations for downstream dispatching.

Glistance Convert to sequence
.ﬁ % based on time
S . 0000 W
ervice Calculate -
Blocks C lati
Input G, orrelation
""""" > Parallel
i GCN
Service &
Blocks Calculate 1 " Fusion

Correlation
thul %

........ . W

Service
Blocks

LSTM
Decoder

v
Outputs

Figure 2. Structure of the prediction module.

Since a single graph cannot capture the multidimensional correlations among service
blocks, we construct three graphs from distinct perspectives: geographical proximity,
functional similarity, and demand heat similarity. Each graph encodes spatial relationships
from a distinct perspective: geographical proximity, functional similarity, and historical
demand heat similarity. This multi-view graph construction enables a more comprehensive
and nuanced representation of the associative features among service blocks, thereby
enhancing the model’s capacity to capture realistic spatial interactions.

GRAPH 1. DISTANCE-COST GRAPH. The distance—cost graph records the spatial
separation between service blocks. Each node corresponds to a grid cell, and a larger
edge value indicates greater separation rather than stronger similarity. The subsequent
normalization and learned transformations determine how this cost information contributes
to the representation. Specifically, for any two blocks s; and s;, their Euclidean distance is

defined as follows: 2

G;i,;-sm”ce = \/ (lat; — latj)2 + (lngi - lng]-) )

Here, lat; and Ing; denote the centroid coordinates of block i. This graph provides ex-
plicit geographic cost information that complements the functional and historical-demand
similarity graphs.

GRAPH 2. POI SIMILARITY GRAPH. Service blocks with similar functional at-
tributes—such as commercial centers, residential neighborhoods, or entertainment districts,
often exhibit analogous patterns of demand fluctuation. To quantify these functional sim-
ilarities, we construct a Point-of-Interest (POI) similarity graph, in which edge weights
reflect the degree of overlap in POI category distributions between blocks. This graph
provides valuable contextual information that complements purely spatial and temporal
signals, enhancing the model’s ability to generalize across diverse urban environments.
Specifically, for each block s;, we generate a functional feature vector f; by aggregating the
distribution of different categories of POIs within that block. The POI similarity between
any two blocks is computed as shown in Equation (10):

poi fzf]

G’ = 10
i AT {10
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Here, GZ ;i represents the POI similarity between service blocks i and j,
fi = [poin, poip, . .., poiy| denotes the POI feature vector of service block i, where poiy is
the count of POls of category k within block i.

All data-dependent preprocessing statistics and historical-demand correlations used to
construct the heat graph are estimated only from the training period; the resulting graph
structures remain fixed during validation and testing to prevent temporal information leakage.

GRAPH 3. HEAT GRAPH. The heat graph captures dependencies between service
blocks that, although geographically distant and functionally dissimilar, exhibit highly
similar patterns of demand evolution over time. For instance, a commercial district and
a medical center—despite their spatial separation and distinct land-use functions—may
display comparable temporal trends in order demand. To model these latent demand
correlations, we construct a demand heat similarity graph, in which each node represents a
service block and the edge weights are determined by the pairwise correlation between
their historical passenger demand time series. This approach enables the model to identify
and leverage functional analogies that are not evident from geographic or categorical
features alone. By connecting service blocks with similar demand dynamics, the heat graph
enhances the model’s capacity to generalize and adapt to complex, real-world dispatching
scenarios. Specifically, the heat graph is defined as shown in Equation (11):

Cov(Or¥i, Or%)
Gheat — 4 11
i = {Or)o(0r) + e (1)

Here, Or® and Or®/ denote the historical demand sequences of blocks i and j, re-
spectively. Equation (11) is the Pearson correlation coefficient, with a small € added for
numerical stability.

After constructing the three heterogeneous graphs: representing geographical prox-
imity, functional similarity, and demand heat similarity—we perform graph convolution
operations on each graph in parallel. This allows us to extract service block embeddings
from multiple distinct perspectives simultaneously. The resulting multi-view embeddings
are then aggregated through a feature fusion mechanism to generate a unified representa-
tion for each service block. This fused representation serves as the input to the downstream
demand prediction module. By jointly modeling the heterogeneous graph structures,
the proposed approach effectively enhances the model’s ability to capture complex inter-
block dependencies across spatial, functional, and temporal dimensions. This leads to
more informative and robust feature representations, ultimately contributing to improved
accuracy in predicting future demand patterns.

X! = U(AX(Z’UW(Z’”) (12)

Here, o denotes the activation function, A represents the adjacency matrix correspond-

I=1) denotes the

ing to the input graph, X('~1) is the output of the previous layer, and W'
weight matrix.
To extend the capability of the GCN for handling multi-view graph structures, we adopt

an enhanced multi-graph convolution approach [57], which can be formulated as follows:

G(X", AY) =Y A"XPWP (13)
u

where A* = (D*)~1/2(I + A*)(D")~1/2 denotes the symmetrically normalized adjacency
matrix, and A" represents the adjacency matrix of each graph type.

To further integrate different types of service block relationship graphs, we employ
a Multi-Graph Convolution (MGC) mechanism [58]. Specifically, for the constructed
heterogeneous graphs, the MGC operation is defined as follows:

https://doi.org/10.3390/app162110640
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MGC(XP, Gdistance’ GPOi, Gheat) _ 2 (GllXp WP) (14)
ue{distance, poi, heat}

To improve computational efficiency, we adopt a Chebyshev polynomial approx-
imation to replace the standard graph convolution operation, thereby accelerating the
convolution process for each graph. This approximation is formulated as

GON(G", X') = X(+D) = o g(6;, G") X IW") (15)

where g(6;, G*) = Y.X_6,T;(L) represents the K-order Chebyshev polynomial function of
the graph Laplacian, and W' denotes the feature transformation matrix. This mechanism
significantly reduces computational complexity while preserving accurate feature propaga-
tion across heterogeneous graph structures, thereby enhancing the model’s efficiency in
encoding spatial dependencies.

To capture the temporal evolution patterns of block-level demand, we further in-
corporate an LSTM encoder—decoder architecture, which effectively models sequential
dependencies over time. The architecture follows a sequence-to-sequence (Seq2Seq) frame-
work, consisting of an encoder that captures historical temporal patterns and a decoder
that generates future demand forecasts.

Specifically, the model first applies multi-graph convolution to historical order data
across multiple time windows. Within each time window, graph convolutions are per-
formed in parallel across the distance graph, POI similarity graph, and heat graph, ex-
tracting spatial features from distinct perspectives. These multi-view features are then
aggregated through a weighted fusion operation, yielding a comprehensive spatial repre-
sentation for each time window, denoted as ka . For a sequence of k time windows, this
yields a spatial feature sequence:

Hf:{Hfl,Hfz,...,ka} (16)
This sequence serves as the encoder input to capture long-term temporal dependencies
in block features and is compressed into a fixed-length internal representation, which is

passed as the hidden state to the decoder. The decoder then takes the encoder’s final state
as its initial state and sequentially predicts the output demand estimates:

Y= {04 0., } (17)

Algorithm 1 below outlines the procedure of the STMGC prediction module.

Algorithm 1: STMGC prediction module

Input: historical demand sequence { X!}, multi-graph adjacency matrices

1: {Gdistance, Gpoi, Gheat}
2: Initialize parameters of GCN layers and LSTM encoder
3: fort=1toT do
4: for each graph Gk e {GdiSt”"CE, GPoi, Ghe”t} do
5: Compute normalized adjacency matrix: A* = (D*)~1/2(I 4 A*)(D*)~1/2
6: Perform Chebyshev GCN convolution: X'*1 = U(g(@i, Gy x( >Wl>
7: end for
8: Fuse features from all graphs: H; := Combine( Gdistance Gpoi Gheat)
9: end for

10:  Get spatial-temporal sequence: Hse; = {Hy,, H,, ..., Hy }

11:  Feed sequence into LSTM encoder to capture temporal patterns

12:  Use decoder to predict future demand: D; := LSTM_Decoder ( Hseg)

13:  Output: predicted demand sequence {D;}

https://doi.org/10.3390/app162110640
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4.3. Dispatching Module

The dispatching module uses an encoder-only recurrent Transformer to represent
coupled vehicle-to-region decisions. Unlike autoregressive sequence generation, all vehicle
representations are updated in parallel with non-causal full attention. A recurrent infer-
ence mechanism feeds the hidden representation from one reasoning round into the next,
enabling non-autoregressive iterative refinement of the assignment distribution.

The module has three features: (1) encoder-only parallel updates, where all vehicle
states are updated simultaneously rather than autoregressively [59]; (2) recurrent refine-
ment, where multiple self-attention rounds reuse the previous hidden state [60]; and
(3) non-causal full attention over the global vehicle and block state, supporting coordinated
reasoning (Figure 3).

Historical Optimal Solution

" ! .

PGS

, Bl

be| e A5
R N

Layer Norm Transformer Block x M

Layer Norm

Feed Forward

¢

Global )
Layer Norm Perspective MultisHead
P Attention
Multi-Head ‘Which one is better m
Attention "0 2\><& Compare
’HI R e g
Layer Norm ‘ R —®% Learning L
Embedding Recurring Operation x N

Inputs

Figure 3. Structure of the dispatching module.

In the modeling process, the dispatching module receives two key input matrices:
the demand distribution matrix P; € R™*™ which records the demand information for
each service block within a specified time window. This matrix is used to enforce column
constraints, ensuring that the number of vehicles assigned to each block does not exceed its
corresponding demand capacity. Additionally, the vehicle distribution matrix P, € Rrxm?
captures the current vehicle distribution status.

We first embed the vehicle distribution into token and positional representations
Emtoken and Empos, where the former projects vehicle features into a shared latent space
and the latter preserves each vehicle’s identity and relative position. Meanwhile, Emps is
a randomly initialized positional encoding vector of dimension /,,, used to preserve the
identity and relative position of each vehicle within the fleet, ensuring that the model can
distinguish between different vehicles.

The proposed Recurrent-Transformer model adopts a stacked architecture integrated
with a recursive looping mechanism, consisting of M self-attention blocks and N recursive
iterations. Through this multi-step reasoning framework, the model iteratively refines
dispatching decisions, progressively improving the alignment between vehicle assignments
and dynamic demand patterns:

https://doi.org/10.3390/app162110640
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gn0) — g(n-1,M) (18)
Hnm) — Blockm(H(n,mil)) vme{l,..., M} (19)
x(mm) — softmax(ln(H(”’m)) -/\out)/ vme{1,..., M} (20)

Here, H"%) denotes the initial hidden state of the n-th recursive iteration. In partic-
ular, the initial hidden embedding input is defined as H (L0 = Emygpen + Emypos. Blocky,
represents the m-th Transformer block, which performs self-attention mechanisms and
feedforward network operations at each layer. The operator In(-) = layer_norm(-) denotes
layer normalization, which stabilizes the training process. Aoyt € R/"1*¢ denotes the output
layer weights, and X (") € Rt*¢ denotes the neural network outputs.

For each dispatching instance, the set of idle vehicles eligible for repositioning is
specified by the input scenario. The dispatching module takes this predefined set as input
and assigns target service blocks to the participating vehicles; it does not perform a separate
vehicle-selection procedure. Other idle vehicles remain at their current locations. For each
participating vehicle, the final probabilistic output is converted to a discrete target block by
a vehicle-wise argmax operation. The decoder does not itself impose a strict block-capacity
guarantee; constraint penalties during training discourage capacity violations, and no
separate capacity-repair algorithm is applied in the reported decoding.

To enhance the model’s ability to capture diverse subspace features within the global
system state, we incorporate the multi-head attention mechanism, which enables the model
to jointly attend to information from different representation subspaces.

Assume that the hidden state is linearly projected into h attention heads, each with a
reduced feature dimension of

I
I = % (1)

For the k-th attention head, in the n-th recursive iteration and the m-th Transformer
block, the Q]({"’m) , K]E"’m), and Vk(n’m) representations are defined as follows:

Q™" = In(Htvm ) . Wi (22)
K™ = n(HOm ) (23)
v = n(HOm ) (24)

The scaled dot-product attention weights are defined as follows:

n,m nm)\ T
Q" (k")
Vi

The attention output and its projected head representation are then computed as

A](cn’m) = softmax< >, ke{l,...,n} (25)

Z]En,m) _ A]((n,m)Vk(n,m),
Vi =z"MwW, ke {1,...,h} (26)

By concatenating the outputs of all attention heads and applying a linear transforma-
tion, we derive the aggregated representation:

V* = Concat(Vy,..., V) - Wo, ke{l,... h} (27)
Finally, the overall update operation of each Transformer block is expressed as follows:

Blockm(H(”"”)) = MLP,(In(V*)) + V* (28)
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Here, the subscript k indicates the query Q,(("’m) , key K,En’m), and value Vk(n’m> matri-
)

ces corresponding to the k-th attention head. A](("’m denotes the attention-weight matrix,

and Z,En’m) is the corresponding value-weighted attention output. 1/I;, denotes the dimen-

sionality of the key vectors and scales the dot product to improve numerical stability. ngm)
projects each head output, while Wy projects the concatenated multi-head representation
into the desired output dimension.

This multi-head attention design allows the model to simultaneously model vehi-
cle-vehicle interactions, block-block correlations, and cross-entity dependencies, signif-
icantly enhancing its capacity to perform global collaborative reasoning in complex dis-
patching scenarios. Algorithm 2 below outlines the procedure of the Recurrent-Transformer
dispatching module.

Algorithm 2: Recurrent-Transformer Dispatching Module

1: Input: Vehicle feature set V with features (location, idle time, capacity), region set
with predicted demand Dy, recursion step N, transformer block number M.

2: Token embedding matrices Emygyen and Enpos.
3: Set H10) = Emyoken + Eipos.
4: Forn =1to Ndo
5. Ifn>1,set H"0) = g=1M),
6: Form =1to M do
7: For each head k = 1 to h do
8: Q;(Cn'm) = ln<H(”/m)> ng’m.
o K = (O .
10: v = wn( HOW W),
11: A,(Cn’m) = softmax(Q,((n’m) (K]in,m) )T/ \/E)
12: z{mm) — pmmynm) e znm ),
13: end for
14: V* = Concat( V', ..., V).
15: x(mm) — softmax(LayerNorm(H (”’"1)) Aout>.
16: end for
17: end for

18: Output: Final dispatch decision matrix X (nm)

4.4. Loss Function

To jointly optimize demand prediction, dispatch objectives, and constraint penalties,
we design a structured loss that supports two training strategies: KM-guided optimization
(KMGO) and constraint-guided optimization (CGO). KMGO uses KM-generated reference
assignments as supervised guidance, whereas CGO relies on the differentiable dispatch
objective and structural constraint penalties without requiring KM labels.

The first component of the loss function is the Prediction Loss Lgemand, Which quan-
tifies the model’s performance in predicting future demand trends. This is implemented
using the Mean Squared Error (MSE) between the predicted and actual demand distribu-
tions across service blocks:

Ldemand = MSELOSS =

=1

k
Z‘i(l/t — ) (29)
—

where ; and y; denote the predicted and ground-truth demand values, and k is the total
number of service blocks.
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To optimize the vehicle dispatching module, we define two complementary types of
dispatching loss that accommodate different training scenarios and data availability:

(1) KM-guided optimization loss. When KM reference assignments are available,
the model minimizes the discrepancy between the objective values of its predicted assign-
ment and the reference assignment.

(2) Constraint-guided optimization loss. In CGO, reference assignments are not
used. The model is guided by the differentiable dispatch objective and structural constraint
penalties. This reduces dependence on optimization labels, although it does not constitute
a proof of optimality.

Let Ia represent the reference assignment indicating the target service block for each
vehicle. Given the model’s predicted dispatching plan P, we evaluate the quality of the
dispatching solution based on idle distance C, a revenue-potential surrogate I, and a
waiting-distance surrogate T, rather than directly observed revenue or waiting duration.

O(P) = (C(P),—I(P), T(P)) (30)
Accordingly, in the supervised setting, the single-step dispatch loss is defined as the

difference between the expected objective value derived from the model’s output and the
corresponding value from the reference assignment:

Lop g, (P,10) = [O(P) = O(la)], (31)

In the absence of reference assignments, we define the single-step unsupervised
Lopt,,g,  (P) = MC(P) — AI(P) + AsT(P) (32)

To account for the recursive nature of the Recurrent Transformer architecture, we

dispatch loss as

accumulate the single-step losses across all recursive iterations and Transformer blocks to
compute the overall dispatch loss:

Ldispatch o L( )

N
Ldzspatchm)m, ( ) Z

N M )

; ; optsmgkk( n,m ,la) (33)
M
Z

“ptsmgkmm( x m)) (34)

When applying unsupervised loss, to ensure that the dispatching solutions adhere to
real-world operational constraints, we incorporate a Constraint Embedding Mechanism,
which introduces explicit structural loss terms to encode key scheduling rules:

(1) Row Constraint (Vehicle Single Assignment): Each dispatched vehicle is assigned
to one service block.

2
Liow = 2(213 1) , Vie{l,2,...,n} (35)

=1

(2) Column Constraint (Block Capacity Limitation): The number of vehicles assigned
to block j must not exceed its demand capacity Or;.

ReLU (f P(X;=j)— Or]->

i=1

m 2

col*Z

(36)

As softmax is applied across candidate blocks for each vehicle, row probabilities
already sum to one. Thus, the row loss in Equation (35) is theoretically redundant under
this normalization and explicitly records the single-assignment condition; the column term
supplies the principal capacity-related training penalty.

The overall constraint 10ss L.y,strqint is then defined as a weighted combination:
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Lconstmint = )\mw Lrow + )‘col Lcol (37)

where A, and Ay, are hyperparameters balancing the influence of each constraint.
The total loss is a weighted combination of all components:

Lkmgo = Ad Laemand + Ac Ldispatchkm (38)
cho = Ad Liemana + Ac Ldispatch + Avow Lrow + Acol Leol (39)

none

where Ly 0r Lego is applied depending on the training strategy, and A; and A are
coefficients controlling the relative importance of each component.

The constraint penalties encourage single assignments and capacity-aware allocations.
Their empirical contribution is assessed by the loss ablation in Section 5.2; no hard feasibility
guarantee is assumed.

5. Experiments

This section evaluates prediction accuracy, dispatch quality, constraint behavior,
and online computation time on three real-world ride-hailing datasets.

The experimental data are anonymized ride-hailing order records from Didi Chuxing,
collected in three cities—Chengdu, Xi’an, and Haikou—including order timestamps, pickup
and drop-off locations, trip durations and distances, and vehicle status. Supplementary
geographical information was obtained using the Baidu Maps Open Platform API (https:
/ /lbsyun.baidu.com/), which is provided as a public web service without a separately
specified software version. Table 2 summarizes the study periods, order and vehicle counts,
and spatial partitions. The datasets were split chronologically by collection date into
training (70%), validation (10%), and test (20%) subsets. Each demand prediction uses
12 historical 30 min windows (6 h) to predict the next 30 min window. Experiments used
Windows 10, Python 3.10, PyTorch 2.1.0, an Intel Core i7-14600KF CPU, an NVIDIA RTX
4060 Ti GPU, and 32 GB RAM. Table 3 presents the hyperparameter configuration.

Table 2. Dataset statistics and experimental spatial-temporal settings.

Characteristic Chengdu Xi'an Haikou

Study period 1-30 October 2021  1-30 October 2021 1 October—1 November 2021

Order records 9,542,273 5,509,214 2,477,150

Unique vehicles 42,664 14,973 8947

Spatial grids 16 x 16 16 x 16 10 x 10

Service blocks 256 256 100

Time-window duration 30 min 30 min 30 min

Train/validation/test 70/10/20% 70/10/20% 70/10/20%
Table 3. Hyperparameter configuration.

Parameter Value

Optimizer Adam

Learning rate 1x10°°

Batch size 32

Total epochs 500

Transformer blocks (M) 4

Recursive steps (N) 16

A, A, Ag 0.33

Ag 1

Ac 0.5

/\TOW 1

/\col 1
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5.1. Evaluation of Prediction Module

We evaluate the demand prediction module using Mean Absolute Error (MAE) and
Root Mean Square Error (RMSE), comparing against statistical, machine learning, and deep
learning baselines.

Table 4 and Figure 4 summarize the prediction results. The proposed model achieves
competitive accuracy across the three cities and improves substantially over the statistical
and several machine-learning baselines. ASTGCN, however, obtains lower MAE and RMSE
in all three datasets. This result is expected because ASTGCN is optimized specifically
for standalone forecasting, whereas the proposed prediction module is trained within a
decision-oriented objective that also reflects downstream dispatching. Accordingly, Table 4
should be interpreted as evidence that the integrated model retains a reasonable forecasting
capability, not as evidence of best-in-class prediction accuracy.

Table 4. Prediction performance analysis across different models.

Chengdu Xi‘an Haikou

Method

MAE RMSE MAE RMSE MAE RMSE
Linear regression 9.48 9.67 8.64 9.11 7.56 10.33
XGBoost 4.84 6.94 3.40 5.16 4.15 8.63
CatBoost 5.13 7.16 4.38 5.62 5.24 7.93
LSTM 4.61 6.81 3.27 5.28 4.16 7.23
LSTM-KNN 4.52 6.59 2.99 5.11 3.27 6.91
ASTGCN 4.32 6.33 241 4.36 2.12 6.51
Ours 4.48 6.45 2.55 4.82 2.46 6.57

Linear Regression

XGBoost q

CatBoost -

LSTM A

LSTM-KNN - Bl

Prediction error value (lower is better)

ASTGCN + 4.36

2.55

ours 4.82 ZAW

T T T
Chengdu Chengdu Xi'an Xi'an Haikou Haikou
MAE RMSE MAE RMSE MAE RMSE

Figure 4. Prediction error comparison across different models; lower values are better.

Table 5 reports the graph ablation. Removing the distance—cost graph degrades both
MAE and RMSE, indicating that geographic separation is important. Removing the POI or
heat graph increases MAE but decreases RMSE. Specifically, the full model achieves the
lowest MAE (2.46), whereas excluding the POI and heat graphs reduces RMSE from 6.57 to
4.78 and 5.36, respectively. This indicates a trade-off between average absolute error and
sensitivity to larger prediction errors; incorporating additional spatial relationships does
not necessarily improve every forecasting metric. Multi-graph fusion is interpreted here as
a decision-oriented representation design rather than a mechanism that minimizes every
standalone forecasting metric. Because RMSE places greater weight on large errors, this
pattern raises a potential concern for demand spikes or individual service blocks, where
localized forecasting errors may affect capacity-aware dispatch. The reported ablation does
not identify the locations of these errors or establish which graph configuration yields the
best downstream dispatch performance.
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Table 5. Graph ablation experimental results.

Ablation Setting MAE RMSE
Full model (all graphs) 2.46 6.57
w/o distance—cost graph 4.39 7.02
w/o POI graph 2.89 4.78
w/o heat graph 3.31 5.36

5.2. Evaluation of Dispatching Module

This subsection evaluates the learned dispatcher on representative instances from
Chengdu, Xi’an, and Haikou. The comparison baselines include the Kuhn-Munkres (KM)
algorithm, the prediction-based Iterative Kuhn—Munkres (IKM) approach [61], Fast Solution
Reconstruction (FSR) [3], and Adaptive Variable Neighborhood Search (AVNS) [62]. KM
provides a reference solution for the underlying bipartite matching component. Because the
complete evaluation also includes regional capacity and supply—demand metrics, KM is
treated as a benchmark rather than a globally optimal solution to every operational objective
considered in this study.

Figure 5 illustrates one dispatching instance on a 10 x 10 grid. The learned allocation
broadly follows the spatial pattern of the KM reference while not reproducing it exactly.
The example is qualitative; the aggregate comparisons in Tables 6 and 7 provide the
quantitative evidence.

KM Optimal Distribution Model Output Distribution

= N - N

— —

“ | “ ]

) )

<+ <+

n n

) )

o~ o~

® ®

o £
01234546789 012345¢6789

Figure 5. Specific dispatching scenario demonstration.

To further quantify the model’s performance, we define the supply—demand equilib-
rium ratio (SDER) and the capacity constraint violation rate (CCVR) as assessment metrics.
Let D; be the final discretely assigned vehicle count, O; the order demand in service block
joand S* = {j: O; > 0}. The SDER is evaluated as

1

SDER =
|5+

. D;
Z min| 1, o (40)
jes+ j

Blocks with zero demand are excluded, and supply in excess of demand is capped at
full coverage. Thus, SDER indicates aggregate regional demand coverage; it is not, by it-

self, a measure of fairness between passenger groups or robustness to demand shocks.

The CCVR is defined as CCVR = W, where s; counts vehicles in the final
discrete assignment after argmax decodinglflra’lrher than summing assignment probabilities,
and C; is the block capacity.

As shown in Table 6, the proposed model achieves an average SDER of 92.95% across
the three cities and maintains zero CCVR in all cases. It improves SDER over KM, IKM,

and AVNS, while FSR obtains higher SDER in Chengdu and Xi’an and the proposed model
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obtains the highest value in Haikou. The results therefore support competitive dispatch
quality and stable capacity behavior, rather than strict dominance over every baseline.
The zero CCVR is consistent with the use of capacity-aware loss terms.

Table 6. Dispatch performance comparison across methods and cities. Bold values indicate the best
SDER results for each city.

Chengdu Xi'an Haikou
Method
SDER CCVR SDER CCVR SDER CCVR

KM 78.48% 1% 79.53% 0% 81.42% 4%
IKM 82.35% 0% 84.65% 0% 85.36% 1%
FSR 93.12% 0% 94.71% 0% 91.38% 0%
AVNS 90.69% 0% 92.25% 0% 90.16% 0%
ASTGCN + Dispatcher ~ 91.48% 0% 92.25% 0% 90.74% 0%
Ours 92.61% 0% 93.92% 0% 92.33% 0%

Table 7. Objective function value analysis.

Idle Revenue Waiting-Distance
Instance Method Distance Surrogate Surrogate
KM 4520 1283 903
1 KMGO 4671 1371 934
CGO 4710 1278 958
KM 5250 1431 955
2 KMGO 5349 1402 973
CGO 5315 1387 959
KM 6120 1652 1020
3 KMGO 6230 1569 1038
CGO 6285 1569 1047
KM 6221 1665 1037
4 KMGO 6214 1643 1036
CGO 6236 1650 1042
KM 7723 2069 1331
5 KMGO 7741 2023 1336
CGO 7763 2088 1341
KM 8109 2161 1329
6 KMGO 8238 2138 1350
CGO 8182 2158 1335
KM 9341 2413 1531
7 KMGO 9527 2377 1562
CGO 9386 2295 1560
KM 11,233 3009 2340
8 KMGO 11,187 2947 2326
CGO 11,225 2981 2335

For a direct prediction—dispatch comparison, independently trained ASTGCN fore-
casts are supplied to the same recurrent Transformer dispatcher. Despite ASTGCN's lower
standalone forecasting MAE (Table 4), the jointly trained E2EDM attains SDER gains
of 1.13, 1.67, and 1.59 percentage points in Chengdu, Xi’an, and Haikou, respectively,
over ASTGCN + Dispatcher; both achieve zero CCVR. The difference may also reflect
prediction-architecture choices, so this comparison does not by itself isolate the effect of
joint optimization.

The dispatching instances in Tables 7-10 were randomly sampled from the test datasets.
Instance numbers identify evaluation scenarios rather than predefined fleet sizes.

https:/ /doi.org/10.3390/app162110640


https://doi.org/10.3390/app162110640

Appl. Sci. 2026, 16, 10640

18 of 24

To further investigate the impact of architectural design choices on model performance,
we conducted a comprehensive ablation study by varying key hyperparameters of the
Recurrent Transformer architecture. The results of these experiments are summarized in
Table 8.

Table 8. Performance analysis with different M/N combinations. Bold values highlight the best
SDER results for each instance.

Instance 1 Instance 2 Instance 3 Instance 4
Configuration
SDER CCVR SDER CCVR SDER CCVR SDER CCVR

MI1N16 81.33% 0% 81.51% 3% 83.13% 0% 80.62% 5%
M1N32 84.59% 0% 83.77% 0% 86.41% 0% 85.42% 1%
M2N16 89.19% 0% 90.21% 1% 88.79% 0% 86.94% 1%
M2N32 91.83% 0% 92.44% 0% 93.13% 0% 91.39% 0%
M4N16 92.61% 0% 93.92% 0% 91.85% 0% 92.83% 0%
M4N32 89.37% 0% 89.18% 1% 89.71% 0% 90.38% 0%
M32N1 72.21% 3% 73.36% 4% 74.31% 2% 71.76% 6%

Increasing recurrent depth generally improves SDER up to a moderate level, but addi-
tional depth does not necessarily yield further gains. In particular, M4N32 performs below
M4N16 on the four reported instances. Recurrent refinement is useful, whereas excessive
depth may introduce redundant reasoning or optimization difficulty.

Figure 6 shows that SDER increases and stabilizes during training, while CCVR decreases
toward zero after an intermediate fluctuation. This indicates convergence toward higher
supply—demand balance and lower capacity violations under the reported configuration.

To examine positional encoding, we remove it from the M1N16 configuration. For the
configuration with positional encoding, Table 8 reports CCVR values of 0%, 3%, 0%, and 5%
across the four instances (an arithmetic mean of 2%). Relative percentage changes are
not reported because zero-valued baselines make such comparisons undefined. Figure 7
illustrates the effect of removing positional encoding on the allocation pattern.

—— SDER
CCVR
801

(=]
o

N
o

Performance Metric

201

Train Step

Figure 6. Convergence trend of SDER and CCVR over training.

Table 9 compares KM-guided optimization (KMGO) and constraint-guided optimiza-
tion (CGO). CGO retains zero CCVR without KM-generated labels, although its SDER
is generally lower than KMGO. Removing the constraint loss from CGO raises CCVR to
11.24-21.33% and also reduces SDER. This ablation supports the role of the constraint
penalties in encouraging capacity-aware decisions under limited supervision.
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Figure 7. Impact of removing positional encoding.

Table 9. Loss function ablation experimental results. Bold values highlight the best SDER results for
each instance.

Instance 1 Instance 2 Instance 3 Instance 4
Configuration
SDER CCVR SDER CCVR SDER CCVR SDER CCVR
KMGO 92.61% 0% 91.92% 0% 90.85% 0% 91.13% 0%
CGO 89.23% 0% 87.91% 0% 89.14% 0% 91.44% 0%
CGO-Lcon 81.33% 15.72%  82.86% 21.33% 84.15% 16.51% 82.49% 11.24%

Figure 8 further visualizes the loss-function ablation results across the four evaluation
instances, highlighting the SDER differences among the configurations and the capacity
violations observed when the constraint loss is removed.

mmm KMGO (Proposed) CGO-Lcon (Ablated)
mm CGO —4& - CCVR (Violation Rate)

® © ® o ©
N B O ® O

Constraint Violation Rate (CCVR, %)

Supply-Demand Equilibrium Ratio (SDER, %)
o]
o

~
®

Inst. 1 Inst. 2 Inst. 3 Inst. 4

Figure 8. Performance comparison of loss function ablation experiment.

Table 7 compares KMGO and CGO with the KM reference in terms of idle distance,
a revenue surrogate, and a distance-based waiting-time surrogate. The learned methods
do not strictly dominate KM; instead, their values remain close to the reference across the
reported instances. Lower idle distance and the waiting-distance surrogate are preferred,
whereas higher revenue surrogate is preferred. The comparison supports the interpretation
of the neural model as an approximation that trades small objective deviations for sub-
stantially lower online computation time. In addition to the instance-level comparison in
Table 7, Figure 9 provides a complementary comparison with representative dispatching
baselines under peak and off-peak conditions.
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Figure 9. Comparison of idle distance (m), revenue surrogate (CNY), and waiting-distance surrogate
(m) across dispatching methods under peak and off-peak conditions.

The KM algorithm has polynomial complexity for standard assignment, but its runtime
can still be substantial on the reported large instances. The learned model moves most
computation to offline training and performs a forward pass during online dispatch. CGO
further reduces dependence on KM-generated training labels by using the decision objective
and constraint penalties.

For the runtime comparison in Table 10, KM and E2EDM were evaluated on the same
12 dispatching instances, with identical vehicle configurations, regional demand, and capac-
ity constraints in each paired comparison. KM was executed on the Intel Core i7-14600KF
CPU, whereas the pretrained E2EDM dispatcher ran on the NVIDIA RTX 4060 Ti GPU.
The reported E2EDM time includes recurrent Transformer forward inference and vehicle-
wise argmax decoding to produce discrete assignments; it excludes offline model training,
demand forecasting, and historical-data preprocessing, and therefore does not represent
full prediction-dispatch pipeline latency. Since KM and E2EDM were executed on different
processing devices, the measured time ratio reflects their respective implementations and
hardware environments rather than a hardware-normalized algorithmic speedup.

As shown in Table 10, KM requires an average of 242.47 s per instance, whereas the
proposed model requires 2.45 s. This corresponds to a 98.99% reduction in average online
computation time, or approximately a 98.80-fold speedup. The result supports the use of
the neural dispatcher as a seconds-level approximation for high-frequency operation; it
does not imply millisecond-level latency or exponential KM complexity.

Table 10. Online dispatching computation-time comparison for paired instances (E2EDM forward
inference and argmax decoding included; offline training and demand prediction excluded).

Time (s)

Instance

KM Ours
1 85.53 1.81
2 115.32 2.85
3 180.41 2.72
4 502.51 4.33
5 287.09 2.21
6 181.16 1.95
7 115.44 1.98
8 278.10 2.32
9 180.70 1.14
10 252.44 2.36
11 236.81 2.62
12 494.13 3.16
Average 242.47 2.45
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5.3. Transportation System Implications

The results suggest four implications for ride-hailing system design. First, prediction
models should be assessed not only by MAE or RMSE, but also by how their outputs
affect downstream allocation. Second, a trained neural dispatcher can act as a fast online
approximation when repeatedly solving a reference optimizer is too slow for the decision
frequency. Third, explicit capacity penalties are useful for discouraging regional over-
allocation, as indicated by the CCVR ablation. Fourth, the three-city evaluation suggests
adaptation potential across heterogeneous demand settings, but transfer to unseen cities
still requires dedicated validation. For deployment, the observed MAE-RMSE trade-off
suggests monitoring block-level large-error cases, particularly during demand surges,
and evaluating lighter graph configurations under the same dispatch constraints before
choosing a configuration.

6. Conclusions

This study proposed a decision-focused end-to-end trainable framework for scalable
vehicle dispatching in ride-hailing systems. The framework integrates multi-graph spa-
tiotemporal demand representation with a recurrent Transformer-based dispatching module
and incorporates constraint-aware loss terms to guide capacity-aware vehicle allocation. Ex-
periments on three real-world ride-hailing datasets show competitive dispatching quality
and zero CCVR for the proposed model in the reported city-level comparison. The model
reduces the reported average online dispatching inference time from 242.47 s for KM to 2.45 s,
supporting its role as an efficient approximation for high-frequency operation. The prediction
results also show that a dedicated forecasting model can achieve lower standalone error,
reinforcing the decision-focused rather than prediction-dominance interpretation.

Limitations and future work. The present study uses grid-level distance and historical
demand and does not model uncertainty, road-network travel time, battery state of charge,
charging-station availability, energy consumption, or heterogeneous fleet constraints. It also
evaluates logged multi-city datasets rather than an online simulator, digital twin, or field
deployment, and it does not establish transfer performance on unseen cities. Future work
should address these limitations through uncertainty-aware prediction, road-network and
energy models, richer fleet constraints, and online closed-loop evaluation. The present
results are single-run estimates without multi-seed variance reporting, so small differences
should be interpreted cautiously. Future work will include random-seed stability analyses,
sensitivity tests for the operational objective weights, and comparisons of independent,
frozen-predictor, and joint training using identical architectures. We will also evaluate IKM,
FSR, and AVNS under controlled runtime protocols and profile time and memory scaling
with fleet size, given the quadratic attention-memory growth of full self-attention.
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