A Comparison of Repositioning and Scheduling
Algorithms for the Ride-Hailing Problem

Lauren Paul®2, Sebastian Hiibner!', Christina Plump'2, Bernhard J. Berger?,
and Rolf Drechsler!-2

! Faculty of Mathematics and Computer Science, University of Bremen, Germany
2 German Research Center of Artificial Intelligence — CPS, Bremen, Germany
3 Institute of Embedded Systems, Hamburg University of Technology, Germany

Abstract. The Ride-Hailing Problem is an online optimization chal-
lenge that coordinates a fleet of vehicles to serve requests revealed over
time. The problem is NP-hard, and many solution approaches use stochas-
tic or machine-learning based algorithms, which perform well but are
difficult to interpret. We study the trade-offs between performance and
explainability. Our results show that greedy assignment consistently out-
performs more complex methods, indicating that explainability need not
come at the cost of efficiency. We also find that the effectiveness of repo-
sitioning strategies strongly depends on demand patterns, highlighting
the value of context-aware policies.
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1 Introduction

Online optimization is central to real-world logistical challenges such as resource
allocation and scheduling, where information about incoming jobs is not known
ahead of time [25]. The ride-hailing problem is one such online optimization
problem with real-world applications. On-demand ride hailing services like Uber
and Lyft must match dynamically arising customer requests to drivers in real-
time [18,24]. One primary optimization goal is the maximization of profit; how-
ever, customer satisfaction also plays an important role, incentivizing reduced
waiting times [4].

Due to the inherent complexity of the ride-hailing problem (RHP) [30], many
existing solution approaches rely on stochastic metaheuristics [7, 10,11, 16, 31]
or machine-learning (ML) techniques to optimize scheduling and repositioning
strategies [22,23,26,27,32]. While these methods achieve strong performance in
practice, their decision-making processes are often difficult to explain and remain
opaque to customers and operators alike. This has fueled growing interest in
explainability as a research direction [17]. Explainable optimization algorithms
provide justifications for their choices, thereby increasing trust and potentially
improving user satisfaction [12,17].
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In this work, we extend existing research on the RHP with a focus on ex-
plainability. Specfically, we address the following research questions: (RQ1) How
do request frequency and distribution affect the performance of different reposi-
tioning strategies? (RQ2) Is there a trade-off between performance and explain-
ability in the investigated RHP algorithms, and how does demand shape their
performance?

To answer these questions, we evaluate a variety of approaches, including a
transparent greedy heuristic, batching [1] and load-reduction-based approaches [2,
9] adapted from scheduling literature, as well as Xu et al.’s LEARNING-PLANNING
algorithm [28], which incorporates machine learning to optimize assignments.
Our findings show that the simple greedy strategy consistently outperforms more
complex approaches, highlighting that explainable algorithms can achieve strong
performance even when compared to more sophisticated ML-approaches. Addi-
tionally, we observe that different repositioning strategies perform best under
different demand conditions, suggesting that adaptively choosing repositioning
strategies based on request patterns could yield additional benefits.

2 Methodology

In this section, we introduce the ride-hailing problem and describe the scheduling
and repositioning algorithms developed and evaluated in the remainder of this

paper.

2.1 Problem Description

An RHP instance is defined on a directed weighted graph G = (V, E, w), where
w : VxV — R,y denotes driving time, with a set M of m vehicles and a sequence
J of n requests over time horizon T' € N, . Vehicle locations at time ¢ are given
by X; = (z},...,2L)), with Xy specifying starting positions.

Each request j = (r,s,d) has release time r, pick-up location s € V, and
drop-off location d € V. A vehicle v serves j upon reaching s at some ¢t > r
and traveling to d. The completion time of j, C;, is r + w(s, d). Pick-ups and
drop-offs are assumed to be instantaneous.

A feasible solution assigns sequences of requests to vehicles such that no
request is served before its release time and no vehicle serves two requests si-
multaneously.

Solutions are evaluated with respect to customer satisfaction, measured
by the total flow time, i.e., .. 7(Cj —r;) and operating costs, measured by
the cumulative driving time, 1.e., the total time vehicles spend driving rather
than idle: Y, S w3t

]

2.2 Scheduling Algorithms

Scheduling algorithms define strategies of assigning requests to vehicles. The
following algorithms are used and extended in our application.
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Greedy The GREEDY algorithm is an intuitive solution approach well de-
scribed in the literature [14,15,20]. At any time ¢, let J; = {j = (+',s,d) | ' <
tAj not yet served} denote the set of released but unserved requests. If a vehicle
finishes its current request at time ¢ and is located at d, it is assigned a request
J € argminjey, w(d, s;), and J; < J; \ {j}. If J, = 0, the vehicle stays idle until
a request is released. This is repeated until all requests have been served.

Least-Expected-Load The load of a vehicle v, denoted L,,, is defined as the
time needed for v to serve all requests currently assigned to it. Let d} denote the
drop-off location of the final request assigned to v. Then, upon receiving a new
request j = (r,s,d), the LEAST-EXPECTED-LOAD algorithm assigns j to some
v € argminyey(Ly + w(d}, s) + w(s,d)), extending the greedy list-scheduling
algorithm for load-balancing on related machines [2,9]. We also incorporate a
background swap-based local search that periodically exchanges two jobs in a
randomly selected vehicle’s schedule until no improving swaps remain.

Batching Batching is a well-studied paradigm in online matching [1]. This
algorithm collects requests into a batch J, and assigns them via a min-cost
matching when any of the following conditions hold (¢, := current time point):

1) Age: z.7 + tyay > t. for some x € Ty, .

2) Batch Size: Number of requests n, = |7y, 5| surpasses a given threshold [,
ie ny >,

3) Request Frequency: In a certain time frame t¢,, the number of requests
ny, = [{z|z € Tiup A xr + quy - ty > te} surpasses a given threshold I, i.e.
N, > lt.

The threshold values [, and [l; are chosen to be proportional to the number
of vehicles m, such that I, = a4 -m and I; = oy - m, where oy and o, are
configurable (we use ay = 3.5, oy = 2.5). The time frame t,, used in condition
(3) is based on the average of all previous consecutive requests at time point t.:
ﬁ M @ir—xi_y.r,with J' = {0, ..., z;}. The maximum waiting time for
a request is then proportional to the obtained time frame, i.e. t;00 = Bmaz * tw,
where B4 = 2 is also configurable.

Repositioning is incorporated via the k-Centers algorithm (see Table 1). A
vehicle is repositioned if sufficient time has passed since its last repositioning
(trt = Brt - tw, Brt = 4) and it has served at least one request since then,
provided no batched request is currently pending.

Learning-Planning Following Xu et al. [28], this approach operates in two
phases. In the offline phase, historical data is used to estimate spatio-temporal
value patterns via incremental state-value updates. In the online phase, these
learned values are combined with immediate rewards as edge weights in a bipar-
tite matching, solved via the Hungarian algorithm [13,21,29]. We refer to [28]
for full implementation details; our parameter choices are R = 10D and v = 0.9.

2.3 Repositioning Algorithms

Repositioning strategies find new locations for vehicles which are not currently
serving any request. These locations should be selected to optimize a vehicle’s
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Table 1: Summary of repositioning strategies. For clustering-based strategies,
centroids/centers are selected from received requests.

Algorithm Zoning Strategy Scheduling
Algorithm(s)
District Fixed-size districts. Greedy
District-Swap Fixed-size districts. Greedy
k-Means [3, 6] k request centroids, arbitrary-sized clusters. Greedy
Balanced k-Means [19] k request centroids, prioritises evenly sized Greedy
clusters.
k-Centers [5, 8] k centers chosen to minimise the maximum Batching,
distance between a request and a center.  Learning-
Planning

ability to serve future requests, for example, by placing it closer to an area
from which future requests are expected to arise. The repositioning strategies
considered in this work are summarized in Table 1.

All strategies except the District strategy, which has fixed vehicle-district
assignments, assign vehicles to districts or centroids or centers via a min-cost
matching calculated via the Hungarian algorithm [13,21, 29].

3 Evaluation

Setup For evaluation, eight test instances were generated, modeling multiple
realistic scenarios. We varied three factors: request frequency (busy (HF) and
slow hours (LF)), the presence (HS) or absence (U) of a hot-spot (an area with
elevated request frequency, e.g., a stadium or airport), and service duration (6
or 12 hours) which defines the time horizon of the instance. To provide a lower-
bound on algorithm performance w.r.t. total flow-time, the offline optimum was
computed using a MILP formulation, solved with CPLEX 22.1.2.0 on an Intel
Core i7-10700 CPU.

Repositioning Strategies In order to assess the impact of different repo-
sitioning strategies on algorithmic performance, we evaluated combinations of
the GREEDY algorithm with the repositioning strategies described in Section 2.3
across ten runs for each of the eight instances described above. Using GREEDY
without repositioning as a baseline, we compared combinations of the GREEDY
algorithm with k-MEANS (km), BALANCED k-MEANS (bkm), DISTRICT (Dist),
and DISTRICT-SWAP (D-swap) repositioning strategies. Results are summarized
in Table 2 and Table 3, instances encode the used setup?.

Assignment Strategies We next compared ride-hailing algorithms that
pursue strategies beyond the basic GREEDY approach. Some of these algorithms,
including LEARNING-PLANNING and BATCHING, incorporate their own custom

4 The necessary information for reproducing the results can be found with the following
Zenodo package https://doi.org/10.5281/zenodo.20457001
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Table 2: Results for Total Flow Time Table 3: Results for Sum of Driving
(values divided by 10,000) Times (values divided by 1,000)

Instance Gr. km bkm Dist. D-Swap Instance  Gr. km bkm Dist. D-Swap

HFHS6 26.1 25.8 26.0 26.0 26.1 HFHS6 107.7 109.0 107.6 111.9  112.3
HFHS12 56.0 57.2 56.7 55.9 56.3 HFHS12 217.5 219.2 217.9 223.2  222.5
HFU6 18.7 18.0 18.7 17.8 17.8 HFU6 126.5 132.8 126.8 135.0 132.9
HFU12 48.3 47.2 48.8 47.3  47.2 HFU12 231.1 243.4 231.6 242.4  239.0
LFHS6 1.7 20 1.7 26 2.8 LFHS6 14.1 48.8 14.1 39.9 41.3
LFHS12 2.7 2.6 2.7 3.8 4.1 LFHS12 22.7 76.3 22.8 59.8 60.9
LFU6 56 4.9 56 5.2 5.3 LFU6 53.6 91.0 53.8 76.5 71.2
LFU12 9.6 8.2 9.0 84 8.6 LFU12 91.4160.2 108.8 124.3 117.9

assignment and repositioning strategies to improve performance. Others, such
as LEAST-EXPECTED-LOAD, do not exploit repositioning at all. For reference,
we also included GREEDY as a baseline, as well as GREEDY with k-MEANS
repositioning. Each algorithm was executed ten times on the eight instances
described above. Figure 1 presents flow time and driving time for four selected
instances, illustrating the relative differences across algorithms under different
demand conditions.
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Fig. 1: Boxplots of total flow time (above) and total driving time (below) for
selected instances and ride-hailing algorithms (Left to right: Greedy, Greedy
+ k-Means repositioning, Batching, Least Expected Load, Learning-Planning).
The blue line in the low-frequency instances represents the optimal offline solu-
tion. Bars indicate significant difference from the greedy baseline, determined by
Kruskal-Wallis tests followed by post-hoc Dunn’s tests (* p < 0.05, ** p < 0.01,
*x p < 0.001, K p < 0.0001).

GREEDY-based strategies consistently outperform all other algorithms across
request frequencies and distributions for total flow time. In low-frequency in-
stances, both BATCHING exhibits significantly higher flow times, whereas LEAST-
EXPECTED-LOAD performs similarly to GREEDY without repositioning. For high-
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frequency instances, LEARNING-PLANNING and LEAST-EXPECTED-LOAD show
the worst performance.

Results for Reseach Questions For RQ 1, we investigate the effectiveness
of repositioning strategies under different demand conditions. Our results indi-
cate that district-based repositioning strategies which aim to evenly distribute
vehicles across the service area outperform request-density based repositioning
strategies. However, for non-uniform request distributions, district-based strate-
gies increase total driving distance without reducing total flow-time. When re-
quest frequency is high, vehicles are frequently interrupted before completing
repositioning, resulting in similar performance across all strategies.

RQ 2 investigates trade-offs between performance and explainability. Ex-
plainability decreases from GREEDY (distance-based, fully transparent) through
LEAST-EXPECTED-LOAD (mostly interpretable) and BATCHING (opaque param-
eters) to LEARNING-PLANNING (learned rewards, difficult to explain in real-
time). Yet GREEDY and its variants consistently outperform all others in flow
time and driving time, suggesting that more complex algorithms do not neces-
sarily yield better performance. The best GREEDY variants achieve flow times
roughly double the offline optimal, with a smaller gap on uniform instances,
indicating concentrated demand exposes a limitation of greedy assignment.

Limitations This study has several limitations. First, explainability is as-
sessed qualitatively based on the authors’ judgment, without formal quantita-
tive measures. Second, all experimental instances were synthetically generated,
which may limit the external validity of the findings. Finally, several modeling
simplifications were made, e.g., indefinitely waiting users.

4 Conclusion & Future Work

We compared the performance of scheduling and repositioning algorithms for
the RHP based on total flow and driving time. We implemented extensions on
existing algorithms as well as the ability to combine a scheduling algorithm with
different repositioning strategies. Our results show that the greedy algorithm
outperforms the more complex approaches and that repositioning can be benefi-
cial. In future work, we want to extend the scenario with time windows and the
ability to share a vehicle among customers. Future work could also benefit from
the development of explainability metrics and/or user surveys. Finally, we plan
to evaluate our algorithms on real datasets to adapt to real-world scenarios.
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