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ABSTRACT

In recent years, the emergence of ride-hailing platforms which
match drivers and riders in real time, such as Uber, Curb, Shenzhou
Zhuanche and ComfortDelGro, leads to increased efficiency in urban transportation. In addition to supporting real-time on-demand
ride requests, these platforms start to allow the riders to schedule
rides in advance, providing them more flexibility in planning their
trips. Shuttle service and other services which traditionally rely on
advance booking also start to accept on-demand requests in real
time [3].
Accepting scheduled requests reduces the demand uncertainty
and gives the service provider more time to prepare and optimize
these trips. However, one may raise his/her concern that certain
scheduled requests may prevent the assigned driver from serving
more valuable on-demand requests, hurting the overall revenue
of the driver and the service provider. So it is important, meanwhile challenging, for the service providers to design a system that
decides whether to accept the scheduled requests and how to dispatch vehicles optimally. Note that at first glance, one might be
tempted to simply treat all scheduled requests as regular on-demand
requests when their pick-up time is due, and directly apply an existing dispatch algorithm for on-demand requests [1, 8, 11, 14, 17, 19].
However, the challenges are mainly brought by the fundamental difference between scheduled and on-demand requests: any scheduled
request, once accepted by the platform, becomes a commitment
that the platform must fulfill. Such practice may lead to failure in
serving committed scheduled requests and therefore, hurt the credibility of the service provider and even its long-term sustainability,
since many scheduled requests are for important purposes such as
catching a flight or attending an important meeting. This presents
to the design of the dispatch with new challenges, which, to the
best of our knowledge, have not been addressed by existing works.
In this paper, we study the trip-vehicle dispatch with both scheduled and real-time requests. First, we propose a novel two-stage
decision-making model for this problem. In the first stage (Stage 1),
the system is presented with a sequence of scheduled requests and
needs to select which requests to accept and decide how to dispatch
vehicles to the accepted requests in an online fashion. All scheduled requests are received before any of the on-demand requests.
In the second stage (Stage 2), the system will receive on-demand
requests on top of these scheduled requests in real-time. While
ensuring all scheduled requests accepted in Stage 1 are satisfied,
the system needs to dispatch vehicles to on-demand requests in
real-time or suggest relocations of empty vehicles. While most work
on trip-vehicle dispatch ignores uncertainty in demand and only
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INTRODUCTION

The fast development of position-tracking technology, the growth
in the number of smartphones users, and the reduced cost in cellular
communications have together led to a revolution in mobility and
the emergence of on-demand ride-hailing transportation systems.
These systems produce a tremendous positive societal impact by
reducing pollution and congestion while increasing personal mobility. One key research problem faced by transportation service
providers is how to dispatch drivers or vehicles to pick up riders.
There is a rising interest in this problem from the aspect of multiagent control and coordination [1, 7, 10], and it is closely related to
other research problems in multi-agent systems, including dispatching agents for collection and delivery of goods [16], traffic control
[4, 13], metro lines scheduling, and last-mile transportation[6].
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plans myopically based on received requests [1, 5, 8], in our work,
we take a data-aware view and assume the platform knows the
spatio-temporal distribution of the on-demand requests, which can
be estimated from historical data. Recent work also emphasizes the
value of data [2, 9, 12, 15, 18].
We propose new algorithms for both stages to handle both types
of requests. We design best-fit algorithms to accept or reject scheduled requests in an online fashion to solve Stage 1. In addition,
we build an online planning algorithm for Stage 2 to dispatches
vehicles to on-demand ride requests in real time given the accepted
scheduled requests as constraints.

2

scheduled requests, which are built upon the Score function defined
below.
Score Function. The Score function score(t, l |r ) represents the
expected total value of trips a vehicle can serve under the optimal
policy between time t and the start time of r given (i) it is located
at l and is available to serve an on-demand request at time t; (iii) it
is committed to serve r in the near future; (iv) it is the only vehicle
in the system.
Solving Stage 1. To solve Stage 1, we design an efficient online
request selection algorithm. Upon the arrival of each scheduled
request r , for each vehicle that can serve r , in the algorithm, we
estimate the expected value increment from this assignment with
the help of the Score function and assign r to a vehicle or reject
it deterministically. We also consider a variant of this algorithm
by adding an additional random priority component to the value
increment.

METHODOLOGY

We consider a discrete-time, discrete-location model with singlecapacity vehicles and impatient riders. We split the duration of
one day into T discrete time steps. The set of time steps is [T ] =
{1, . . . ,T }. We also divide the whole map into a set of N different
locations or regions [N ] = {1, . . . , N }.
We employ a two-stage model for processing the scheduled
requests and on-demand requests. In Stage 1, the system receives a
sequence of scheduled requests. A scheduled request is described
by a tuple r = (or , dr , tr , vr ), representing a requested ride from
the origin or to the destination dr that needs to start at exactly time
tr , and vr represents the value the platform will receive for serving
this request. We assume vr is given to the system when the request
is made, e.g., provided by the rider or an external pricing scheme.
When a scheduled request arrives, the platform should either accept
and assign it to a specific driver or reject it. The decision needs to
be made immediately before the next request arrives. We assume
that the scheduled requests for a specific day will all arrive before
the day starts.
In Stage 2, the system starts to take real-time on-demand requests.
An on-demand request is described by a tuple r = (or , dr , tr , vr )
with the same meaning as scheduled requests. Note that these
requests are received in real-time, i.e., request r will appear at time
tr . Upon receiving a set of on-demand requests R t at time t, the
platform needs to decide immediately for each request either to
dispatch it to an available vehicle currently at location or , or to reject
this request. During the processing of these on-demand requests,
the platform also needs to ensure that all scheduled requests that
it previously accepted must be served at their respective scheduled
times and by their respective drivers. In Stage 2, we also allow
for relocating a vehicle to location d when it is dispatched for no
request.
The goal of the system is to maximize the total value of all accepted requests, including both scheduled and on-demand requests.
We assume the distribution of real-time on-demand requests is
known or can be estimated from historical data. However, due to
the irregularity of scheduled requests, we do not make any prior
assumption on the scheduled requests.
The system needs to deploy two algorithms for trip-vehicle dispatch, one for each stage. The decisions made in Stage 1 will serve
as constraints in Stage 2, and the design of Stage 1 algorithm should
be adaptive to the dispatch rule in Stage 2. In this work, we design
novel algorithms for both stages to handle both on-demand and

Solving Stage 2. The problem in Stage 2 can be viewed as a
Markov Decision Process (MDP). A dispatch algorithm in Stage 2
implicitly represents a policy for the MDP and we aim to design an
algorithm that induces an optimal or near-optimal policy. When
there is only one vehicle in the system, we design a polynomialtime algorithm that induces an optimal policy with the aid of the
Score function. It first calculates the Score function for all available
actions and chooses the action with the highest expected value the
vehicle could gain. For the multiple-vehicle case, we extend the
algorithm for the single-vehicle case by sequentially dispatching
available vehicles and updating a virtual demand distribution.

3

CONCLUSION AND DISCUSSION

In this paper, we focused on the problem of trip-vehicle dispatch
with the presence of scheduled and on-demand request. We proposed a novel two-stage model and novel algorithms with ondemand request distribution taken into account for both stages.
We consider a multi-stage model with discretized time, discretized location as well as impatient requests, which is already a
challenging problem when taking into account multi-type requests
and the demand distribution. Our model and solution approaches
can be further extended for problems with relaxed assumptions.
For example, our work can be applied to problems with patient
requests, which can be treated as duplicated requests when there is
only one driver. We can also allow for the case where scheduled
requests are made a shorter time in advance. Furthermore, one can
integrate our study with work on last-mile routing to handle the
actual road network. We defer the further investigation to future
work.
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