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A B S T R A C T

In this paper, we present a comprehensive, in-depth survey of the literature on reinforcement
learning approaches to decision optimization problems in a typical ridesharing system. Papers
on the topics of rideshare matching, vehicle repositioning, ride-pooling, routing, and dynamic
pricing are covered. Most of the literature has appeared in the last few years, and several
core challenges are to continue to be tackled: model complexity, agent coordination, and joint
optimization of multiple levers. Hence, we also introduce popular data sets and open simulation
environments to facilitate further research and development. Subsequently, we discuss a number
of challenges and opportunities for reinforcement learning research on this important domain.

1. Introduction

The emergence of ridesharing,2 led by companies such as DiDi, Uber, and Lyft, has revolutionized the form of personal mobility.
It is projected that the global rideshare industry will grow to a total market value of $218 billion by 2025 (MarketsAndMarkets,
2018). However, how to improve operational efficiency is a major challenge for rideshare platforms, e.g., long passenger waiting
time (Smith, 2019) and as high as 41% vacant time for ridesharing vehicles in a large city (Brown, 2020). The success of ridesharing,
from the perspectives of the platforms, drivers, and passengers, requires sophisticated optimization of all the integrated components
that collectively deliver the services.

Reinforcement learning (RL) is a machine learning paradigm that trains an agent to take optimal actions (measured by total
cumulative reward) through interaction with the environment and getting feedback signals. It is a class of optimization methods
for solving sequential decision-making problems with a long-term objective in a stochastic environment. Thanks to the rapid
advancement in deep learning research and computing power, the integration of deep neural networks and RL has generated
explosive progress in solving complex large-scale decision problems (Silver and Hassabis, 2016; Berner et al., 2019), attracting
huge amount of renewed interests in the recent years. We are witnessing a similar trend in the ridesharing domain, where the
demand and supply are highly stochastic and non-stationary, and the operational decisions are often sequential in nature and
have strong spatiotemporal dependency. Simple greedy heuristics that only optimizes for immediate returns tend to produce
short-sighted reactive policies, which do not align well with cumulative nature of the true performance measure of interest. The
multi-step sequential nature of the decision-making (e.g., pricing, matching, repositioning) and the supply–demand stochasticity
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in the environment pose enormous challenges to traditional predictive and optimization methods, spanning such issues as forecast
accuracy, decision-time computational complexity, and adaptability to real-time changes. RL, on the other hand, presents itself as an
excellent promising approach to these ridesharing optimization problems. RL methods are often highly data-driven, making them
more suitable to situations where it is hard to build accurate predictive models. They are forward-looking, and yet, they do not
explicitly depend on forecasting. And, by design, RL-based policies are dynamic and often light in decision-time complexity.

There are excellent surveys on RL for intelligent transportation (Haydari and Yilmaz, 2020; Yau et al., 2017), with in-depth
overage of traffic signals control and autonomous driving. Wang and Yang (2019) offers a broad review of ridesharing systems,
hereas (Tong et al., 2020) surveys spatial crowdsourcing, which is a more general field than ridesharing. There has been no

omprehensive review of the literature on RL for ridesharing, even though the field has attracted much attention and interest from
he research communities for both RL and transportation just within the last few years (e.g., Shah et al., 2020; Tang et al., 2019;
l-Kanj et al., 2020; Shou and Di, 2020b). This paper aims to fill that gap by surveying the literature of this domain published in

op conferences and journals in transportation (e.g., Transportation Research series, IEEE Transactions on Intelligent Transportation
ystems, Transportation Science), data mining (e.g., KDD, ICDM, WWW, CIKM), and machine learning/AI (e.g., NeurIPS, AAAI,
JCAI). We describe the research problems associated with the various aspects of a ridesharing system, review the existing RL
pproaches proposed to tackle each of them, and discuss the challenges and opportunities. Reinforcement learning also has close
elationship with approximate dynamic programming. Although it is not our goal in this paper to have a comprehensive review of
his class of methods for problems in ridesharing, we aim to point the readers to the representative works so that they can refer to
he further literature therein.

This survey is organized as follows: We lay out the ridesharing system architecture in Section 2 and define the scope of the
roblems to be reviewed. Within this section, as well as the subsequent sections of the survey, we clarify and draw connections
mong the different names that the problems are referred to, which are often due to the different communities that the authors are
rom and are easy to confuse by researchers new to ridesharing. In Section 3, we provide a concise review of the RL basics and the
ajor algorithms adopted by the works in this survey. We review in details in Section 4 the literature for each problem described

n Section 2 and the relevant data sets and environments. Finally in Section 5, we discuss some challenges and opportunities that
e feel crucial in advancing RL for ridesharing.

. Ridesharing

We first describe the architecture of a ridesharing system in this section, followed by explanation and clarification on the scopes
f the problem associated with each module.

.1. Architecture

A ridesharing service, in contrast to taxi hailing, matches passengers with drivers of vehicles for hire using mobile apps. In
typical mobile ridesharing system, there are five major modules: pricing, matching, repositioning, pooling, and routing. Fig. 1

llustrates the process and decision modules. When a potential passenger submits a trip request, the pricing module offers a quote,
hich the passenger either accepts or rejects. Upon acceptance, the matching module attempts to assign the request to an available
river. Depending on driver pool availability, the request may have to wait in the system until a successful match. Pre-match
ancellation may happen during this time. The assigned driver then travels to pick up the passenger, during which time post-match
ancellation may also occur. The pick-up location is usually where the passenger is making the request or he/she specifies. In some
ases, it could be a public designated area, e.g., outside an airport or train station. After the driver successfully transports the
assenger to the destination, she receives the trip fare and becomes available again. The repositioning module guides idle vehicles
o specific locations in anticipation of fulfilling more requests in the future. Following the reposition recommendations is usually on
voluntary basis unless it is an autonomous ridesharing setting. Hence, it is common that the platform offers incentives to drivers

or completing the repositions. When each driver takes only one passenger request at a time, i.e. only one passenger shares the
ide with the driver, this mode is more commonly called ‘ride-hailing’. Ridesharing can refer to both ride-hailing and ride-pooling.3
n the ride-pooling mode, multiple passengers with different trip requests can share one single vehicle, so the pricing, matching,
epositioning, and routing problems are different from those for ride-hailing and require specific treatment, in particular, considering
he passengers already on board. The routing module provides turn-by-turn guidance on the road network to drivers/vehicles either
n service of a passenger request or performing a reposition. The goal is to guide the vehicle to its destination efficiently and safely.

.2. Problem scopes

First, we start from the pricing module. Since the trip fare is both the price that the passenger has to pay for the trip and the major
actor for the income of the driver, pricing decisions influence both demand and supply distributions through price sensitivities of
sers, e.g., the use of surge pricing during peak hours. This is illustrated by the solid arrows pointing from the pricing module to
rders and idle vehicles respectively in Fig. 1. The pricing problem in the ridesharing literature is in most cases dynamic pricing,
hich adjusts trip prices in real-time in view of the changing demand and supply. The pricing modules sits at the upstream position

3 In this survey, we do not cover topics on hitch, in which the driver is on his/her own trip with a specific destination.
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Fig. 1. The process flow of ridesharing operations. The solid orange rectangular boxes represent the modules described in Section 2, and the literature on the
optimization problems associated with the modules are reviewed in the paper. The blue text and arrow apply exclusively to ride-pooling to account for the fact
that order combinations and in-service vehicles are also eligible to participate in matching. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

with respect to the other modules and is a macro-level lever to achieve supply–demand (SD) balance. Although technically, driver
pay can be determined by a separate module from pricing and has its own implication on supply elasticity and driver behavior,
this paper follows the common setting where driver pay is closely associated (approximately proportional) to the trip fare so that
pricing has the dual effect on demand and supply.

The ridesharing matching problem (Yan et al., 2020; Özkan and Ward, 2020; Qin et al., 2020) may appear under different
names in the literature, e.g., order dispatching (Qin et al., 2020), trip-vehicle assignment (Bei and Zhang, 2018), and on-demand
taxi dispatching (Tong et al., 2020). It is an online bipartite matching problem where both supply and demand are dynamic, with
the uncertainty coming from demand arrivals, travel times, and the entrance-exit behavior of the drivers. Matching can be done
continuously in a streaming manner or at fixed review windows (i.e., batching). Sophisticated matching algorithms often leverage
demand prediction in some form beyond the actual requests, e.g., the value function in RL. Online request matching is not entirely
unique to ridesharing. Indeed, ridesharing matching falls into the family of more general dynamic matching problems for on-demand
markets (Hu and Zhou, 2022). A distinctive feature of the ridesharing problem is its spatiotemporal nature. A driver’s eligibility to
match and serve a trip request depends in part on her spatial proximity to the request. Trip requests generally take different amount
of time to finish, and they change the spatial states of the drivers, affecting the supply distribution for future matching. The drivers
and passengers generally exhibit asymmetric exit behaviors in that drivers usually stay in the system for an extended period of time,
whereas passenger requests are lost after a much shorter waiting period in general.

Single-vehicle repositioning may refer to as taxi routing or passenger seeking in the literature. Taxi routing slightly differs in
the setting from repositioning a rideshare vehicle in that a taxi typically has to be at a visual distance from the potential passenger
to take the request whereas the matching radius of a mobile rideshare request is considerably longer, sometimes more than a mile.
System-level vehicle repositioning, also known as driver dispatching, vehicle rebalancing/reallocation, or fleet management, aims
to rebalance the global SD distributions by proactively dispatching idle vehicles to different locations. Repositioning and matching
are similar to each other in that both relocate a vehicle to a different place as a consequence. In theory, one can treat repositioning
as matching a vehicle to a virtual trip request, the destination of which is that of the reposition action, so that both matching and
repositioning can be solved in a single problem instance. Typically in practice, these two problems are solved separately because
they are separate system modules on most ridesharing platforms with different review intervals and objective metrics among other
details.

The routing module described in Section 2.1 performs route guidance, which could be dynamic routing or route planning depending
on the decision points. Dynamic routing is also called dynamic route choice, and route planning is alternatively referred to as the traffic
assignment problem (Shou and Di, 2020a). In some cases, the reposition policy directly provides link-level turn-by-turn guidance
with the goal of maximizing the driver’s income, thus covering the role of dynamic routing albeit with a different objective. Dynamic
routing is generally different from the vehicle routing problem (VRP) (Dantzig and Ramser, 1959). In VRP, the set of destinations that
the vehicle has to visit is known in advance, and hence, it is a static problem. It mainly concerns with the sequence in which the
destinations should be visited, considering the estimated travel time from point to point. In contrast, dynamic routing is associated
with a road network, and the decision to make is which outgoing road (link) to follow at each intersection (node). The decision is
adaptive to the changing traffic condition on the road network in real time. In the context of ride-pooling, there is another emerging
problem in which the dynamic routing decisions with passenger(s) on board have to align with the overall objective of ride-pooling.

Some literature refers to the mode of multiple passengers sharing a ride as ‘ridesharing’. In this paper, we use term ‘ride-pooling ’
(or ‘carpool’) to disambiguate the concept, as ‘ridesharing’ can refer to both single- and multiple-passenger rides. The seminal paper
of Alonso-Mora et al. (2017a) shows that through ride-pooling optimization, the number of taxis required to meet the same trip
demand can be significantly reduced with limited impact on passenger waiting times. In a pooling-enabled rideshare system, the
matching, repositioning, and pricing modules all have to adapt to additional complexity. Compared to the regular ride-hailing
3
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problem, the one with ride-pooling has considerably more complexity due to the more dynamic nature of the problem and the
additional constraints and multiple objectives that have to be considered. In this case, the set of available vehicles are augmented,
including both idle vehicles and occupied ones not at capacity. It is non-trivial to determine the set of feasible actions (one or more
passengers to be assigned to a vehicle) for matching. Every time a new passenger is to be added to a non-idle vehicle, the route
has to be recalculated using a VRP solver to account for the additional pick-up and drop-off, the travel times for all the passengers
already on board are updated, and the vehicle capacity, the waiting time and detour distance constraints are checked. In-service
routing in the context of ride-pooling is discussed in Section 4.5.

3. Reinforcement learning

We briefly review the RL basics and the major algorithms, especially those used in the works reviewed by this survey. For a
omplete reference, see, e.g., Sutton and Barto (2018).

.1. Basics

RL is based on the Markov decision process (MDP) framework, where the agent (the decision-making entity) has a state 𝑠 (e.g., the
location of a vehicle) in the state space  and can perform an action 𝑎 (e.g., to dispatch or idle) in the action space . The action
s determined by the agent’s policy, 𝜋(𝑠) ∶  → . If the policy is stochastic, then 𝜋(𝑎|𝑠) gives the probability of selecting 𝑎 given 𝑠.

After executing the action, the agent receives an immediate reward 𝑅(𝑠, 𝑎) from the environment, and its state changes according to
the transition probabilities 𝑃 (⋅|𝑠, 𝑎). The process repeats until a terminal state or the end of the horizon is reached, giving a sequence
of the triplets (𝑠𝑡, 𝑎𝑡, 𝑟𝑡)𝑡=𝑇𝑡=0 , where 𝑡 is the epoch index, 𝑇 is the final epoch at the terminal state or the end of the horizon, and 𝑟𝑡 is
a sample of 𝑅. The objective of the MDP is to maximize the cumulative reward over the horizon. A key quantity to compute is the
value function associated with 𝜋,

𝑉 𝜋 (𝑠) ∶= 𝐸𝜋

[𝑡=𝑇
∑

𝑡=0
𝛾 𝑡𝑟𝑡

|

|

|

|

𝑠0 = 𝑠

]

,

which satisfies the Bellman equation,

𝑉 𝜋 (𝑠𝑡) =
∑

𝑎𝑡

𝜋(𝑎𝑡|𝑠𝑡)
∑

𝑠𝑡+1 ,𝑟𝑡

𝑃 (𝑠𝑡+1, 𝑟𝑡|𝑠𝑡, 𝑎𝑡)
(

𝑟𝑡(𝑠𝑡, 𝑎𝑡) + 𝛾𝑉 𝜋 (𝑠𝑡+1)
)

. (1)

Similarly, we have the action-value function,

𝑄𝜋 (𝑠, 𝑎) ∶= 𝐸𝜋

[𝑡=𝑇
∑

𝑡=0
𝛾 𝑡𝑟𝑡

|

|

|

|

𝑠0 = 𝑠, 𝑎0 = 𝑎

]

,

which conditions on both 𝑠 and 𝑎. The optimal state- and action-values are denoted by 𝑉 ∗ and 𝑄∗, evaluated at the optimal
policy 𝜋∗. The objective of an MDP is to find an optimal policy 𝜋∗ that maximizes the long-term cumulative discounted reward,
i.e., 𝜋∗ ∶= argmax𝜋 𝐸𝑠[𝑉 𝜋 (𝑠)].

3.2. Algorithms

Given 𝑃 and 𝑅, which specifies the MDP, and 𝜋, we can compute 𝑉 𝜋 by iteratively applying the Bellman Eq. (1),

𝑉 𝜋 (𝑠) ←
∑

𝑎
𝜋(𝑎|𝑠)

∑

𝑠′ ,𝑟
𝑃 (𝑠′, 𝑟|𝑠, 𝑎)

(

𝑟 + 𝛾𝑉 𝜋 (𝑠′)
)

. (2)

This is called policy evaluation. Using policy evaluation as a sub-routine, we can again iteratively improve the policy through policy
iterations, which generate a new policy at each outer iteration by acting greedily with respect to 𝑉 𝜋 ,

𝑎∗ ← argmax
𝑎

∑

𝑠′ ,𝑟
𝑃 (𝑠′, 𝑟|𝑠, 𝑎)

(

𝑟 + 𝛾𝑉 𝜋 (𝑠′)
)

. (3)

As a special instance, we can collapse the inner policy evaluation loop to a single iteration and compute 𝑉 ∗(𝑠),∀𝑠 ∈ , by the value
iterations,

𝑉 (𝑠) ← max
𝑎

∑

𝑠′ ,𝑟
𝑃 (𝑠′, 𝑟|𝑠, 𝑎)

(

𝑟 + 𝛾𝑉 (𝑠′)
)

. (4)

If we estimate (𝑃 ,𝑅) from data, we have a basic model-based RL method. A model-free method learns the value function and
optimizes the policy directly from data without learning and constructing a model of the environment. A common example is
temporal-difference (TD) learning (Sutton, 1988), which iteratively updates 𝑉 𝜋 by TD-errors using 𝜋-generated trajectory samples
and bootstrapping,

𝑉 𝜋 (𝑠) ← 𝑉 𝜋 (𝑠) + 𝛼
(

𝑟 + 𝛾𝑉 𝜋 (𝑠′) − 𝑉 𝜋 (𝑠)
)

, (5)
4
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where 𝑠′ is the next state in the trajectory after 𝑠, 𝛼 is the step size (or learning rate), and the term that it scales is the TD error. If
learning the optimal action-values for control is the goal, we similarly have Q-learning (Watkins and Dayan, 1992), which updates
the action-value function 𝑄(𝑠, 𝑎) to approximate 𝑄∗(𝑠, 𝑎) by

𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼
(

𝑟 + 𝛾 max
𝑎′

𝑄(𝑠′, 𝑎′) −𝑄(𝑠, 𝑎)
)

. (6)

Q-learning is an off-policy algorithm, where the behavior policy, which collects the experience data and typically involves
exploration, is different from the target policy that we are trying to learn and in this case, is the optimal policy. The on-policy
counterpart of Q-learning is SARSA, which basically generalizes TD-learning (5) to the action-value function associated with the
behavior policy 𝜋 (same as the target policy):

𝑄𝜋 (𝑠, 𝑎) ← 𝑄𝜋 (𝑠, 𝑎) + 𝛼
(

𝑟 + 𝛾𝑄𝜋 (𝑠′, 𝑎′) −𝑄𝜋 (𝑠, 𝑎)
)

, (7)

where 𝑎′ is the action executed by the agent at state 𝑠′ in the experience data. The deep Q-network (DQN) (Mnih et al., 2015)
approximates 𝑄(𝑠, 𝑎) by a neural network 𝑄𝑤 parametrized by 𝑤 along with a few heuristic techniques like experience replay (Lin,
1992) and a target network to improve training stability. These techniques are critical to the successful of DQN in playing Atari
games and many other applications, due to the deadly triad issue (Sutton and Barto, 2018) of reinforcement learning when one
tries to combine bootstrapping (i.e., TD-learning and Q-learning), off-policy training (i.e., Q-learning), and function approximations
(i.e., neural networks), which may lead to instability and divergence. The algorithms introduced so far are all value-based methods,
which focus on learning the value function, and the policy is derived from the learned value function by, e.g., argmax𝑎 𝑄(𝑠, 𝑎). Neural
network-based value function approximation is important to ridesharing applications because the state is often high dimensional
with the incorporation of SD contextual features. Tabular methods suffer from the curse of dimensionality and are not tractable in
this case.

A policy-based method directly learns 𝜋 (which is also called the actor and parametrized by 𝜃) by performing stochastic gradient
descent. The central step is computing the policy gradient (PG), the gradient of the cumulative reward 𝐽 (𝜃) with respect to the
policy parameters 𝜃,

∇𝜃𝐽 (𝜃) =
∑

𝑠
𝜇(𝑠)

∑

𝑎
𝑄𝜋 (𝑠, 𝑎)∇𝜃𝜋(𝑎|𝑠, 𝜃), (8)

where 𝜇 is the on-policy distribution under 𝜋. A more common (equivalent) form of the PG (8) is
∑

𝑠
𝜇(𝑠)

∑

𝑎
𝜋(𝑎|𝑠, 𝜃)𝑄𝜋 (𝑠, 𝑎)∇𝜃 log𝜋(𝑎|𝑠, 𝜃), (9)

which most of the policy-based methods are based on. REINFORCE (Williams, 1992) is a classical PG method, which uses Monte
Carlo (MC) rollout to obtains the sample-based update

𝜃𝑡+1 ← 𝜃𝑡 + 𝛼𝐺𝑡∇𝜃 log𝜋(𝑎|𝑠, 𝜃), (10)

where 𝐺𝑡 is an MC approximation of 𝑄𝜋 . As in a value-based method, we can also use function approximation for the action values.
The function approximator (e.g., a neural network) 𝑄𝑤 is called the critic, and the resulting algorithm is an actor–critic (AC) method.
It is well-recognized that the ‘baseline’ version of (8),

∑

𝑠
𝜇(𝑠)

∑

𝑎
𝜋(𝑎|𝑠, 𝜃)

(

𝑄𝜋 (𝑠, 𝑎) − 𝑏(𝑠)
)

∇𝜃 log𝜋(𝑎|𝑠, 𝜃), (11)

where 𝑏(𝑠) is an action-independent baseline, reduces the variance in the sample gradient and helps speed up learning. Since a
natural choice of such a baseline is the state value, the critic often learns the advantage function 𝑄(𝑠, 𝑎) − 𝑉 (𝑠), and the method is
called Advantage Actor Critic (A2C). The evaluation of an action is based on how good it can be with respect to the average over
all actions, the benefit of which is to reduce the high variance in the actor and to stabilize the model. Mnih et al. (2016) extend
A2C to an asynchronous version (A3C) where independent agents interact with their own copy of the environment and update
their model parameters with the master copy asynchronously. This architecture enables much more efficient utilization of the CPU
cores through parallel threads and hence accelerates the training. The proximal policy optimization (PPO) (Schulman et al., 2017)
optimizes a clipping surrogate objective with respect to the advantage to promote conservative updates to 𝜋 and is a popular choice
of training algorithm for RL problems where policy-based methods are suitable (e.g., with continuous actions).

An MDP can be extended to a Markov game involving multiple agents to form the basis for multi-agent RL (MARL). Many MARL
algorithms, e.g., Yang et al. (2018) and Lowe et al. (2017) focus on agent communication and coordination, in view of the intractable
action space in MARL.

3.3. Approximate dynamic programming

A family of methods closely related to RL is approximate dynamic programming (ADP) (Powell, 2007) for solving stochastic
dynamic programs (DP), of which the Bellman equation for MDP is an instance. In ADP methods, unlike that typically seen in RL, a
post-decision state 𝑠𝑥𝑡 is often defined to represent the intermediate state to which the current state 𝑠𝑡 will transition deterministically
5

given the action 𝑎𝑡 before the random factors 𝜔𝑡 (e.g., demand appearance and cancellation) in the environment realize. With 𝜔𝑡
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fully realized, the state transitions into the next pre-decision state 𝑠𝑡+1. The value function in an ADP method is defined on the
ost-decision state and is approximated by a particular functional form. Given the approximated values, the original optimization
roblem is solved to obtain the decision solution for the current time step. Linear function approximation is popular (e.g., Simao
t al., 2009; Yu and Shen, 2019; Al-Kanj et al., 2020) because the dual variables associated with the solution to the current-stage
ptimization can be used to update the linear function parameters. Then, the state is advanced to the next pre-decision state, and
he iteration continues until convergence. By nature, ADP methods are on-policy methods. Recently, neural network-based value
unction approximation (Shah et al., 2020) has also been adopted and developed due to their higher level of flexibility. In this
ase, the value function updates largely follow the DQN scheme. The ADP methods for ridesharing reviewed in this survey solve
ystem-level stochastic DP problems (e.g., matching and repositioning) and aim to approximate the system value by decomposing
t into local or driver-centric values, and the update schemes employed fall into the family of approximate value iterations.

. Reinforcement learning for ridesharing

We review the RL literature for ridesharing in this section grouped by the core operational problems described in Section 2. We
irst cover pricing, matching, repositioning, and routing in the context of ride-hailing. Then, we will review works on those problems
pecific to ride-pooling.

.1. Pricing

RL-based approaches have been developed for dynamic pricing in one-sided retail markets (Raju et al., 2003; Bertsimas and
erakis, 2006), where pricing changes only the demand pattern per customers’ price elasticity. The ridesharing marketplace,
owever, is more complex due to its two-sided nature and spatiotemporal dimensions. In this case, pricing is also a lever to change
he supply (driver) distribution if price changes are broadcast to the drivers. Chen et al. (2021) describe examples of such elasticity
unctions for both demand and supply for their simulation environment.

The challenges in dynamic pricing for ridesharing lie in both its exogeneity and endogeneity. Dynamic pricing on trip inquiries
hanges the subsequent distribution of the submitted requests through passenger price elasticity. The requests distribution, in turn,
nfluences future supply distribution as drivers fulfill those requests. On the other hand, the trip fares influence the demand for
idesharing services at given locations, and these changes will affect the pool of waiting passengers, which further affects the
assengers’ expected waiting times. Again, it will influence the demand either through cancellation of the current requests or the
onversion of future trip inquiries. Because of its close ties to SD distributions, dynamic pricing is often jointly optimized with order
atching or vehicle repositioning. Within the (non-RL) operations research literature, dynamic pricing for ridesharing has already

een studied and analyzed in conjunction with matching (Yan et al., 2020; Özkan and Ward, 2020) and from the spatiotemporal
erspective (Ma et al., 2020; Bimpikis et al., 2019; Hu et al., 2022), covering optimality and equilibrium analyses.

The complex interaction between pricing and the SD makes it hard to explicitly develop mathematical models that adapt well
o dynamic and stochastic environments, and RL comes in as a promising direction to address these challenges by considering
ndogeneity and exogeneity as part of the environment dynamics.

Table 1 summarizes the reviewed works on RL for dynamic pricing in ridesharing. As one of the early RL works, Wu et al. (2016)
onsider a simplified ridesharing environment which captures only the two-sidedness of the market but not the spatiotemporal
imensions. The state of the MDP is the current price plus SD information. The action is to set a price, and the reward is the
enerated profit. A Q-learning agent is trained in a simple simulator, and empirical advantage in the total profit is demonstrated
gainst other heuristic approaches. More recent works leverage the spatiotemporal nature of the pricing actions and take into account
he spatiotemporal long-term values in the pricing decisions. Chen et al. (2019a) integrate contextual bandits and the spatiotemporal
alue network developed in Tang et al. (2019) for matching to jointly optimize pricing and matching decisions. In particular, the
ricing actions are the discretized price percentage changes and are selected by a contextual bandits algorithm, where the long-term
alues learned by the value network are incorporated into the bandit rewards. In Turan et al. (2020), the RL agent determines both
he price for each origin–destination (OD) pairs and the reposition/charging decisions for each electric vehicle in the fleet. The state
ontains global information such as the electricity price in each zone, the passenger queue length for OD pair, and the number of
ehicles in each zone and their energy levels. The reward accounts for trip revenue, penalty for the queues, and operational cost for
harging and repositioning. Due to the multi-dimensional continuous action space, PPO is used to train the agent in a simulator. Song
t al. (2020) perform a case study of ridesharing in Seoul. They use a tabular Q-learning agent to determine spatiotemporal pricing,
nd extensive simulations are performed to analyze the impact of surge pricing on alleviating the problem of marginalized zones
areas where it is consistently hard to get a taxi) and on improving spatial equity. Chen et al. (2021) adopt PPO to optimize the
patiotemporal pricing decisions for each hexagonal cell in terms of the per-km rate for the excess mileage beyond a base trip
istance and the per-km rate for driver wage, for the objective of maximizing profits (revenue minus wage). The agent is modeled
s a global decision-maker with state information of the numbers of open requests, vacant vehicles, occupied vehicles in each grid
ell at time 𝑡 and historical demand at time 𝑡 − 1. Unlike the works above that focus on the pricing decisions, Mazumdar et al.
2017) study from a different perspective of the pricing problem. The proposed risk-sensitive inverse RL method (Ng et al., 2000)
ecovers the policies of different types of passengers (risk-averse, risk-neutral, and risk-seeking) in view of surge pricing. The policy
etermines whether the passenger should wait or take the current ride.

As discussed in Section 2.2, under the setting where the driver pay is associated with the trip fare, the dynamic pricing policy
6

lso affects supply elasticity, i.e., drivers’ decisions on participation in a given marketplace, working hours, and in some cases, the
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Table 1
Summary of literature for Pricing.

Paper Agent State Action Reward Algorithm Environment

Wu et al. (2016) Global
decision-maker

Current trip price
(same for all trips),
SD info

Price Profit Q-learning No spatiotemporal
dimensions

Chen et al.
(2019a)

Global
decision-maker

Features of the trip
request

Discretized price
change percentage

Profit Contextual bandits
with action values
partly computed
by CVNet

Ride-hailing
simulator with
pricing module
and passenger
elasticity model

Turan et al.
(2020)

Global
decision-maker for
pricing and EV
charging

Electricity price in
each zone, passenger
queue length for each
OD pair, number of
vehicles in each zone
and their energy
levels

Price for each OD
pair, reposition/
charging for each
vehicle

Trip revenue -
penalty for queues
- operational cost
for charging and
reposition

PPO Simulator

Song et al.
(2020)

Global
decision-maker

Location, time Price for
spatialtemporal
grid cells

Trip price minus
penalty for driver
waiting

Q-learning Case study:
ride-hailing
simulation of
Seoul

Mazumdar et al.
(2017)

Passenger Price multiplier, time,
if a ride has
completed

Wait, take current
ride

Trip price to pay Risk-sensitive
inverse RL

Historical data

(Chen et al.,
2021)

Global
decision-maker

Number of open
requests, vacant
vehicles, and
occupied vehicles in
each grid cell at time
𝑡, and demand in
time 𝑡 − 1

Joint actions of
price (per-km for
excess mileage)
and wage (per-km
rate) for each grid
cell

Profit: revenue
minus wage

PPO Simulation based
on Hangzhou data
from DiDi;
modeling on both
supply and
demand elasticity

probability of accepting a given assignment, depending on the rules of the particular ridesharing platform (Chen and Sheldon, 2016;
Sun et al., 2019; Angrist et al., 2021). Although not yet being widely considered in RL approaches to pricing, supply elasticity is
an important piece of system state information that has significant implication to the sequence of pricing decisions. For the closely
related topic of driver incentives design, Shang et al. (2019, 2021) adopts a learning-based approach to construct a generative model
for driver behavior with respect to the incentives policy and subsequently trains an RL agent to optimize the incentives design for
system-level metrics. Perhaps this example sheds some light on how RL is able to help improve pricing policies in view of supply-side
effects.

4.2. Online matching

The rideshare matching problem and its generalized forms have been investigated extensively in the field of operations research
see e.g., Özkan and Ward, 2020; Hu and Zhou, 2022; Lowalekar et al., 2018 and the references therein). Typically, both the open
rip requests and available drivers are batched within time windows of fixed length as they arrive at the system, and they are
atched at predefined discrete review times. See Fig. 2 for an illustration. Hence, ridesharing matching is an online stochastic
roblem (Qin et al., 2020). Outside the RL literature, Lowalekar et al. (2018) approach the problem through stochastic optimization
nd use Bender’s decomposition to solve it efficiently. To account for the temporal dependency of the decisions, Hu and Zhou
2022) formulate the problem as a stochastic DP and propose heuristic policies to compute the optimal matching decisions. For a
elated problem, the truckload carriers assignment problem, Simao et al. (2009) also formulate a dynamic DP but with post-decision
tates so that they are able to solve the problem using ADP. In each iteration, a demand path is sampled, and the value function is
pproximated in a linear form and updated using the dual variables from the LP solution to the resulting optimization problem.

The RL literature for rideshare matching (see Table 2) typically aims to optimize the total driver income and the service quality
ver an extended period of time. Service quality can be quantified by response rate and fulfillment rate. Response rate is the ratio of
he matched requests to all trip requests. Since the probability of pre-match cancellation is primarily a function of response time
pre-match waiting time), the total response time is an alternative metric to response rate. Fulfillment rate is the ratio of completed
equests to all requests and is no higher than the response rate. The gap is due to post-match cancellation, usually because of the
aiting for pick-up. Hence, the average pick-up distance is also a relevant quantity to observe. Fig. 3 shows the detailed flow of
atching a single trip request together with the quantities discussed above.

In terms of the MDP formulation, driver agent is a convenient modeling choice for its straightforward definition of state, action,
nd reward, in contrast to system-level modeling where the action space is exponential. In this case, the rideshare platform is
7

aturally a multi-agent system with a global objective. A common approach is to crowdsource all drivers’ experience trajectories to
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Fig. 2. The order matching process with batching from the system perspective (Qin et al., 2020). The assignments are for illustration only.

Fig. 3. The order matching process from a single request’s perspective.

train a single agent and apply it to all the drivers to generate their matching policies (Xu et al., 2018; Wang et al., 2018; Tang et al.,
2019). Since the system reward is the sum of the drivers’ rewards, the system value function does decompose into the individual
drivers’ value functions computed by each driver’s own trajectories. The approximation here is using a single value function learned
from all drivers’ data. See Qin et al. (2020) for detailed discussions. Specifically, Xu et al. (2018) learn a tabular driver value function
using TD(0), and Wang et al. (2018), Tang et al. (2019), Holler et al. (2019) apply DQN-type of training to learn a value network. In
particular, Tang et al. (2019) design a spatiotemporal state-value network using hierarchical coarse coding and cerebellar embedding
memories for better state representation and training stability. Holler et al. (2019) develop an action-value network that leverages
global SD information, which is embedded into a global context by attention.

This type of single-agent approach avoids dealing explicitly with the multi-agent aspect of the problem and the interaction
among the agents during training. Besides simplicity, this strategy has the additional advantage of being able to easily handle a
dynamic set of agents (and hence, a changing action space) (Ke et al., 2020b). On the other hand, order matching requires strong
system-level coordination in that a feasible solution has to satisfy the one-to-one constraints. To address this issue, Xu et al. (2018)
and Tang et al. (2019) use the learned state values to populate the edge weights of a bipartite assignment problem to generate a
collective-greedy policy (Qin et al., 2020) with respect to the state values. Holler et al. (2019) assume a setting where drivers are
matched or repositioned sequentially so that the policy output always satisfies the matching constraints.

Leveraging MARL, Li et al. (2019), Jin et al. (2019) and Zhou et al. (2019) directly optimize the multi-agent system. One
significant challenge is scalability since any realistic ridesharing setting can easily involve thousands of agents, precluding the
possibility of dealing with an exact joint action space. Li et al. (2019) apply mean-field MARL to make the interaction among agents
tractable, by taking the ‘average’ action of the neighboring agents to approximate the joint actions. Zhou et al. (2019) argue that no
explicit communication among agents is required for order matching due to the asynchronous nature of the transitions and propose
independent Q-learning with centralized KL divergence (of the supply and demand distributions) regularization. Both Li et al. (2019)
and Zhou et al. (2019) follow the centralized training decentralized execution paradigm. Jin et al. (2019) take a different approach
treating each spatial grid cell as a worker agent and a region of a set of grid cells as a manager agent, and they adopt hierarchical
8

RL to jointly optimize order matching and vehicle repositioning.
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In practical settings, the online matching policy often has to balance among multiple objectives (Lyu et al., 2019), e.g., financial
etrics and customer experience metrics. The rationale is that persistent negative customer experience will eventually impact long-

erm financial metrics as users churn the service or switch to competitors. There are two potential ways that one can leverage
L to approach this problem. The explicit approach is to directly learn a policy that dynamically adjusts the weights to combine

he multiple objectives into a single reward function. With the abundance of historical experience data, inverse RL can be used to
earn the relative importance of multiple objectives under a given unknown policy (Zhou et al., 2021). The implicit approach is
o capture the necessary state signals that characterize the impact of the metrics not explicitly in the reward function, so that the
earned value function correctly reflect the long-term effect of the multiple metrics. As discussed in Section 5.5, the long feedback
oop is a potential challenge here.

Besides the driver-passenger pairing decisions, there are other important levers that can be optimized within the matching
odule, namely the matching window and the matching radius (Yang et al., 2020a). The matching window determines when to
atch a request (or a batch of requests). A larger window increases pre-match waiting time but may decrease pick-up time for
atched requests because of more available drivers. There have been several RL works on the matching window optimization,
hich can be done from the perspective of a request itself (Ke et al., 2020b) or the system (Wang et al., 2019; Qin et al., 2021a).

n Ke et al. (2020b), each trip request is an agent. An agent network is trained centrally using pooled experience from all agents to
ecide whether or not to delay the matching of a request to the next review window, and all the agents share the same policy. To
ncourage cooperation among the agents, a specially shaped reward function is used to account for both local and global reward
eedback. They also modify the RL training framework to address the delayed reward issue by sampling complete trajectories at
he end of training epochs to update the network parameters. Wang et al. (2019) take a system’s view and propose a Restricted
-learning algorithm to determine the length of the current review window (or batch size). They show theoretical analysis results
n the performance guarantee in terms of competitive ratio for dynamic bipartite graph matching with adaptive windows. Qin
t al. (2021a) take a similar modeling perspective but use the AC method with experience replay (ACER) (Wang et al., 2016) that
ombines on-policy updates (through a queuing-based simulator) with off-policy updates. The matching radius defines how far an
dle driver can be from the origin of a given request to be considered in the matching. It can be defined in travel distance or time.

larger matching radius may increase the average pick-up distance but requests are more likely to be matched within a batch
indow, whereas a smaller radius renders less effective driver availability but it may decrease the average pick-up distance. Both

he matching window and radius are trade-offs between pre-match and post-match waiting times (and hence, cancellation). So far,
ew effort through RL has been devoted to matching radius optimization. The joint optimization of the matching window and radius
s certainly another interesting line of research.

Because of its generalizability, matching for ridesharing is closed related to a number of online matching problems in other
omains, the RL methods to which are also relevant and can inform the research in rideshare matching. Some examples are training
truck agent using DQN with pooled experience to dispatch trucks for mining tasks (Zhang et al., 2020b), learning a decentralized
alue function using PPO with a shaped reward function for cooperation (in similar spirit as Ke et al. (2020b)) to dispatch couriers
or pick-up services (Chen et al., 2019b), and designing a self-attention, pointer network-based policy network for a system agent
o assign participants to tasks in mobile crowdsourcing (Shen et al., 2020).

.3. Vehicle repositioning

Vehicle repositioning from a single-driver perspective (i.e., taxi routing) has a relatively long history of research since taxi service
as been in existence long before the emergence of rideshare platforms. Likewise, research on RL-based approaches for this problem
see Table 3) also appeared earlier than that on system-level vehicle repositioning.

For the taxi routing problem, each driver is naturally an agent, and the objective thus focuses on optimizing individual reward.
ommon reward definitions include trip fare (Rong et al., 2016), net profit (income - operational cost) (Verma et al., 2017), idle
ruising distance (Garg and Ranu, 2018), and ratio of trip mileage to idle cruising mileage (Gao et al., 2018). Earlier works (Han
t al., 2016; Wen et al., 2017; Verma et al., 2017; Garg and Ranu, 2018) optimize the objective within a horizon up to the next
uccessful match (i.e., A-to-B and A-to-C in Fig. 4), but it is now more common to consider a long-term horizon, where an episode
sually consists of a trajectory over one day (Lin et al., 2018; Shou et al., 2020; Jiao et al., 2021). We illustrate these concepts in
ig. 4.

The type of actions of an agent depends on the physical abstraction adopted. A simpler and more common way of representing
he spatial world is a grid system, square or hexagonal4 Han et al. (2016), Wen et al. (2017), Verma et al. (2017), Gao et al. (2018),

Lin et al. (2018), Rong et al. (2016), Jiao et al. (2021) and Shou et al. (2020). In this setting, the action space is the set of neighboring
cells (often including the current cell). Shou and Di (2020b) explain the justification for this configuration. Determination of the
specific destination point is left to a separate process, e.g., pick-up points service (Jiao et al., 2021). The more realistic abstraction
is a road network, in which the nodes can be intersections or road segments (Garg and Ranu, 2018; Yu et al., 2019; Zhou et al.,
2018; Schmoll and Schubert, 2020). The action space is the adjacent nodes or edges of the current node. This approach supports a
turn-by-turn guiding policy but requires more map information at run time.

Most of the papers adopt a tabular value function, so the state is necessarily low-dimensional, including spatiotemporal
information and sometimes additional categorical statuses. Shou et al. (2020) have a boolean in the state to indicate if the driver is

4 The hexagonal grid system is the industry standard.
9
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Table 2
Summary of literature for Online Matching.

Paper Agent State Action Reward Algorithm Environment Notes

Xu et al. (2018) Driver Assignment
to a specific
order or idle

Location, time Trip price Tabular TD(0)
for learning state
values offline +
Hungarian
method for
generating the
assignment
online

Deployed in
production;
multi-agent,
agent-level
simulation

Wang et al.
(2018)

Driver Assignment
to a specific
order or idle

Location, time,
SD features

Trip price Offline DQN for
matching, CFPT
network for
transfer learning

Single-agent
simulation

Single-vehicle
problem

Tang et al.
(2019) and Qin
et al. (2020)

Driver Assignment
to a specific
order or idle

Location, time,
SD features

Trip price CVNet (deep
TD-like
algorithm) for
learning state
values offline +
Hungarian
method for
generating the
assignment
online

Deployed in
production;
multi-agent,
agent-level
simulation

Hierarchical
sparse coarse
coding,
cerebellar
embedding of
spatial info,
Lipschitz
regularization on
network

Holler et al.
(2019)

Driver, system Matching a
driver to an
order,
reposition a
driver;
matching and
repositioning
done
sequentially

Global info of all
drivers and open
orders

Trip price,
reposition cost

DQN, PPO Multi-agent,
agent-level
simulation

Attention
mechanism to
extract global
state info into a
context vector

Li et al. (2019) Driver Assignment
to a specific
order or idle

Location, time,
is_available

Trip price Mean-field
MARL, AC
method

Homogeneous
vehicles within
the same grid
cell

The mean action
is represented by
the peers’
destination
distribution.

Jin et al. (2019) Worker: hex cell
manager: group
of hex cells (one
layer)

Worker:
ranking for
match and
reposition
manager:
abstract goal
for workers

Number of
vehicles, orders,
entropy,
reposition-guided
vehicles,
distributions of
trip prices and
durations in the
given hex cell

Manager: total
driver income +
specifically
designed quantity
to promote high
order response
rate worker:
intrinsic reward
for following the
goal generated by
manager

Hierarchical
MARL

Homogeneous
vehicles within
the same grid
cell

Multiple
managers, each
manager
communicates
with multiple
workers
multi-head
attention
mechanism for
coordination

Zhou et al.
(2019)

Driver A trip tuple:
(origin cell,
destination
cell, trip
duration,
price)

Cell index,
number of idle
vehicles, orders,
distribution of
trip destinations
in the given hex
cell

Trip price Independent
learning with KL
divergence
regularization

Homogeneous
vehicles within
the same grid
cell

(continued on next page)

assigned to consecutive requests since its setting allows a driver to be matched before completing a trip request. Rong et al. (2016)
and Zhou et al. (2018) have the direction from which the driver arrives at the current location. For deep RL-based approaches (Wen
et al., 2017; Jiao et al., 2021), richer contextual information, such as SD distributions in the neighborhood, can go into the state.

The learning algorithms are fairly diverse but are all value-based. By estimating the various parameters (e.g., matching
probability, passenger destination probability) to compute the transition probabilities, Rong et al. (2016), Yu et al. (2019), Shou et al.
(2020) and Zhou et al. (2018) adopt a model-based approach and use value iterations to solve the MDP. Shou et al. (2020) further
use inverse RL to learn the unit-distance operational cost. Model-free methods are also common, e.g., Monte Carlo learning (Verma
10
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Table 2 (continued).
Paper Agent State Action Reward Algorithm Environment Notes

Ke et al. (2020b) Trip request Match or
delay

Global: number
of idle vehicles,
open requests,
expected arrival
rates of requests
and drivers in
each cell
local: location,
cumulative
waiting time,
expected pick-up
distance

Local reward
based on the
ultimate outcome
of matching
(whether or not
matched or
cancelled): trip
value, pick-up
distance, and
match window
time
Global reward is
based on average
local reward.
Final reward is
convex
combination of
local and global
rewards.
The rewards have
to be updated at
the end of the
epoch.

DQN, PPO, A2C,
ACER with
delayed reward.
Whole episode
trajectories are
sampled from
replay buffer.

Agent-based
simulation with
delayed
matching feature

Wang et al.
(2019)

System Expected
length of
current batch

Current nodes in
the bipartite
graph, current
batch size

The sum of the
edge weights in
the batch

Restricted
Q-learning

DiDi GAIA data
set

The adaptive
batch-based
matching has a
guarantee on
competitive ratio

Qin et al.
(2021a)

System Match the
current batch
or continue
to batch
(decision
made at
every time
interval)

Number of
batched requests
and vehicles and
estimated arrival
rates of demand
and supply in
each cell

For each time
interval, the
negative of total
matching wait
time for all
batched requests
and the total
pick-up wait time
saved (by delaying
the current batch)

ACER that
combines
on-policy
updates (through
a queuing-based
simulator) with
off-policy
updates

Shanghai taxi
data

Shi et al. (2019) Vehicle Remaining
battery level
when
available,
next
available
time and
location,
global time

Matching, EV
(charging)

Trip price -
pick-up cost -
charging cost

Similar to CVNet
(Tang et al.,
2019)

synthetic data Assumes
decomposibility
of system value
into vehicle
values

Kullman et al.
(2022)

System Global time,
new request
info, state of
each vehicle

Joint matching,
reposition, and
charging (EV)
for each vehicle

Revenue - travel
cost

DQN + attention
mechanism over
vehicles
embeddings
(similar to
Holler et al.,
2019)

NYC taxi data
with taxi zones

Decision epoch
is either a new
request arrives
or a vehicle
becomes idle.

Al-Kanj et al.
(2020)

System Supply–
demand
counts in
spatiotempo-
ral
discretized
space

Joint matching
and reposition,
EV (charging)

revenue - charging
expense

ADP with value
function approx.
on post-decision
states. Value
function approx.
by hierarchical
aggregation.

Simulation with
New Jersey
ride-hailing trip
data

et al., 2017), Q-learning (Han et al., 2016; Gao et al., 2018), and DQN (Wen et al., 2017). Jiao et al. (2021) is a hybrid approach in
that it performs an action tree search at the online planning stage using estimated matching probabilities and a separately learned
state value network. Garg and Ranu (2018) is in a similar spirit by augmenting the multi-arm bandits with Monte Carlo tree search.

The problem formulation most relevant to the ridesharing service provider is system-level vehicle repositioning. Similar to order
atching, the ridesharing platform reviews the vehicles’ states at fixed time intervals which are significantly longer than those for
11
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Fig. 4. Illustration of the (single-agent) taxi routing problem on a hexagon grid system. The vehicle at its origin position A has the option to reposition to one
of the neighboring and current cells. The black arrows represent reposition (idle cruising), and in the two scenarios, the vehicle is matched to a trip request at B
and C respectively. The orange arrows represent trip moves, and the orange flags are where the episodes terminate (for long-term horizons). (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

order matching. See Fig. 2 for illustration. Idle vehicles that meet certain conditions, e.g., being idle for sufficiently long time and
not in the process of an existing reposition task, are sent reposition recommendations, which specify the desired destinations and
the associated time windows. The motivation here is to explicitly modify the current distribution of the available vehicles so that
collectively they are better positioned to fulfill more requests more efficiently in the future. Fig. 5 explains the idea with a concrete
example. If the vehicles reposition independently (following the orange arrows), they both move to the orange-circled area and there
will be a surplus of supply while the demand in the green-circled area will not be served. In contrast, if the vehicles coordinate and
the one in the south repositions by the blue arrow, both vehicles will be matched, and all the requests are served.

The agent can be either the platform or a vehicle, latter of which calls for a MARL approach. All the works in this formulation
have global SD information (each vehicle and request’s status or SD distributions) in the state of the MDP, and a vehicle agent will
additionally have its spatiotemporal status in the state. The rewards are mostly the same as in the taxi routing case, except that Mao
et al. (2020) consider the monetized passenger waiting time. The actions are all based on grid or taxi zone systems.

The system-agent RL formulation has only been studied very recently, in view of the intractability of the joint action space of all
the vehicles (see Table 4). To tackle this challenge of scalability, Feng et al. (2020) decompose the system action into a sequence of
atomic actions corresponding to passenger-vehicle matches and vehicle repositions. The MDP encloses a ‘sequential decision process’
in which all feasible atomic actions are executed to represent one system action, and the MDP advances its state upon complete
of the system action. They develop a PPO algorithm for the augmented MDP to determine the sequence of the atomic actions. The
system policy in Mao et al. (2020) produces a reposition plan that specifies the number of vehicles to relocate from zone 𝑖 to 𝑗 so
that the action space is independent from the number of agents (at the expense of additional work at execution). The agent network,
trained by a batch AC method, outputs a value for each OD pair, which after normalization gives the percentage of vehicles from
each zone to a feasible destination.

The vehicle-agent approaches have to address the coordination issue among the agents. Lin et al. (2018) develop contextual DQN
and AC methods, in which coordination is achieved by masking the action space based on the state context and splitting the reward
accrued in a grid cell among the multiple agents within the same cell. Oda and Joe-Wong (2018) treat the global state in grid as image
input and develop an independent DQN method. They argue that independent learning, equipped with global state information,
works quite well compared to an MPC-based approach. The zone structure in Liu et al. (2020) is constructed by clustering a road-
connectivity graph. A single vehicle agent is trained with contextual deep RL and generates sequential actions for the vehicles.
Zhang et al. (2020b) also train a single DQN agent for all agents, but with global KL distance between the SD distributions similar
to Zhou et al. (2019). The DQN agent is put in tandem with QRewriter, another agent with a Q-table value function that converts
the output of DQN to an improved action. Shou and Di (2020b) approach the MARL problem with bilevel optimization: The bottom
level is a mean-field AC method (Li et al., 2019) with the reward function coming from a platform reward design mechanism, which
is tuned by the top level Bayesian optimization. Agent coordination is done by a central module in Chaudhari et al. (2020a), where
a vehicle agent executes a mix of independent and coordinated actions. The central module determines the need for coordination
based on SD gaps, and explicit coordination is achieved by solving an assignment problem to move vehicles from excess zones to
deficit zones.

For joint matching and repositioning optimization, one major challenge is the heterogeneous review cadence. Matching and
reposition decisions are typically made asynchronously in practice. To address this issue, Tang et al. (2021) allow the two modules
12



Transportation Research Part C 144 (2022) 103852Z. Qin et al.
Fig. 5. Illustration of system-level vehicle repositioning. The requests in the orange-circled and green-circled areas appear in the future w.r.t. the time of
repositioning. The empty vehicles are existing ones in the orange-circled area. The orange and blue arrows represent potential reposition moves. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

to operate independently but share the same spatiotemporal state value function which is updated online. If the two decisions are
formulated into the same problem, the action space can be masked depending on the state (Holler et al., 2019).

Existing RL literature on repositioning often assumes the drivers’ full compliance to reposition, i.e., the autonomous vehicle
setting. How non-compliance affects the overall performance of a reposition algorithm is a natural question to ask when considering
a real-world ridesharing system, in which we expect to see a combination of drivers’ independent cruising strategies (Urata et al.,
2021; Wong et al., 2014) and system-guided idle cruising behavior. It is also interesting and practically necessary to investigate
incentives design and strategies that facilitate the repositioning process. In Zhu et al. (2021), for example, a mean-field MDP is
developed for modeling drivers’ strategies, and empirical investigations are performed on how spatiotemporal driver incentives
affect driver behavior and the system performance.

4.4. Route guidance (navigation)

Routing in this paper refers to low-level navigation decisions on a road network, typically with output of matching and
repositioning algorithms as input. The road network, combined with traffic conditions on the links (exhibited as link costs), forms
the traffic network which is a non-stationary stochastic network (Mao and Shen, 2018). It is known that standard static shortest-path
algorithms do not find the path with minimum expected cost in this case, and the optimal route is not a simple route but a policy
(Hall, 1986; Kim et al., 2005). There are two types of set-up for the routing problem, depending on the decision review time. In the
first type of set-up, each vehicle on the road network selects a route for a given OD pair from a set of feasible routes. The decision
is only reviewed and revised after a trip is completed. Hence, it is called route planning or route choice. When the routes for all
the vehicles are planned together, it is equivalent to assigning the vehicles to each link in the network, and hence, the problem is
called traffic assignment problem (TAP), which is typically for transportation planning purposes. In the second type of set-up, the
routing decision is made at each intersection to select the next outbound road (link) to enter. These are real-time adaptive navigation
decisions for vehicles to react to the changing traffic state of the road network. The problem corresponding to this set-up is called
dynamic routing, dynamic route choice, or route guidance.

Routing on a road network is a typical multi-agent problem, where the decisions made by one agent has influence on the other
agents’ performance, simply in that the congestion level of a link depends directly on the number of vehicles passing through that
link at a given time and has direct impact on the travel time for all the vehicles on that link within the same time interval. The
literature for route planning and TAP often consider the equilibrium property of the algorithms when a population of vehicles
adopt them. TAP is typically from a traffic manager’s (i.e., system’s) perspective. Its goal is to reach system equilibrium (SE, or also
often referred to as the system optimum). Some works focus on route planning or TAP from an individual driver’s perspective and
maximize individual reward. These algorithms try to reach user equilibrium (UE) or Nash equilibrium, under which no agent has
the incentive to change its policy because doing so will not achieve higher utility. This is the best that selfish agents can achieve
but may not be optimal for the system.
13
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Table 3
Summary of literature for Vehicle Repositioning (taxi routing).

Paper Type Agent State (in
addition to ST
info)

Action Reward Episode Algorithm Coordination Data

Rong et al.
(2016)

Taxi Driver Direction from
which driver
arrives at the
current
location

Neighboring
cells in a grid
system

Trip fare Long-term Model-based,
VI to solve
MDP

–

Han et al.
(2016)

Taxi driver – Neighboring
cells in a grid
system

Trip fare -
reposition cost

from idle to
completion of
next trip(s)
and being idle
again

Q-learning –

Verma et al.
(2017)

Taxi Driver – Neighboring
cells in a grid
system

Trip fare -
reposition cost

Up to the next
match

MC learning – Taxi log data
from Singapore

Wen et al.
(2017)

Taxi Driver SD contextual
info

Neighboring
cells in a grid
system

Saved idle time
compared to a
counterfactual
simulation
without
reposition.
Penalized if no
match after
reposition.

Up to the next
match

DQN with
greedy action
Compared with
MINLP and
SAR (simple
anticipatory
rebalancing)
on avg
passenger wait
time.

–

Garg and
Ranu (2018)

Taxi Driver Current node
on road
network

Adjacent node
or edge

Idle cruising
distance till the
next passenger

Up to the next
match

MAB + MCTS –

Gao et al.
(2018)

Taxi Driver Location,
occupied,
parking, vacant

Idle cruise to a
neighboring
cell in the grid
system,
carrying
passenger to
destination,
waiting

Trip
mileage/idle
cruising
mileage
Problem
objective:
effective
driving ratio =
total trip
mileage/total
idle cruising
mileage

Long-term
(day)

Q-learning – Beijing Taxi
data 2013

Zhou et al.
(2018)

Taxi Driver Current road
segment, time,
previous road
segment

Adjacent node
or edge

Trip fare Long-term Model-based,
VI to solve
MDP

– A year of taxi
data from a
major city in
China

Yu and Shen
(2019)

Taxi Driver Current node
on road
network

Adjacent node
or edge

Trip fare -
operational
cost

long-term
(day)

Model-based,
VI to solve
MDP; use
parallel matrix
operations to
accelerate
computation

– Shanghai taxi
trajectory data
in the morning
of a weekday

Shou et al.
(2020)

Taxi,
system

Driver Boolean:
whether or not
assigned to
consecutive
requests

Neighboring
cells in a grid
system

Trip fare -
operational
cost
operational
cost per unit
distance
learned
through IRL

long-term
(day)

Model-based,
VI to solve
MDP; inverse
RL to learn
unit distance
op cost

Sequentially
make decision
for each driver.
Adjust the
matching prob
of each driver’s
MDP, and
solve again.

Beijing
ride-hailing
trajectory data
from DiDi over
three weekdays

Jiao et al.
(2021)

Taxi Vehicle SD contextual
info in the
current cell

Neighboring
cells in a grid
system

Trip fare -
reposition cost

Long-term Offline CVNet
+ decision-time
action search

– DiDi
ride-hailing
data
14
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Table 4
Summary of literature for Vehicle Repositioning (system reposition).

Paper Type Agent State (in
addition to ST
info)

Action Reward Episode Algorithm Coordination Data

Lin et al.
(2018)

System Driver Global SD
contextual
features in all
cells

Neighboring
cells in a grid
system

Trip fare,
shared when
multiple agents
are in the
same grid cell

Long-term Contextual
DQN, AC

Contextual
state features,
action space
pruned by
context

4 weeks of
DiDi data in
Chengdu,
China

Oda and
Joe-Wong
(2018)

System Driver Global SD state
discretized into
cells, treated
as an image

Reachable cells
in a grid
system within
the reposition
cycle

Weighted
number of
pick-ups -
reposition time

Long-term Independent
DQN

– NYC taxi data

Shou and Di
(2020b)

System Vehicle – Neighboring
cells in a grid
system

Trip fare Long-term Bilevel
optimization:
top Bayesian
optimization to
update reward
param, bottom
mean-field
MARL (AC)

Mean-field
MARL

NYC taxi data

Jiao et al.
(2021)

System Vehicle SD contextual
info in the
current and
neighboring
cells

Neighboring
cells in a grid
system

Trip fare -
reposition cost

Long-term Deep SARSA Stochastic
policy through
softmax of
action values,
SD
regularization
to action
values

DiDi
ride-hailing
data

Mao et al.
(2020)

System System SD info for
each zone

Reposition
plan: number
of repositioned
vehicles for
each OD pair
in a zone map

Monetized
passenger
waiting time

Long-term Batch AC Central
decision-
making

NYC taxi data

Feng et al.
(2020)

System System Status of every
vehicle and
request

Atomic action:
driver-
passenger
match or
driver-
destination
match
(reposition);
system action:
sequence of
atomic actions

trip fare -
operational
cost

Long-term
(day)

PPO applied to
MDP with
Sequential
Decision
Process
embedded:
global actions
decomposed
into sequential
atomic ones

Central
decision-
making

DiDi data: 5
regions, 1000
cars, 360 min

Liu et al.
(2020)

System Vehicle Discrete zone
structure
constructed by
clustering a
road
connectivity
graph

Neighboring
zones

trip fare Long-term Contextual
DQN with
shared value
function

Vehicle actions
generated
sequentially

real-world taxi
data

Zhang et al.
(2020b)

System Vehicle Global SD
distributions

Neighboring
cells in a grid
system

Global KL
distance
between SD
distributions

Long-term DQN + Q-table
in tandem with
shared value
function

Global state
features

DiDi data

Chaudhari
et al. (2020a)

System Vehicle cell in an ST
table

Neighboring
cells in a grid
system, wait

Trip fare -
operational
cost

Long-term SARSA-like
policy
evaluation

Solve an
assignment
problem of
surplus and
deficits in
terms of SD
gap

NYC taxi data
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Value-based RL is by far the most common approach for route planning and TAP aiming to reach UE (see Table 5). In the MDP
ormulation, the agent is a vehicle (or equivalently, a task) with a given OD pair. The objective is to minimize the total travel time for
n individual vehicle (task) (Mainali et al., 2008; Ramos et al., 2018; Zhou et al., 2020b), i.e., the agent is selfish. The immediate
eward is the total travel time of a trip for an individual and a particular run. This MDP is stateless, so strictly speaking, it is a
ulti-arm bandits or contextual bandits problem (Li et al., 2010) if considering time as a contextual feature. The action to take at
ecision time is to select a route from the set of feasible routes for the associated OD pair (Ramos et al., 2018; Zhou et al., 2020b;
azzan and Chira, 2015). The value function that governs the route choice decisions represents the long-term expected travel time
or the trip identified by the given OD pair. Due to the multi-agent nature, the environment w.r.t. each agent is non-stationary in
hat the reward function is changing with the policy updates from the other agents. Empirical convergence to UE is demonstrated
y Ramos et al. (2018). Zhou et al. (2020b) further develop a Bush–Mosteller RL scheme for MARL and formally establishes its UE
onvergence property. We also highlight some unique features of the papers. Ramos et al. (2018) consider a different objective from
he common and minimizes the driver’s regret. To do that, the Q-learning updates are modified using the estimated action regret,
hich can be computed by local observations and global travel time information communicated by an app. Bazzan and Chira (2015)
ropose a hybrid method, with Q-learning for individual agents and Genetic Algorithm for reaching system equilibrium, minimizing
he average travel time over different trips in the network. This method is thus able to achieve SE. Mainali et al. (2008) adopt
-iterations with a model set-up similar to that of dynamic routing to be discussed next.

Most applications of RL to routing concern with the dynamic routing (DR) problem (see Table 5). The MDP is modeled around
a vehicle agent. The basic state information is the traffic state of the current node (i.e., intersection). Some works consider state
features of the neighboring nodes (Kim et al., 2005; Mao and Shen, 2018) so that the agent has a broader view of the environment.
The action space comprises the set of outbound links (i.e., roads) or adjacent nodes from the current node, so the policy provides
a turn-by-turn navigation guidance until the destination is reached. While it is most common to use travel time on a link as the
reward function, Tumer et al. (2008) and Grunitzki et al. (2014) stand out by defining a new form called difference reward, which
is the difference in average travel time on a link with and without the agent in the system. This applied to only a reward function
dependent on the number of agents using the traversed link. In particular, travel distance cannot be used to define a difference
reward. Whether solving a specific formulation achieves UE or SE depends on the reward function used. The average travel time on
a link is a global reward because it is an aggregate of local rewards (i.e., individual travel times) of all the agents on that link. The
difference reward, by definition, is a global reward that also reflects individual effect. If all the agents in the system learn by global
reward (Tumer et al., 2008; Grunitzki et al., 2014; Shou and Di, 2020a), then the system is expected to achieve SE. Otherwise, the
agents learn by their local rewards, and we will have UE or Nash equilibrium (Kim et al., 2005; Yu et al., 2012; Mao and Shen,
2018; Bazzan and Grunitzki, 2016; Wen et al., 2019).

Most works in the literature adopt Q-learning or its variant as the training algorithm. We report several notable developments.
To tackle the sample efficiency issue of online model-free methods, Mao and Shen (2018) propose an offline batch RL approach
(fitted Q-iterations) with a tree-based function approximator (Extreme Randomized Trees) that empirically shows good convergence
property. Hierarchical methods have also been adopted to address the complexity of a large-scale problem. In Wen et al. (2019), the
global road network is divided into sub-networks by differential evolution-based clustering. The top-level network contains only the
boundary nodes of the original network. The top-level policy produces the destination node for a sub-network. The sub-level policy
provides link-level guidance to reach its sub-destination. Shou and Di (2020b) adopt a bilevel optimization scheme. At the lower
level, a mean-field MARL algorithm solves for the dynamic routing problem for the travelers, while at the upper level, a Bayesian
optimization module optimizes the control (i.e., reward parameter of the travelers) by the city planner.

4.5. Ride-pooling (carpool)

Ride-pooling optimization typically concerns with matching, repositioning, routing (see e.g., Zheng et al., 2018; Alonso-Mora
et al., 2017b,a; Tong et al., 2018). The RL literature has primarily focused on the first two problems. The ride-pooling matching
problem differs from that in Section 4.2 in that a combination of multiple passengers, and hence their combined trip, can be matched
to a vehicle that may or may not be empty. See stages B and C in Fig. 6 from Alonso-Mora et al. (2017a) for an illustration. The
repositioning problem is similar to the ride-hailing case, except that the objective is to optimize some pooling-specific metrics that
we define next. The routing problem solves for the sequence of pick-ups and drop-offs given the assigned passengers for a vehicle.
The routing problem could also concern with route guidance on the road network. See stage D in Fig. 6.

Many works have multiple objectives and define the reward as a weighted combination of several quantities, with hand-tuned
weight parameters. Passenger wait time is the duration between the request time and the pick-up time. Detour delay is the extra time a
passenger spends on the vehicle due to the participation in the ride-pooling. In some cases, these two quantities define the feasibility
of a potential pooled trip instead of appearing in the reward (Shah et al., 2020). Effective trip distance is the travel distance between
he origin and destination of a trip request, should it be fulfilled without ride-pooling. Yu and Shen (2019) consider minimizing
assenger wait time, detour delay, and lost demand. Guériau and Dusparic (2018) maximize the number of passengers served. Jindal
t al. (2018) maximize the total effective trip distance within an episode, which is just the number of served requests weighted by
ndividual trip distance. Considering a fixed number of requests within an episode (hence fixed maximum effective distance), this
etric reflects the efficiency of ride-pooling. Alabbasi et al. (2019), Haliem et al. (2020), Singh et al. (2021) and Haliem et al.

2021) all attempt to minimize the SD mismatch, passenger wait time, reposition time, detour delay, and the number of vehicles
16
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Table 5
Summary of literature for Route Guidance.

Paper Type Equilibrium Agent State Action Reward Algorithm Road
Network

Mainali et al.
(2008)

TAP UE Vehicle Current node
(intersection)

An adjacent
link

Travel time
on the link

Q-iteration. The
route is
constructed by
following the
decision at each
intersection.

Grid network

Bazzan and
Chira (2015)

TAP SE Vehicle – Route from
feasible
routes for the
OD pair

Total travel
time on the
chosen route

Hybrid method: Q
learning for
individual agent +
Genetic Algorithm
for system
equilibrium,
minimizing avg
travel time over
different trips.

–

Ramos et al.
(2018)

TAP UE
(empirical
conver-
gence)

Vehicle – Route from
feasible
routes for the
OD pair

Total travel
time on the
chosen route

Q-learning with
action-regret
updates to
minimize driver’s
total regret

Braess
graphs, OW
network

Zhou et al.
(2020b)

TAP UE
(theoretical
conver-
gence
established)

Vehicle – Route from
feasible
routes for the
OD pair

Total travel
time on the
chosen route

B-M RL scheme,
similar to a MARL
algo with
individual reward.

Nguyen–
Dupuis
network

Kim et al.
(2005)

DR UE Vehicle Node, time,
binary
congestion
status vector
for all links

An adjacent
node

cost accrued
by traversing
the link

Parameters of
MDP estimated
from data, MDP
solved by value
iterations

Southeast
Michigan
network and
traffic data

Tumer et al.
(2008)

DR SE Vehicle Just a single
link

Start time on
the link

Difference
reward
(uplift): with
and without
the agent in
the system

Q-learning –

Yu et al.
(2012)

DR UE Vehicle Current node An adjacent
link; action
instruction
received from
the
intersection
in real time

Travel time
on the link

Similar approach
to Mainali et al.
(2008), but
incremental
update is done by
a step of SARSA.
The updates are
done in real time
and value
functions are
sync-ed at each
intersection, which
is an independent
traffic
management
module.

SOUND/4U
simulator
based on the
road network
of Kurosaki,
Kitakyushu in
Japan

(continued on next page)

where a passenger can hop among different vehicles to complete a trip, with each vehicle completing one leg. They further consider
the number of hops and the delay due to hopping.

The state of an agent usually consists of global SD information, similar to that for matching and reposition, but the vehicle status
contains key additional information of occupancy and OD’s of the passengers on board.

The action space depends on whether the agent is modeled at vehicle level or system level. Existing RL-based works all require
that a vehicle drops off all the passengers on board according to a planned route before a new round of pooling. An individual vehicle
agent can then match to a feasible group of passengers (in terms of capacity and detour delay) (Jindal et al., 2018), reposition to
another location (Alabbasi et al., 2019; Haliem et al., 2020, 2021), or both Guériau and Dusparic (2018). A system-level agent has to
make action decisions for the entire fleet together (Yu and Shen, 2019; Shah et al., 2020). The feasible combinations of passengers
17
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Table 5 (continued).
Paper Type Equilibrium Agent State Action Reward Algorithm Road

Network

Grunitzki
et al. (2014)

DR SE Vehicle Current node An adjacent
link

Individual
reward:
negative
travel time
experienced
by the agent
on a link
difference
reward: as in
Tumer et al.
(2008)

Applied to a more
sophisticated
network than
aamas08 paper.
Results show that
DQ-learning
outforms
IQ-learning.

abstract
network
topology

Mao and
Shen (2018)

DR UE Vehicle Current node,
time, discrete
congestion
states vector
of the arcs at
most 2 steps
away.

An adjacent
node

Negative
travel time
experienced
by the agent
on a link

offline batch RL:
fitted Q-iterations
with tree-based
function
approximator
(Extreme
Randomized
Trees). Compared
with model-based
Q-iterations.

Sioux Falls
network

Bazzan and
Grunitzki
(2016)

DR UE trip (OD
pair)

Current node An adjacent
link

negative
travel time
experienced
by the agent
on a link

Independent Q
learning compared
with successive
average method

OW network,
Sioux Falls
network

Wen et al.
(2019)

DR UE Vehicle Next
approaching
node,
destination
node

An adjacent
link

Negative
travel time
experienced
by the agent
on a link

tabular Q-learning,
global road
network clustered
into subnetworks
by differential
evolution-based
clustering
Top-level network
contains only
boundary nodes of
the original
network. Top
network policy
produces the
’destination’ node
for a subnetwork.
Subnetwork policy
provides link-level
guidance to reach
its sub-destination.

SUMO
simulator
with various
networks in
Japan and US

Shou and Di
(2020b)

DR SE (avg
travel
time), UE
(travel
distance)

Vehicle Current node,
time

An adjacent
link

Negative
average
travel time of
all agents or
travel
distance on a
link

Bilevel
optimization:
Lower level -
mean field MARL
to solve for
dynamic routing
for travelers Upper
level - Bayesian
optimization to
optimize controls
by city planners

SUMO with
Manhattan
network

are typically determined by a separate process based on a pairwise shareability graph or a trip-vehicle graph (Alonso-Mora et al.,
2017a). (See illustration in Fig. 6.)

Papers with vehicle-level policy commonly train a single agent and apply to all the vehicles independently (see e.g., Haliem
t al., 2021). DQN is a convenient choice of training algorithm for this setting. For system-level decision-making, both Yu and Shen
2019) and Shah et al. (2020) employ an ADP approach and consider matching decisions only. Yu and Shen (2019) follow a similar
trategy as Simao et al. (2009) and use a linear approximation for the value function. In contrast, Shah et al. (2020) decompose the
18
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Fig. 6. Illustration of the ride-pooling matching process adapted from Alonso-Mora et al. (2017a). Stage A shows the state of the current vehicles and requests.
Vehicle 1 has one passenger on board with her destination at the top right-hand corner, while vehicle 2 is empty. The feasible combinations of passengers and
the vehicles feasible to serve them are determined at stage B. The corresponding assignment graph is set up and solved at stage C. Stage D shows the resulting
routes to fulfill all four new requests as well as the existing trip.

system value function into vehicle-level ones and adopts a neural network for the individual value function, which is updated by
mini-batch stochastic gradient descent similar to that in DQN.

It has become increasingly clear that dynamic routing and route planning in the context of ride-pooling require specific attention.
In particular, there are two aspects unique to ride-pooling. First, the trips are known only at their request times. Hence, the routes
taken by the pooled vehicles (i.e., the sequences of pick-ups and drop-offs) have to be updated dynamically to account for the
newly joined passengers. Tong et al. (2018) and Xu et al. (2020) formulate the route planning problem for ride-pooling and develop
efficient DP-based route insertion algorithms for carpool. In Section 4.6, we will see that this is also part of the stochastic dynamic
vehicle routing problem. Second, within a given route plan, the route taken by a pooled vehicle from an origin to a destination
can affect the chance and quality of its future pooling. Hence, dynamic routing (or route choice) between an OD pair can be
optimized in that direction, e.g., Yuen et al. (2019) go beyond the shortest-path to make route recommendations for better chance of
pooling. Guériau et al. (2020) evaluate the SAMoD system proposed in Guériau and Dusparic (2018) in a microscopic environment
based on SUMO with a traffic congestion-aware (non-RL) routing component. We expect to see more RL-based algorithms for the
ride-pooling dynamic routing problems.

4.6. Vehicle routing problem (VRP)

VRP has close connection to the ridesharing problem in that variants of VRP could serve as a subroutine of the ride-pooling
problem and could even used to model the entire ridesharing problem itself. The main challenge, in the context of ridesharing, is
that new demand (a pair of pick-up and drop-off locations) appears in an online nature and has to be inserted into the existing
route dynamically. So reviewing the RL literature for VRP is not only for the completeness of this survey but also essential for one
to appreciate the complexity and challenges in tackling ridesharing via RL.

VRP has many variants in its rich literature, so it is important to be clear on their differences and on the variant that each paper
claims to solve. The basic setup of a VRP consists of a transportation network  ∶= ( ,  , 𝑤) and a fleet of 𝐾 vehicles, where  is
the set of nodes (customer and depot locations), and  is the set of edges such that 𝑒𝑖𝑗 ∈  indicates that it is possible to travel
from node 𝑣𝑖 to node 𝑣𝑗 . 𝑤(𝑥𝑖𝑗 ) ∶= 𝑤𝑖𝑗 is the edge cost, typically distance or travel time. The depot 𝑣0 ∈  is a special node where
all the vehicles depart and return at. The vanilla VRP is to find an optimal set of disjoint routes (one for each vehicle) that start
and end at the depot, that collectively cover all the nodes, and whose total cost (summing over all the edges in those routes) is
minimized. A traveling salesman problem (TSP) is a special (simplified) instance of VRP, in which there is no depot, and the fleet
consists of a single vehicle. In a capacitated VRP (CVRP), each node has a demand quantity to be fulfilled by one of the vehicles.
Each vehicle has a limited capacity, and it starts from the depot with a full load of goods to fulfill the demand of the nodes on its
route. The total capacities of the fleet is sufficiently large, and all the demand has to be fulfilled. A CVRP with split delivery allows
the demand of each node to be fulfilled by multiple vehicles. In a VRP with time windows, each node has a delivery window within
which the node has to be visited or its demand has to be satisfied. If the time window constraints are soft, they can be violated
with the price of a penalty that contributes to the total cost function. In some variants of the VRP, the goods for the demand of
a node (destination) has to be picked up from another designated non-depot location (origin) before being delivered to it. This is
known as a VRP with pick-up and delivery, also known as the dial-a-ride problem (DARP). If the fleet consists of electric vehicles
(EV), the set of nodes also include charging stations, and each EV has a limited battery capacity, before the depletion of which the
EV has to reach a charging station to recharge. In practical situations, a VRP or variant can be stochastic and dynamic (SDVRP),
i.e., its parameters (e.g., demand and travel time) are uncertain, and the requests are not known at the beginning but are revealed
sequentially throughout the problem period.

The connection between VRP and ridesharing exists at both local and fundamental levels. As a subproblem in ride-pooling, the
rerouting problem after a new passenger is matched to the vehicle is a TSP with pick-up and delivery (TSPPD), which is one-vehicle
single-tour instance of CVRP with pick-up and delivery. At a fundamental level, (multi-vehicle) ride-pooling is a stochastic dynamic
multi-vehicle CVRP with pick-up and delivery. Although there are no explicit time windows, cancellation may occur if waiting time
is too long. Ride-hailing is also a special case where the vehicles all have unit capacity, and in this case, matching and routing
19
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merge into one single problem. So the ridesharing problem is an SDCVRP, except that repositioning is an intervention strategy not
considered in SDCVRP.

The goal of this section is not to provide a complete survey of the VRP literature but rather to point out the representative or
nique works that adopt RL to solve VRPs (see Table 6). A recent review of RL-based methods for solving stochastic dynamic VRP
an be found in [Hildebrandt, et al. 2021] and a more general one in Ulmer et al. (2020).

ingle-vehicle v.s. multi-vehicle problems. CVRP may appear in different forms, and sometimes the subtle differences may not be stated
clearly. Most papers solve the single-vehicle problem where there is only one active vehicle at any time. In the capacitated single
vehicle problem, the vehicle can make multiple tours (i.e., passing through the depot multiple times) to fulfill all the demand, but
the number of tours is not set in advance. In the multi-vehicle case, a fleet of 𝐾 vehicles are active simultaneously. For static VRPs,
if the number of tours in the single-vehicle case is fixed, then it is equivalent to the multi-vehicle counterpart by treating each tour
as a separate vehicle. (For problems with time windows, this equivalence can be achieved by resetting the clock every time a new
tour starts.) Otherwise, they are not equivalent in general because the number of tours in the optimal solution for the single-vehicle
problem may not be 𝑁 . For dynamic problems where the requests are not all known a-priori, it is not possible to generate the fixed
number of tours in sequence, since one cannot insert a new request to a previous tour. In this case, equivalence can only be achieved
by keeping each tour on the same clock and updating the routes with the newly appeared requests at each time step. As we will
see below, this would render essentially a multi-vehicle algorithm.

The majority of the RL-based methods for VRP models the agent as a vehicle with the system-state visibility. The state thus
consists of two types of information: the vehicle state, which includes the vehicle’s current location and remaining capacity (for
pick-up and delivery, e.g., Ulmer et al., 2020; James et al., 2019; Joe and Lau, 2020) or inventory (for homogeneous goods delivery,
e.g., Nazari et al., 2018; Kool et al., 2018; Delarue et al., 2020); the system state, which contains the locations of the customer nodes,
the demand at each node, and the unserved customers. For pick-up and delivery problems, the system state instead contains the
pick-up and delivery locations of the orders. In the case of EVs, the vehicle state additionally contains the vehicle’s battery level, and
the system state also includes the locations of the charging stations and the number of vehicles available (not in charging). The action
of the agent is to specify the next stop (pick-up/delivery location or charging station in the case EV) to visit for the current vehicle.
The sequence of actions form a route for the vehicle. When multiple routes/tours are required, the different routes are separated by
the insertion of the depot (Nazari et al., 2018; Duan et al., 2020; Kool et al., 2018; Lin et al., 2021). For (dynamic) multi-vehicle
problem where decisions for all the vehicles are made at each time step, the agents would generate their actions sequentially to
avoid conflicting actions (James et al., 2019; Zhang et al., 2020a). Since the objective of VRPs is typically to minimize total travel
distance, the reward is naturally defined as the negative travel distance. For problems with (soft) time window constraints, the
negative penalty for constraint violation is added to the reward.

Typically, these methods adopt an encoder–decoder agent network architecture. The encoder is responsible for encoding part or
all of the state information into an embedding vector (or context), which, potentially with additional input state features, is fed into
the decoder to generate the action one at a time. Bello et al. (2016) develop an policy network based on the pointer network (Vinyals
et al., 2015), which consists of an RNN encoder and an RNN decoder. The major novelty over a sequence-to-sequence architecture is
that the decoder uses attention mechanism to attend over the embeddings of the input nodes to generate the probability distribution
over the input space, thus eliminating the distance disparity in the output with respect to the input, a feature that is particularly
suitable for solving TSP and VRP. To reduce the complexity of the encoder and avoid imposing a sequence on the input state features
(e.g., customer locations), which is unnecessary in routing problems, Nazari et al. (2018) modify the pointer network with a non-
sequential encoder which simply embeds each individual input node. They incorporate the policy network into an AC method and
validate the design on a CVRP with split delivery. A few more recent works have adopted this network structure. James et al. (2019)
use structural graph embedding (Struct2Vec) for the encoder, since their agent’s state additionally contains a vehicle tour graph.
In Lin et al. (2021), the encoder has 1D convolution and graph embedding for the input nodes, followed by an attention layer. Duan
et al. (2020) include edge features in the state besides the node features of the transportation network. Their encoder is based
on graph convolution network with both node and edge inputs. Another work with significant novelty is Kool et al. (2018), which
develops a policy network with a transformer-based encoder and a self-attention-based decoder to use in a PG method (REINFORCE)
with the baseline computed from deterministic greedy rollout. This training framework has also been adopted by Zhang et al. (2020a)
for multi-vehicle VRP with soft time windows, Lin et al. (2021) for EV VRP with time windows, and Duan et al. (2020), which jointly
train an MLP-based binary classifier on edge encoding with the policy network output as labels. They have tested their method on
a CVRP with 400 nodes, the largest among the reviewed works.

For SDVRP, Ulmer et al. (2020) argue that it is a more convenient model, which also aligns better with popular approaches to
this problem, that the action contains also the route plan information. They define a new variant of MDP, called route-based MDP,
in which the state includes the route plan from the last epoch, and the action contains the updated route plan in addition to the
next stop to visit. The ‘immediate’ reward becomes the difference in route value between the old and new plans. Following this
line, Joe and Lau (2020) model a system agent whose state includes the cost for the remaining route for each vehicle, and the agent
assigns a new request to a vehicle at each decision epoch. The rerouting after matching is solved by simulated annealing for VRP.
Under this framework, one only needs to learn an action-value function to generate the matching decisions. The algorithm is tested
on a multi-vehicle SDVRP with pick-up/delivery and time windows.5 In a somewhat similar spirit but for static CVRP, the MDP
action in Delarue et al. (2020) is to generate one route (tour). The value network consists of dense layers and ReLU activation and
is representable by mixed-integer linear constraints so that the action can be computed through solving a Prize Collecting TSP by
MIP.

5 This method can be regarded as one for the matching problem in ride-pooling described in Section 4.5.
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Table 6
Summary of literature for VRP.

Paper Type State Action Reward Network Algorithm Problem size

Nazari
et al.
(2018)

Single-
vehicle

Location and
demand of each
request

The next
request to visit

Negative travel
distance

Non-sequential
encoder for the
input with RNN
decoder that
attends over the
input space
(Pointer network
without an RNN
encoder)

AC Single-vehicle
Capacitated
VRP with split
delivery: one
active vehicle
at a time

Kool et al.
(2018)

Single-
vehicle

Coordinates and
original demand
of each node,
remaining demand
of each node,
remaining capacity
of the vehicle

Next stop for a
given vehicle

Negative travel
distance

Transformer
encoder with
input of
coordinates and
demand of each
node + self-
attention-based
decoder with
additional input of
remaining
demands and
capacity at time t

REINFORCE
with greedy
rollout baseline

TSP and
Capacitated
VRP with split
delivery, 100
nodes

Balaji
et al.
(2019)

Single-
vehicle

Current pickup
location, vehicle’s
location and
remaining
capacity, orders’
locations, statuses,
waiting times, and
values

Accept an
order, pick up
an accepted
order, wait

Value of
delivered order
(accept,
pickup,
deliver) - cost
(waiting,
traveling,
penalty)

Two dense layers
NN

APE-X DQN
(Horgan et al.,
2018), a
variant of a
DQN that
utilizes
distributed
prioritized
experience
replay

Stochastic and
dynamic CVRP
with pick-
up/delivery
and time
windows,
8 × 8 map, 5
orders 3
pick-up
locations

James
et al.
(2019)

Multi-
vehicle

System state
(available
requests, charging
station output,
vehicles’
status(location,
battery levels,
next stops)),
vehicle tour graph

Next stop for a
given vehicle;
The vehicles
generate
actions
sequentially at
each time step.

Expected
objective value
for a tour

Pointer network
for actor, another
critic network;
Network
architecture is
similar to
NeurIPS-18 paper,
but with structural
graph embedding
(Struct2Vec) for
the encoder.

A3C Multi-vehicle
dynamic VRP
with pick-up
and delivery
for EVs: 200
random
requests, 100
vehicles

Zhang
et al.
(2020a)

Multi-
vehicle

Same as Kool
et al. (2018)

Same as Kool
et al. (2018);
The vehicles
generate
actions
sequentially at
each time step.

Negative travel
distance +
negative
constraint
violation
penalty

Same as Kool
et al. (2018)

Same as Kool
et al. (2018)

Multi-vehicle
VRP with soft
time windows
(no split
delivery): 150
nodes, 5
vehicles

Ulmer
et al.
(2020)

Single-
vehicle

Vehicle location,
time, num of
passengers
onboard, info of
in-process and
outstanding
requests, route
plan from last
epoch

The next stop
to visit and the
new route
plan; The
paper defines a
new variant of
MDP called
route-based
MDP.

Difference in
route value
between the
old route plan
and the new
one

N.A. Insert new
request s into
the current
route and use
variable
neighborhood
search to
improve the
route

SDVRP with
pick-up and
delivery
(DDARP)

(continued on next page)

4.7. Data sets & environments

The problems in ridesharing are highly practice-oriented, and results from toy data sets or environments may present a very
different picture from those in reality. Hence, real-world data sets and realistic simulators backed up by them are instrumental to
research in RL algorithms for these problems.
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Table 6 (continued).
Paper Type State Action Reward Network Algorithm Problem size

Joe and
Lau
(2020)

Multi-
vehicle

Includes the cost
for the remaining
route for each
vehicle

Matching a
new order to a
vehicle.
Rerouting after
matching is
done by
simulated
annealing for
VRP

Cost diff
between two
consecutive
decisions

Not specified NN-based TD
learning with
experience
replay (like in
Tang et al.
(2019)) to
learn the
action-value
function

Multi-vehicle
dynamic VRP
with pick-
up/delivery
and delivery
windows: 48
nodes, 2
vehicles, avg
22 orders/day

Delarue
et al.
(2020)

Single-
vehicle

The remaining
unvisited nodes

To generate
one route
(tour) through
solving a Prize
Collecting TSP
by MIP

Negative tour
distance

Value network
consists of dense
layers + ReLU
activation
(representable by
mixed-integer
linear constraints)

MC policy
iteration:
rollout N
trajectories, fit
a new NN

CVRP: 51
nodes

Duan
et al.
(2020)

Single-
vehicle

Nodes (location,
demand), edges
(distance,
adjacency)

Generate one
node at a time
sequentially;
The resulting
sequence may
have multiple
depot
occurrences for
different tours.

Negative travel
distance

GCN-based
encoder with both
node and edge
features;
GRU-based
decoder similar to
the pointer
network as policy
network and
MLP-based
decoder on the
edge encoding as
classifier

REINFORCE
with greedy
rollout baseline
(Kool et al.,
2018) to train
the policy
network;
Cross-entropy
loss to train
the binary
classifier of
route edges
with policy
output as
labels

CVRP: 400
nodes

Lin et al.
(2021)

Multi-
vehicle

For time 𝑡, the
state of each
vertex (location,
time window,
remaining
demand), and
global variables
(time, battery
level of the active
vehicle, number of
EVs not in
charging)

Next stop for
the current
route; Unlike
James et al.
(2019) the
routes of the
vehicles are
generated
sequentially.
Every time the
depot appears
in the
sequence, the
system time is
reset to 0.

Negative travel
distance +
negative
penalties for
constraint
violations

Encoder with 1D
conv layer and
graph embedding
for the nodes and
attention layer;
LSTM-based
decoder

REINFORCE
with greedy
rollout baseline
(Kool et al.,
2018)

EV with time
window and
charging.
Within the
planning
horizon, a
vehicle can
visit the depot
only once:
C100, S12,
EV12

The most commonly used data sets are those made available by NYC TLC (Taxi & Limousine Commission) (TLC, 2020). This large
ublic data repository contains trip records from several different services, Yellow Taxi, Green Taxi, and FHV (For-Hire Vehicle),
rom 2009 to 2020. The Yellow Taxi data is the most frequently used for various studies. The FHV trip records are submissions
rom the TLC-licensed bases (e.g., Uber, Lyft) and have a flag indicating pooled trips offered by Uber Pool and Lyft Line. The
ick-up and drop-off locations are represented by taxi zones. Manhattan, for example, is divided into 64 zones. There is no driver
D associated with the trip records, so reconstructing historical driver-based trajectories is not possible. An older version of the NYC
ata set (Donovan and Work, 2016), however, does include GPS coordinates for pick-up and drop-off locations, and car IDs can be
sed to track drivers within each year, allowing for more granular and diverse analyses. A similar subset of the NYC FHV data is
lso available at Kaggle (2017), with GPS coordinates for pick-up and drop-off locations. In addition, travel time data between OD
airs can be obtained through Uber Movement (Uber, 2021).

Another taxi data set is the San Francisco data set (Piorkowski et al., 2009), which contains GPS coordinates of approximately
00 taxis collected over 30 days in the San Francisco Bay Area in May 2008. The average time interval between two consecutive
ocation updates is less than 10 s.

A more recent rideshare (Transportation Network Providers, TNPs) data set is published by Chicago Data Portal (Portal, 2020).
his data set contains trips, drivers, and vehicles data reported by Transportation Network Providers (TNP, or rideshare companies)

n Chicago from 2018. Trip origin and destinations are represented by census tracts. Times are rounded to the nearest 15 min. Fares
re rounded to the nearest $2.50 and tips are rounded to the nearest $1.00. The driver and vehicle data are not joinable with the
rip data.
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Developing ridesharing simulators has been a line of research itself. Yao and Bekhor (2021) offer a comprehensive review of
ecent works on ridesharing simulation models, most of them covering a subset of considerations on the number of passengers,
he pre-/post-match passenger cancellation behaviors, and driver acceptance/rejection behaviors. In Yao and Bekhor (2021),

sophisticated event-based simulation framework is proposed to capture all aspects of the behavior modeling. Although the
ridesharing’ in their paper is known as the hitch service, where the driver is on her own trip as well, the modeling framework
s general and accommodates the ridesharing setting in this survey. Chaudhari et al. (2020a) offer a Gym-compatible, open-source
ide-hailing environment (Chaudhari et al., 2020b) for training dispatching and repositioning agents. For large-scale simulation on
ransport networks, AMoDeus (Ruch et al., 2018) and MATSim (W. Axhausen et al., 2016) are well-established Java-based simulation
rameworks that also come with graphical user interfaces and visualization tools. They are of more sophisticated engineering
rchitectures albeit with higher programming bars for extension. The evaluation simulation environment for the KDD Cup 2020
ompetition is available for public access through the DiDi decision intelligence simulation platform (DiDi, 2021). Although not
et open-sourced, this simulation environment supports both matching and vehicle repositioning tasks and accepts input algorithms
hrough a Python API.

. Challenges and opportunities

Given the state of the current literature, we discuss a few challenges and opportunities that we feel crucial in advancing RL for
idesharing.

.1. Ride-pooling

As seen in Section 4.5, the reward function in ride-pooling is often a hand-tuned combination of multiple objectives. It is desirable
o have a principled way to determine the best weighting scheme automatically, potentially leveraging inverse RL and multi-objective
earning techniques (Zou et al., 2021; Arora and Doshi, 2021) in a similar sense of the ride-hailing case (Zhou et al., 2021). Methods
or learning to make matching decisions are still computationally intensive (Shah et al., 2020; Yu and Shen, 2019), in part due to
he need to use VRP solver to determine feasible actions (combination of passengers). Moreover, all existing works assume that
he action set is pre-determined, and some make only high-level decisions of reposition and serving new passengers or not. A more
ophisticated agent may be called for to figure out, for example, how to dynamically determine the desirable passenger combination
o match to a vehicle and the routes to take thereafter. Ride-pooling pricing (Ke et al., 2020a), a hard pricing problem itself, is
ightly coupled with matching. A joint pricing-matching algorithm for ride-pooling is therefore highly pertinent. As mentioned in
ection 4.5, it is also highly anticipated to go beyond using generic routing algorithms and to tailor them to ride-pooling with RL.

.2. Joint optimization

The rideshare platform is an integrated system, so joint optimization of multiple decision modules leads to better solutions that
therwise unable to realize under separate optimizations, ensuring that different decisions work towards the same goal. RL for
oint optimization across multiple modules calls for research on reward function design, state–action representation that facilitates
nter-module communication, and the training algorithms. Models and algorithms that allow decentralized execution by the different
odules are highly preferred in practice. We have already seen development on RL for joint matching-reposition (Holler et al., 2019;

in et al., 2019; Tang et al., 2021) and with ride-pooling (Guériau and Dusparic, 2018), pricing-matching (Chen et al., 2019a), and
ricing-reposition (Turan et al., 2020). An RL-based method for fully joint optimization of all major modules is highly expected.
eanwhile, this also requires readiness from the rideshare platforms in terms of system architecture and organizational structure.

.3. Heterogeneous fleet

With the wide adoption of electric vehicles and the emergence of autonomous vehicles, we are facing an increasingly
eterogeneous fleet on rideshare platforms. Electric vehicles have limited operational range per their battery capacities. They have
o be routed to a charging station when the battery level is low (but sufficiently high to be able to travel to the station). Autonomous
ehicles may run within a predefined service geo-fence due to their limited ability (compared to human drivers) to handle complex
oad situations. For an RL-based approach, a heterogeneous fleet means multiple types of agents with different state and action
paces. The adoption of autonomous vehicles also opens new operational paradigms. Dynamic fleet size inflation (Beirigo et al.,
022), for example, hires idle autonomous vehicles on demand to guarantee service quality contracts in a ridesharing marketplace.
pecific studies are required to investigate how to make such a heterogeneous fleet cooperate well to complement each other and
aximize the advantage of each type of vehicles to improve overall system efficiency.
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5.4. Simulation & Sim2Real

Simulation environments are fundamental infrastructure for successful development of RL methods. Despite those introduced
n Section 4.7, simulation continues to be a significant engineering and research challenge. We have rarely seen comparable
imulation granularity as that of the environments for traffic management, (e.g., SUMO Lopez et al., 2018, Flow Wu et al., 2017)
r autonomous driving (e.g., SMARTS Zhou et al., 2020a, CARLA Dosovitskiy et al., 2017).6 The opportunity is an agent-based

microscopic simulation environment for ridesharing that accounts for both ride-hailing and carpool, as well as driver and passenger
behavior details, e.g., price sensitivity, cancellation behavior, driver entrance/exit behavior. None of the existing public/open-source
simulators supports pricing decisions. Those simulators described in the pricing papers all have strong assumptions on passenger
and driver price elasticities. A better way might be to learn those behaviors from data through, e.g., generative adversarial imitation
learning (Shang et al., 2019) or inverse RL (Mazumdar et al., 2017).

No publicly known ridesharing simulation environment has sufficiently high fidelity to the real world to allow an agent trained
entirely in it to deploy directly to production. Several deployed works (Qin et al., 2020; Jiao et al., 2021) in Section 4 have
all adopted offline RL for learning the state value functions and online planning. The robotics community has been extensively
investigating ways to close the reality gap (Traoré et al., 2019; Mehta et al., 2020). Sim2real transfer algorithms for ridesharing
agents are urgently sought after.

5.5. Human behavior

Central to ridesharing platforms are human participants (passengers and drivers).7 The impact of human behavior is pervasive
in the ridesharing marketplace, e.g., in request conversion, cancellation, idle driver diffusion, driver sign-in and sign-off, rider and
driver responses to incentives. Human behavior is inherently stochastic and difficult to model, especially with limited data (in size
and features), which introduces errors to optimization and simulation. Compared to traditional approaches from operations research,
RL offers potential to better handle these stochasticity issues through its adaptability and data-driven nature.

Unlike cumulative effects induced by spatiotemporal transitions (e.g., matching), human-induced long-term effects from changes
in habituation and sentiment on the marketplace are much harder to learn due to the much longer horizon such effects span over.
To RL, this is dual challenge and opportunity. The challenge is the long feedback loop and very delayed reward signals, and the
opportunities lie in engineering and capturing more refined system state features that capture human behavior characterization
better and in designing a richer set of reward signals that facilitate the learning of policies for long-term optimality.

5.6. Non-stationarity

We have seen in Sections 4.2 and 4.3 that RL algorithms deployed to real-world systems generally adopt offline training - once
the value function or the policy is deployed, it is not updated until the next deployment. Value functions trained offline using a
large amount of historical data are only able to capture recurring patterns resulted from day-on-day SD changes. However, the
SD dynamics can be highly non-stationary in that one-time abrupt changes can easily occur due to various events and incidents,
e.g., concerts, matches, and even road blocks by traffic accidents. To fully unleash the power of RL, practical mechanisms for
real-time on-policy updates of the value function (e.g., Tang et al., 2021; Tong et al., 2021; Eshkevari et al., 2022) is required. In
view of the low risk tolerance of production systems in general, sample complexity, computational complexity, and robustness are
the key challenges that such methods have to address.

5.7. Business strategies

The research problems in the ridesharing domain are closely associated with how the ridesharing platforms run the operations.
Innovation in product and business operations will continue to raise new challenging research problems. There can be multiple
alternative product forms to achieve the same goals or address the same challenges, and they inherently define different optimization
problems that RL can help tackle.

Surge pricing, for example, is a pricing strategy during the peak hours to address the severe shortage of supply with respect
to the surging demand. We have explained its motivation in Section 4.1. While surge pricing is a common practice nowadays, it
is not the only strategy that the ridesharing platforms adopt. Passenger requests can be queued if there are no vacant vehicles
around to immediately serve the requests (Zhong et al., 2020). The queuing mechanism is perceived in some markets as a more
socially acceptable mechanism during the peak hours than surge pricing. Several operational decision questions immediately come
up, e.g., how large an area each queue should cover, if the coverage should be dynamically updated, and when the incoming requests
should start queuing. These potentially time-varying decisions in a highly stochastic environment are good candidates to be solved
for by RL.

Ridesharing platforms often use incentives to stimulate growth on both sides of the marketplace. The forms of incentives are
diverse and ever evolving: rider coupons, discounts, target-based challenges, driver bonuses with spatial and temporal constraints,

6 Guériau et al. (2020) evaluate the ridesharing algorithms in SUMO, but the environment is not public.
7 A partial exception is an autonomous ridesharing platform, where the supply side is powered by autonomous vehicles. However, such services are still

rototypical at the time of writing and have very limited coverage.
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etc. Each incentive strategy changes the behaviors of a certain segment of the marketplace participants in a certain way, and they
inevitably interact with the other marketplace levers, e.g., dynamic pricing (Yang et al., 2020b). The collective effects of the evolving
incentives convolute the environment and dynamics of the marketplace, posing significant challenges to RL and other optimization
methods. How to represent and capture these factors or explicitly model them in joint optimization is key to tackle these challenges.

Third-party service integrator allows passengers to simultaneously request orders from multiple ride-hailing platforms (Zhou
t al., 2022). Service integrators offer the platforms more access to the demand but also bring competition more explicit by displaying
he matching information (e.g., trip fare, pick-up distance) side by side. Optimizing pricing and matching policies in a competitive
nvironment with feedback from the service integrator on the competition landscape will be interestingly different from those
ithout a service integrator or in a non-competitive environment. With the added environment complexity, these problems are

hallenging to solve by traditional methods and could be better tackled by RL.

.8. General RL

RL provides the necessary tools for the methods reviewed in this survey. Hence, the problems of RL for ridesharing tie closely to
he development in RL in general. In the context of ridesharing, we have seen from the literature review above that it is difficult for
L to learn combinatorial actions, e.g., the system matching actions. In the era of deep RL, model interpretability is a long-standing
hallenge, which hampers investigation of customer experience corner cases. For experience-critical service like ridesharing, policy
xploration adds further complication, especially for real-world deployment. In view of these challenges, the future is probably that
L-based and traditional optimization approaches will be complementing each other for a long time. We have seen such combinations

n the current literature as Xu et al. (2018) and Qin et al. (2021b) for matching, Chaudhari et al. (2020a) and Jiao et al. (2021) for
epositioning, and Delarue et al. (2020) for VRP, that combine RL with combinatorial optimization, mixed-integer programming,
nd tree search. The breakthroughs of RL that we are seeing in other domains and the continued development of RL methodology
or ridesharing certainly make it exciting to anticipate the future landscape.

. Closing remarks

We have surveyed the RL literature for the core problems in ridesharing: pricing, dispatching, repositioning, routing, ride-pooling,
nd VRP. We have also discussed some open challenges and future opportunities pertinent to this area.

The ridesharing system is a complex multi-agent system with multiple decision levers. RL offers a powerful modeling vehicle for
ptimizing this system, but as we have seen from the current literature, challenges remain in tackling complexity in the learning
lgorithms, the coordination among the agents, and the joint optimization of multiple levers. Along tackling these challenges, we
xpect that domain knowledge in ridesharing as well as transportation in general will be increasingly instrumental to the successful
doption of RL. As one may have noticed, most of the literature has just appeared in the last four years, and we expect it to continue
rowing and updating rapidly.
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