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ARTICLE INFO ABSTRACT

Keywords: Decision on travel choices in dynamic multimodal transportation networks is non-trivial. In this
Mode ChOiC§ ) paper, we tackle this problem by proposing a new joint travel mode and departure time choice
Departure time choice (JTMDTC) model based on deep reinforcement learning (DRL). The objective of the model is to

Deep reinforcement learning
Multimodal transportation
Microscopic traffic simulation

maximize individuals travel utilities across multiple days, which is accomplished by establishing
a problem-specific Markov decision process to characterize the multi-day JTMDTC, and devel-
oping a customized Deep Q-Network as the resolution scheme. To render the approach applica-
ble to many individuals with travel decision-making requests, a clustering method is integrated
with DRL to obtain representative individuals for model training, thus resulting in an elegant
and computationally efficient approach. Extensive numerical experiments based on multimodal
microscopic traffic simulation are conducted in a real-world network of Suzhou, China to demon-
strate the effectiveness of the proposed approach. The results indicate that the proposed approach
is able to make (near-)optimal JTMDTC for different individuals in complex traffic environments,
that it consistently yields higher travel utilities compared with other alternatives, and that it is
robust to different model parameter changes.

1. Introduction

Travel demand has been soaring for the past few decades due to the rapid growth in population and urbanization. The growth rate
has far exceeded that by which transportation infrastructure is expanded. The consequence of such demand-supply imbalance is the
ubiquitous traffic congestion witnessed worldwide, which explains the emergence and necessity of various travel demand management
strategies (Gu et al., 2018; Qin et al., 2022). Successful implementation of these strategies, however, is heavily dependent on how
we understand and model travel choices of trip-makers.

Travel choices are typically characterized as alternatives with many dimensions such as departure time, travel mode and route
(Pitale et al., 2023). These decision-making processes are usually described by discrete or continuous choice models. Earlier works on
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travel choices generally focused on one dimension only, i.e., an alternative was to be chosen from a collection of mutually exclusive
alternatives associated with the dimension in question. However, some dimensions of travel choices are inherently correlated and thus
shall not be approached in a separate manner (Yin et al., 2014). This concern has triggered increasing attention in recent years in multi-
dimensional travel decision making. Unlike traditional one-dimensional travel choice models, multi-dimensional models account for
the correlation between different choices (Zimmermann et al., 2018). Two such critical and correlated choices are those associated
with the mode and departure time. From a disaggregate perspective, these two choices reflect individuals’ travel preferences for their
trips. From an aggregate perspective, they determine the spatial-temporal travel demand for the transportation network (Souche-
Le Corvec, 2023). We emphasize that the attractiveness and thus the possible selection of a transportation mode is contingent upon its
level of service. This level of service can be influenced by numerous policy initiatives such as congestion pricing, public transportation
priority, and various types of incentives. As a result, to evaluate such policy initiatives, a modeling framework that jointly considers
the travel mode and departure time choice is necessary (Fukuda and Yai, 2010).

Most existing research on modeling the joint travel mode and departure time choice (JTMDTC) was conducted using discrete
choice models (DCMs) of different types that mainly seek random utility maximization. In particular, models such as multinomial
logit (MNL), nested logit (NL), cross-nested logit (CNL), and other variants were often used considering their ability to characterize
correlations among different choice alternatives. Although these models are typical solutions to the travel choice problems with
theoretical underpinning, their applicability particularly in complex decision-making processes may be limited by the formulation
of random utility functions. Due to the lack of adaptiveness and the possibility of imperfect perception of travel information by
trip-makers, travel choices informed by DCMs may not necessarily lead to the best outcomes.

Recently, (deep) reinforcement learning (RL or DRL) has emerged as one of the key machine learning methods to tackle difficult
decision-making problems owing to its learning capability in complex environments. This learning capability, which DCMs do not
have, can be fully utilized for travel choice modeling or recommendation. The motivation is that the time-varying information about
the level of service of different transportation modes can be gained from the experience arisen from the daily travel, based on which
trip-makers can learn and adjust their travel choices in a day-to-day manner. This intrinsic learning and decision-making process can
be represented as a Markov decision process (MDP) and resolved by DRL. In fact, it can be perceived as a recommendation problem
where the aim is to achieve as much travel efficiency as possible for individuals. DRL can be used to optimize the recommendations
provided to users by taking into account both the short-term and long-term rewards associated with different travel choices. It can
also absorb users attributes and/or preferences leading to more personalized recommendations.

Thus, in this paper, we harness the advantages of DRL and propose a new JTMDTC model to maximize individuals travel utilities
in a dynamic multimodal transportation network. To achieve computational efficiency and enable large-scale application, a clus-
tering method is embedded in the modeling framework. By carefully designing the learning structure and input, we show that
the proposed approach is able to yield consistently better travel choices for individuals with higher utilities in complex traffic
environments.

1.1. Related works

Since McFadden et al. (1973) developed the MNL model for discrete choice modeling, the big family of logit models have been
extensively visited and applied to solve the JTMDTC problem. Specifically, Hendrickson and Plank (1984) modeled the JTMDTC using
the MNL model and introduced a nonlinear utility function was later introduced to further account for the route choice (Weis et al.,
2021). However, the MNL model requires a critical assumption that usually fails to hold in practice, namely the independence
of irrelevant alternatives (ITA). Such an assumption implies that the properties not observed by the alternatives are uncorrelated.
Thus, the NL model (Train and McFadden, 1978) has been proposed to overcome the IIA limitation, but the problem is that the
correlations diminish among departure time alternatives that are far away from each other (Bhat, 1998). As a result, Bhat and
Pulugurta (1998) used a mixed MNL structure to account for the unobserved correlations between the travel mode and departure
time dimensions. A household survey in the San Francisco Bay Area was used to demonstrate that the proposed model outperforms
the MNL and NL models.

In addition to the traditional Discrete Choice Models (DCMs), data-driven machine learning models have also become popular in
recent years for studying travel choices. Li et al. (2000) demonstrated that artificial neural networks have the potential to establish
an alternative framework replacing DCMs for travel choice modeling. Decision trees (Arentze and Timmermans, 2004; Rasouli and
Timmermans, 2014; Tang et al., 2015) and support vector machines (Omrani, 2015; Semanjski et al., 2016) are some example machine
learning models that have been applied. Compared with DCMs, machine learning models are more structurally flexible and thus can
excel in building complex relationships between travel choices and various contributing factors. This advantage is usually obtained
at the cost of reduced computational efficiency, as a data-driven method, these models are intrinsically more data demanding than
DCMs.

As a machine learning paradigm, Reinforcement Learning (RL) has gained increasing attention and application in solving complex
decision-making problems (Gu et al., 2023; Shi et al., 2023). This tendency is arguably due to its learning capability in the course
of interacting with the environment. As a result, it is a well-suited method for tackling decision-making problems in transportation.
We have already witnessed some works on the applications of RL in areas such as traffic flow management (Cruciol et al., 2013;
Ning et al., 2020; Walraven et al., 2016), autonomous driving control (Aradi, 2022; Grigorescu et al., 2020; Zhu et al., 2018), and
vehicle route planning (Yu and Gao, 2019). When applying RL to activity scheduling or travel choice modeling, the few existing
studies generally resorted to the value-based approach. To model the activity-travel behavior of trip-makers, an RL-based choice
model was developed and embedded in a learning-based transportation-oriented simulation system (Arentze and Timmermans, 2004).
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Vanhulsel et al. (2009) solved the activity scheduling problem using one of the most well-known RL models called Q-learning. More
recently, Idris et al. (2012) proposed a novel conceptual framework for constructing a learning-based mode shift model, where RL
was integrated with random utility maximization.

Recent advancements in DRL have been notably influential in addressing more complex decision-making scenarios within intel-
ligent transportation systems. For instance, Shi et al. (2023) introduced an adaptive route guidance model using DRL, showcasing
the potential for more responsive and efficient navigation solutions. Furthermore, the work by Zhao and Liang (2023) illustrates
the application of deep inverse reinforcement learning in route choice modeling, emphasizing the significance of context-dependent
rewards in understanding traveler preferences. In managing the dynamics of mobility-on-demand services, Xie et al. (2023) explored
a two-sided DRL approach for optimizing operations with mixed autonomy, indicating a promising direction for future urban mo-
bility solutions. These recent studies underscore the expanding scope of DRL applications in transportation, ranging from adaptive
route guidance to sophisticated mobility management strategies.Notice that some research used DRL to study operations of intelligent
transportation systems, such as dynamic pricing (Zhao and Lee, 2021) or routing (Shou et al., 2022), to improve system efficiency
(Shou et al., 2022; Yang et al., 2020). The literature on DRL-based multi-dimensional travel decision-making, or recommendation, is
relatively limited and needs enhancement.

1.2. Objectives and contribution

The objective of this study is to propose a JTMDTC model in dynamic multimodal transportation networks based on DRL. Different
from most previous research on travel choice modeling that mainly relied on DCMs, the proposed framework is driven by a model-free
learning-based approach where optimal travel choices are derived through extensively interacting with the environment represented
by multimodal microscopic traffic simulation. The overall contribution is threefold. First, we establish a problem-specific MDP for the
JTMDTC across multiple successive days, based on which a customized Deep Q-Network (DQN) is developed as the resolution scheme.
Second, to deal with many individuals with travel decision-making requests, a clustering method is integrated with DRL to obtain
representative individuals for model training, thus resulting in an elegant and computationally efficient approach. Third, extensive
microsimulation experiments and model comparisons are conducted on a real-world network to demonstrate the effectiveness and
robustness of the proposed approach.

The rest of the paper is structured as follows. Section 2 describes the detailed methodological framework for modeling the JTMDTC.
Section 3 discusses the results and findings obtained from extensive microsimulation experiments. Section 4 concludes the work and
provides future research directions.

2. Methodology

Application of RL to a sequential decision-making process with the Markov property requires that an MDP be first constructed,
which defines the evolution of the environment considering the actions taken by the RL agent(s). Specifically, the agent constantly
interacts with the environment through action exploration and exploitation according to according to the current state s,. Once an
action is taken, the environment evolves to a new state s,,; and an associated reward r, is obtained and fed back to the agent for
improving its decision-making logic. Such a process iterates until the agent successfully learns a policy = (i.e., a decision maker)
that is able to maximize the accumulated rewards (or return). Thus, the key to RL is to iteratively refine the policy based on the
rewards.

In this study, we consider each trip-maker as an intelligent entity with learning capability, whose JTMDTC across multiple suc-
cessive days is modeled as an MDP. Fig. 1 schematically illustrates the RL-based approach to modeling the Joint Travel Mode and
Departure Time Choice (JTMDTC) for an individual trip-maker. The figure effectively encapsulates the iterative learning process of
the agent (trip-maker) within the environment, showing how different combinations of actions are evaluated. As illustrated in Fig. 1,
the actions from which an individual is able to select comprise different combinations of the travel mode and the departure time.
The action ¢, finally taken by the individual determines the next state s,,; to which the environment evolves. This state shall reflect
the individuals latest knowledge about the trip itself as well as the associated environment. The reward r, gained by choosing this
action (which is related to the cost of the trip) helps refine the decision-making logic of the individual (Idris et al., 2012). To be more
precise from an RL perspective, the objective of action selection is to maximize what is called the discounted return U’ that includes
rewards from multiple time steps:

U= R, + 7Ry +y2R,+2+--~+y"R,+n, ()]

where the discount parameter y € [0, 1] reflects the importance attached to the long-term rewards. A larger value of y equates to more
reliance on the long-term rewards for guiding the decision making, whereas a smaller value makes individuals myopic whose actions
are mainly driven by the immediate rewards.

2.1. Construction of the Markov decision process

As previously discussed, an MDP is a prerequisite for modeling and optimizing the JTMDTC. Here, we model the process of multi-
day travel choice decisions as a sequence of states, actions, and rewards. The states represent the environment of individual trips, the
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Environment

State s;,,| Reward r;

____________________ =] Action Value '
@ Q(s, a) Policy

Action Space Agent

Fig. 1. Schematic illustration of the RL-based JTMDTC.

actions represent all travel options available to individuals, and the rewards represent the benefits/costs associated with the action.
Mathematically speaking, it is a tuple (S, A, P, R, y) where S represents the state space, A represents the action space, P represents
the state transition probabilities, R represents the reward function, and finally y is the discount factor. Here, an agent is a decision
maker for individuals on the JTMDTC. While it is conceptually valid to treat each individual as an agent, the incurred computational
complexity is a major obstacle to large-scale application, as the number of agents is equal to the number of individuals. A common
decision-making logic is worthy of investigation that applies to all individuals with similar attributes, which reflects the generality of
the approach. On the other hand, randomly selecting one or a few individuals for model training is insufficient and unsound. Thus,
in this study, we propose to use representative individuals resulting from clustering in conjunction with DRL. In the following, we
further elaborate on how the problem-specific MDP is constructed and resolved.

2.1.1. Actions

The action space defines all the actions from which the agent is able to choose given a certain state. Clearly, the action space for the
JTMDTC consists of both the travel mode choice and the departure time choice. The former considers three modes of transportation
including private cars, public transportation, and cycling. Public transportation is further categorized into buses and subways between
which transfers are allowed. However, transfers among the three modes of transportation (e.g., park and ride) are not considered.
This is part of the ongoing work requiring further investigation. To access public transportation, we assume that a trip-maker walks
to the bus stop or subway station closest to the origin (Rasca et al., 2023). For the departure time choice, we assume that each trip-
maker has an initial or desired departure time ¢, and that he/she is allowed to shift this departure time within a certain time window
[*mmin> Imax)> Where 7, and ¢, are the earliest and latest departure times possible, respectively. As with the literature (Zou et al.,
2016), the time shift is in units of discrete intervals rather than in a continuous manner. Altogether the action space can be described
by the following vector:

a= €

t

{ml,mz,...,mN}
[*mmin- ’ @

min? max]

where m is the mode of transportation, ¢ is the departure time, N is the total number of available transportation modes.

2.1.2. States

The state space defines the contextual environment in which the agent chooses the actions. For the JTMDTC, the state space is
designed to include not only the latest knowledge about the trip but also the earlier experience of the agent. Such a state space design
resembles, to a large extent, the decision-making mechanism of rational human beings, namely learning from experience. Since the
focus is not on empirical choice modeling or behavioral analysis, but on optimal choice decision or recommendation, we assume that
the agent is able to fully perceive the environment and thus has perfect information about the trip. Nevertheless, this assumption can
be somewhat relaxed as we will discuss later.

Trip information first includes the travel distance L and the memory travel time T associated with each mode of transportation.
While the former is the travel distance by mode m, the latter is the average experienced travel time by mode m. The reason is twofold
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to take advantage of the experience and to maintain robustness in the presence of traffic stochasticity. Two other variables as part of
the trip information are the initial departure time 7, and the departure time difference or shift Az relative to ¢,. Putting everything
together gives the following state vector specific to trip information:

L, travel distance
o= T, _ memory travel time 3)
tip | £, initial departure time [

At departure time difference

Environment information basically comprises factors that contribute to the travel costs of different modes of transportation. For
public transportation, two such factors are considered, namely accessibility and fares (Gu et al., 2022). Here, we define and measure
accessibility p as the total walking distance required to complete the first and last legs of the trip:

p= dorigin + dgestination » “

where dgpigin and dgegtination are the walking distances from the closest bus stop or subway station to the origin and the destination,
respectively. Public transportation fares are the monetary cost one must pay to access the service. For private cars, we consider the
fuel price as one influencing factor and put it in the state. Thus, the state vector specific to the environment information is as follows:

p accessibility
Senvironment = | J | = fare . )
0 fuel price

Notice that to consider the impact of the value of time (VOT) on travel decision making, this individual-specific attribute is
incorporated into the state representing individuals preferences and perceptions of travel time vs. monetary cost. Combining the VOT
with Egs. (3) and (5) leads to the complete state vector or space under the assumption of perfect information. We can slightly relax
this assumption by reducing the full state vector to Eq. (6) corresponding to the case of partial information. From a human behavioral
perspective, the reduced state space might be more relevant, but the ability to inform better action selections weakens. Evidence in
this regard will be provided in the results.

T memory travel time
Sreduced = | fo | = initial departure time |. 6)
At departure time difference

2.1.3. Reward function

When the agent selects and performs an action, it causes the environment to change from the current state to a new one. Along
with this change is a feedback or reward that is intended to improve the agents decision-making logic. The reward can be positive
meaning that the action is sensible, or negative meaning the opposite. Here, we define the reward as the travel utility of the trip,
which is mainly comprised of various monetary costs. Specifically, the reward obtained at step i is calculated as follows:

r. = Lq” (7)
1 E2 ’

where C! is the total travel cost of transportation mode m, and E; and E, are two constants for mapping and scaling the cost to the
reward. The total travel cost is further decomposed into three parts, namely the total travel time 7!, the schedule delay §(1'), and
the other travel-related cost F.

Ci =aT. +5(t') + F,, ®)

where «a is the value of time.

While the total travel time for private cars and cycling is essentially the travel time spent on the road, public transportation
requires that three distinct types of travel time be considered including the in-vehicle travel time 7,,,, the waiting time z,,, and the
transfer time 7,.. Thus, mode- specific total travel time is expressed as follows:

fear if m= car,
T! = tiny + fwe + g if m = public transportation, ®
Tcycling if m= cycling .

The problem with only considering the total travel time is the neglect of the actual arrival time. That is, the arrival time might be far
away from the desired one despite the fact that the total travel time is rather low. Thus, the schedule delay is introduced, a concept
that can be traced back to Small (1982). It is assumed that each individual has a desired arrival time, and that both early and late
arrivals would incur a so-called schedule delay cost. As the actual arrival time deviates from the desired one, the schedule delay cost
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grows in a linear fashion. Mathematically speaking, it is expressed as follows:

B(t+T, —tq) if t+T,—14<0,
8t =140 if t+7T,—14=0, (10)
r(ta—t-T,) if t+T,—14>0,

where f§ and y are the unit costs of the schedule delay for early and late arrivals, respectively, and 74 is the desired arrival time.
Finally, the other travel-related cost mainly refers to the total fuel expenses for private cars that are linearly dependent on the travel
distance, or the public transportation fares associated with the trip:

Ley-o if m= car,
F,=3f if m = public transportation , (D
0 if m= cycling,

where £ is further expressed as follows:

f=1Ubus) - fyys +I(subway ) - fopway » 12)

where [(-) is an indicator function that returns 1 when the travel mode is chosen and 0 otherwise. Bus fares f;,, are constant while
subway fares fqpway increase with the distance traveled.

2.2. Deep reinforcement learning with representative individuals

In this section, we elaborate on the solution to the JTMDTC problem based on the constructed MDP. We first present a customized
DON as the resolution scheme. We then describe how representative individuals are determined through clustering and utilized for
model training, so that the JTMDTC problem for different individuals can be solved in a computationally efficient manner.

2.2.1. Deep Q-network as the resolution scheme

To solve the JTMDTC problem, we resort to model-free value-based RL as the solution algorithm. It learns the state-action values
associated with the MDP, based on which the optimal policy is implicitly derived by always choosing the action that leads to the
maximum state-action value. By definition, the state-action value resulting from policy = is calculated as the expected discounted
return conditional on the state-action pair (s, a,):

0,(s.a,) =E[U,| S, =5,,4 =a,]. 13)

It characterizes how promising action g, is at state s, after which policy = is followed. By maximizing the above state-action value
function with respect to the policy, the optimal Q-value Q*(s,, a,) is obtained. The optimal action 4; is then the one that leads to the
maximum Q-value:

a; = argmaxQ” (s,,a). (14)
acA
The DQN algorithm is at the forefront of model-free value-based RL, which uses a neural network to approximate the optimal state-
action value function, thereby extending the application of traditional Q-learning to high-dimensional and/or continuous-space prob-
lems:

(s a;w) ~Q*(s,.a,), (15)

where w is the vector of weights of the neural network.

The success of DQN, or RL in general, lies in the action exploration and exploitation in the course of interactions with the environ-
ment. Exploration is basically random selection of actions to fully explore the environment, which is the opposite to exploitation that
seeks to select the action that maximizes the optimal Q-value. There is a clear trade-off between exploration and exploitation, which
is achieved via the e-greedy strategy. That is, the agent randomly explores actions with probability ¢ and with probability 1 —e, it
selects and performs the current best action:

acA (16)

argmaxQ(s,,a) with probabilty 1 —¢,
a, =
rand(a) with probabilty &.

Note that € is not fixed but gradually decaying as the agent explores the environment and accumulates the knowledge. This is sensible
because a relatively large value of ¢ helps the agent to quickly and sufficiently explore the environment at the early stage of learning.
Toward the later stage, however, a smaller value is of more help so that the agent can fully exploit the potentially optimal actions.
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To obtain a successfully trained agent, the Q-value function must be iteratively updated via temporal difference (TD) until con-
vergence or stabilization:

O(s.a;w) zrt+yr;1élj(Q(s,+1,a;w). (17)

Thus, the weights of the neural network approximating the Q-value function are optimized to minimize the TD error in the form of
the following loss function:

2
L(w,) = <Q(st’at) - ("t + J’flr}gﬁQ(swlaarH;w))) . (18)

In the presence of mini-batch sampling, the loss function is actually the mean squared error.

To achieve better training performance, the DQN algorithm features two key techniques, one being the experience replay and
the other the target network. The former refers to the construction of a memory pool where experience is stored in real time. As
will be shortly introduced, each memory pool in our approach consists of the experience of the selected representative from each
cluster. Compared with directly using the current experience for training, experience relay not only allows historical experience to be
repeatedly used, but also eliminates the undesirable correlation between successive experience samples. The latter technique refers
to the preparation and use of two neural networks, one being the online network and the other the target network. Both networks
have the same initial weights, but the target network only copies the updated parameters of the online network every fixed number
of steps. This makes the DQN algorithm more stable compared with the standard online Q-learning. Putting everything together, we
arrive at Algorithm 1 for solving the JTMDTC problem.

Algorithm 1: Joint travel mode and departure time choice modeling and training

1 initialize the replay memory D, the policy network parameters w and v
2 for episode =1to M do

3 observe initial state so from the environment
4 fortr=1t0T do
5 determine the JTMDTC using Eq. (16) for time step ¢
6 calculate the corresponding total travel cost for the trip as per Subsection 2.1.3,
and obtain the reward r; using Eq. (7)
7 record the trip and environment information, and establish the next state s,
8 store the tuple (s;,a,,r;,8;+1) into D
9 sample random mini-batch from D
10 Q < 1+ yargmax g (8,+1,a,V)
R acA
11 O < q(s.a,w;)
12 Wesl W, —aVi(0-0)?
13 set v <— w; every fixed number ¢ of time steps
14 end
15 end

2.2.2. Obtaining representative individuals for efficient model training

In the previous section, we elaborate on the DQN algorithm as the basic resolution scheme for solving the JTMDTC problem.
However, how to generalize the algorithm for solving the same problem with a large number of individuals remains an open question.
We have previously discussed that storing all the experience of individuals for training is computationally unwise and inefficient,
and that randomly selecting one or a few individuals is insufficient and unsound. Thus, we propose an elegant yet effective method
to obtain representative individuals for efficient model training, which is to cluster individuals based on their travel characteristics.
For individuals within the same cluster, we consider their travel characteristics similar. Thus, each of them can be treated as a
representative of the cluster, whose experience can be utilized to train the DQN on behalf of the rest. In this way, we not only avoid
deploying as many agents as the number of individuals, but also effectively and efficiently utilize the experience of representative
individuals for sufficient model training. In fact, the JTMDTC problem with many individuals can be efficiently solved by the proposed
method without sacrificing too much optimality in the decision making. Supporting evidence will be provided in the results.

To obtain representative individuals, we resort to a widely used clustering algorithm called density-based spatial clustering of
applications with noise (DBSCAN) (Ester et al., 1996). It is a non-parametric method without the need to assume or specify the
distribution of data. The core of DBSCAN is to first identify high-density samples and then gradually connect those similar samples
into bigger clusters. Two travel characteristics are considered as input to clustering, namely the travel distance and the accessibility
of public transportation (see the methodology). They jointly provide a general picture of the decision-making environment faced by
individuals.

The overall workflow to cluster individuals and obtain representatives is presented in Algorithm 2. These representatives are
simultaneously simulated in the same environment rather than in a separate manner, whose experience is stored into their respective
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memory pools for model training. Note that one representative is selected from each cluster of individuals with equal probability,
and that different combinations would not lead to significant performance variations. This will be demonstrated in the results.

Algorithm 2: Clustering individuals and obtaining representatives

input : travel characteristics of all individuals D = {x; = [L;, 1], X2,... X }, distance
threshold eps, minimum number of points required to form a cluster MinPts
output: clusters of individuals for obtaining representatives
1 data normalization: X,omalized = — it~

Xmax —Xmin

2 for each non-clustered individual x € Dyormalizea dO

3 label individual x as clustered into a group
4 N < GetNeighbors(x,eps)

5 if [N| < MinPts then

6 ‘ label individual x as noise

7 else

8 set the new cluster C < x

9 for each individual x' € N do

10 N+ N\x

11 if the individual X' is non-clustered then
12 label individual x’ as clustered
13 N' < GetNeighbors(x',eps)
14 if [IN'| > MinPts then

15 | N«NUN

16 end

17 end

18 if X' is noise then

19 | C+cu{x}

20 end

21 end
22 end
23 end

Combing the customized DQN with the process of clustering individuals and obtaining representatives results in the final integrated
algorithm for solving the JTMDTC problem with many individuals. The number of agents to be trained is equal to the number of
representatives or clusters. These agents are trained simultaneously with their respective memory pools. Once sufficiently trained,
they are jointly utilized to make travel choice decisions for different individuals without the need to redo clustering. That is, the
action performed by the agent that yields the highest reward is chosen to be implemented.

3. Numerical experiments and results
3.1. Simulation setup
We use Simulation of Urban MObility (SUMO) in this study as our traffic simulation engine. The chosen road network is part

of the urban area of Suzhou, China of approximately 20 km? (see Fig. 2a). To build and simulate this multimodal transportation
network, we use OpenStreetMap (OSM) to acquire the network geometry and configuration (2,423 nodes and 4,970 edges), and feed

\ @ bus stop

E subway station

Fig. 2. (a) Map of the study area in Suzhou, China; (b) multimodal traffic simulation network constructed in SUMO.
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Table 1

Simulation parameters used in the numerical experiments.
Parameter Description Value
!min Earliest departure time 07:00
tmax Latest departure time 09:00
tanit Unit interval for departure time choice (min) 30
E, Constant for mapping cost to reward 100
E, Constant for mapping cost to reward 0.1
a Value of time (CNY/min) 0.5
p Unit costs of the schedule delay for early arrivals (CNY/min)  0.05
y Unit costs of the schedule delay for late arrivals (CNY/min) 0.3
0 Fuel price (CNY/km) 0.56
\ Bus fare (CNY) 2
\ Subway base fare (CNY) 1
\ Subway fare per km increase (CNY/km) 0.2
\ Peak frequency of bus (veh/h) 10
\ Peak frequency of subway (veh/h) 14
\ Off-peak frequency of bus (veh/h) 6
\ Off-peak frequency of subway (veh/h) 8
\ Dwell time of bus (s) 40
\ Dwell time of subway (s) 30

Table 2

Travel demand configuration for the morning peak period across five consecutive workdays.
Demand[veh/h] 7:00-7:30 7:30-8:00 8:00-8:30 8:30-9:00
Monday D, ~ N'(2700, 108%) D, ~ N'(5000, 200%) D, ~ N'(3800, 152%) D, ~ N'(2500, 100%)
Tuesday D, ~ N'(3300,132%) D, ~ N'(4400, 176%) D, ~ N'(4000, 160%) D, ~ N'(3300,132%)
Wednesday Dy ~ N'(3000, 120%) Dy ~ N'(4800, 192%) Dy ~ N'(3200, 128%) D5 ~ N'(3000, 120%)
Thursday D, ~ N'(2800, 112%) D, ~ N'(4200, 168%) D, ~ N'(3500, 140%) D, ~ N'(3500, 140%)
Friday Dy ~ N'(1500, 60%) D5 ~ N'(4000, 160%) D5 ~ N'(4900, 196%) Dy ~ N'(3600, 144%)

these information into SUMO to establish the simulation environment.Fig. 2a illustrates the urban layout of Suzhou within which the
simulation takes place, clearly marked by a red outline to provide geographical context. As a multimodal network, public transporta-
tion including buses and subways must be configured. This is achieved by first extracting the information of public transportation
operations from a map service application and then performing map matching. The information extracted includes line IDs, stop or
station IDs, and their geographical locations. These locations are illustrated in Fig. 2b.

The operational characteristics as well as necessary simulation parameters are summarized in Table 1. Our approach is to use the
existing knowledge of the utility function parameters (Tian et al., 2009; Véstberg et al., 2020), which are usually obtained through
survey data and observed choices, to inform our RL model and make it more accurate and effective.

The JTMDTC during a typical morning peak period between 7 a.m. and 9 a.m. is considered in the simulation. Such choices across
five consecutive workdays consist of a single episode in the training. Although synthetic travel demand is used, it does not affect the
validity of the proposed approach. The 2-hr simulation horizon is divided into four 30-min time intervals. For each workday, we have
a typical demand pattern for the morning peak period, and for each time interval, the travel demand is treated as a random variable
following a Gaussian distribution (see Table 2). Thus, each day of one episode during the simulation and training is associated with
a slightly different travel demand. This stochasticity is in line with the daily traffic fluctuations around a certain pattern observed in
reality (i.e., recurrent congestion). However, in the case of non-recurrent congestion or unexpected events, the proposed approach
might no longer be applicable because the effects of such events on the travel choice are not experienced and learned. Further
investigation in this regard is worthwhile.

3.2. Training results

We choose 60 time-dependent origin-destination (OD) trips of individuals in the network and input their respective travel charac-
teristics into the clustering method. By setting the minimum number of points to 10 and the minimum distance threshold to 0.05, we
arrive at four clusters. From each cluster, a representative individual is selected whose experience is put into the common memory
pool for training the DQN. The locations of these four ODs in the network are illustrated in Fig.. All numerical experiments are
conducted on a standard computer with Intel Core (TM) i5-9400F 2.90 GHz CPU and 8 GB RAM.

Fig. 3 shows the convergence pattern of the loss function resulting from 800 episodes of training. The overall decreasing trend
is obvious and desired. At the early stage, notable fluctuations in the loss function value exist due to the action exploration as well
as the fact that the agent knows nothing about the environment at the very beginning. Such fluctuations, however, persist mainly
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Fig. 3. Convergence pattern of the loss function and variations of the reward for the four representative individuals.
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Fig. 4. Action selections of the four representative individuals.

within the first 300 episodes and do not last long. In fact, starting from about 500 episodes, the loss function value shows minimal
variations and almost lands on a straight line. This observation clearly indicates the convergence of the algorithm.

We now examine the variations of the reward each representative individual receives by following the DRL-suggested actions in
the course of training. The results are shown in Fig. 3. Given that the trip of each representative has a different time-dependent OD
pair, the associated reward is of different levels of magnitude. In fact, one can easily tell that representative #1 is likely to have the
longest trip while representatives #3 and #4 might have much shorter trips. Nevertheless, regardless of the absolute values of the
reward, all the representatives exhibit an increasing trend in the curve meaning that they are constantly improving their travel choices
by interacting with and learning from the environment. Within approximately 700 episodes, the reward for each representative is
basically stabilized without changing too much thereafter, an observation that is consistent with Fig. 3.

In Fig. 4, we graphically present the DRL-suggested actions followed by the four representative individuals in the course of training.
One can immediately recognize the action exploration stage at the beginning of the training, where representatives actions frequently
change. But once entering the action exploitation stage, we no longer see such volatility, and each representative seems to have found
the optimal solution to its own JTMDTC problem. The occasional action changes during exploitation are likely the result of random
action selection triggered by the e-greedy strategy (where ¢ has decreased to a very small value).

10
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Fig. 5. (a), (b), and (c) show the performance comparison of different approaches for three test individuals; (d) is a global picture of the performance
difference for all the 50 test individuals.

All the results obtained so far demonstrate that the proposed approach is effective to obtain a good solution to the JTMDTC
problem. But how good or optimal the solution is has not been answered. Another open question relates to the applicability or
transferability of the trained agent to other individuals who are not part of the training. Both questions will be answered in the
following.

3.3. Performance comparison of different approaches

To examine the goodness or optimality of the solution obtained from the proposed approach, we perform a comparative analysis
where the proposed approach is compared with the vanilla DQN and a brute force method that randomly selects and tries all the
possible actions. 50 new time-dependent OD trips of test individuals in the network, who are not considered in the training, are
chosen for this comparative analysis. To perform the comparison, we let each of the test individuals to undertake actions according
to one of these compared decision makers, respectively, and collect the resulting reward. 1,000 episodes are performed for the brute
force method in order to fully explore the action space.

The comparative results for three selected test individuals are shown in Fig. 5a, b, and c. Significant fluctuations of the reward
can be observed for the brute force method, as expected, due to the random action selection that does not always guarantee a good
result. For both the proposed approach and the vanilla DQN, the reward obtained is a single value represented as a straight line and
associated with the optimal solution to the JTMDTC problem. Clearly, for all the three test individuals, the solution given by the
proposed approach not only outperforms that resulting from the vanilla DQN, but also dominates most of the solutions given by the
brute force method. In fact, without clustering individuals and utilizing representatives, about half of the solutions given by the brute
force method can beat that resulting from the vanilla DQN (see Fig. 5a and b).

To see a bigger picture of the comparison for all the 50 test individuals, we find the maximum reward obtained by the brute force
method for each of them, which is treated as the (near-)optimal solution to the JTMDTC problem. By comparing the solutions given
by the proposed approach and the vanilla DQN with this reference value, we can observe the performance difference from a global
perspective. As shown in Fig. 5d, the majority of the solutions (over 40 out of 50) given by the proposed approach are over 95 percent
of the reference value, meaning that these solutions are close to optimality. This is clearly not the case for the vanilla DQN, because
only about 30 percent of the solutions are over 95 percent of the same reference value, not to mention that quite a few solutions are
even lower than 60 percent of the reference. Thus, the comparative results demonstrate the effectiveness of the proposed approach
when applied to solve the JTMDTC problem with many individuals, as well as the important role that representatives play in fulfilling
this task. Since the test individuals are not part of the training, the results indicate good transferability of the proposed approach.

11
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Table 3

Performance evaluation of different alternative models.
Model NLL Avg Reward  Accuracy
First-order MC model 19.23 1,354 0.24
Discrete choice model 24.17 1,217 0.23
Proposed approach with partial information 17.31 1,449 0.29
Proposed approach with perfect information(baseline) ~ \ 1,735 \

We now try to examine the performance of the proposed approach in the case of partial in- formation. As previously discussed,
partial information is more relevant from a human behavioral perspective, and thus is expected to yield worse action selections. Here,
we also consider two other models for comparison purposes. The first one is a first-order Markov chain (MC) model that only uses the
current travel distance and departure time difference to decide on the next choice. Its states, transition and initial state probabilities,
and the reward function are all derived from the DRL model. The main difference between the two is the decision-making process.
The MC model uses the transition and initial state probabilities to simulate behavior over time, while the DRL model uses an iterative
trial-and-error process.

The second one is the traditional MNL model that uses the reward function, Eq. (7). We use the travel choices of individuals
resulting from the proposed approach with perfect information as the baseline, based on which the performance of the other models
are compared. Three metrics for performance evaluation and comparison are considered. Apart from the reward, the other two are
the negative log-loss (NLL) and the Jaccard index. Both metrics measure the closeness or similarity of the actions yielded by the other
models to those obtained by the baseline. Thus, they can reflect the level of optimality of the other models relative to the baseline.
Note, however, that a lower value for the NLL is desired whereas for the Jaccard index, the higher the better.

Table 3 summarizes the three performance metrics for comparison. As expected, the proposed approach with perfect information
provides the best performance in achieving as much reward as possible. All the other models exhibit worse performance, as can be
readily seen by comparing the average rewards that are all lower than that of the baseline. This trend is also true for either the NLL or
the Jaccard index. Nevertheless, the proposed approach with partial information still exhibits slightly better performance compared
with the first-order MC model and the MNL model, which shows the effectiveness of the proposed approach even in the presence of
partial information.

3.4. Sensitivity analysis on the model parameters

We now perform two sensitivity analyses to investigate the performance changes of the proposed approach in response to changes
in the model parameters. The first parameter to be examined is the number of representatives, and the second is the set of the training
individuals. To see the effects of the former, we perform further experiments with 1, 10, 20, and 40 representatives, respectively.
We keep the same experiment setup where the 60 time-dependent OD trips of individuals are clustered into the above numbers for
selecting training representatives, while the other 50 test individuals are used for evaluation and comparison. Again, the brute force
method is used as a reference.

The comparative results are summarized in Table 4. The experiment with 40 representatives cannot be accomplished on the same
machine due to the memory overflow, and thus the result is not reported. With more and more representatives, the required training
or computational time increases, as expected. However, the increased number of representatives does lead to a better reward. The
greatest improvement in the reward is achieved by turning one representative into four. Further increasing this number to 10 or
20 does not improve the reward much. This result indicates that increasing the number of representatives is not necessarily cost
effective. In fact, a small number of representatives can already produce a rather good result with reasonable computational time.
Using the maximum reward obtained by the brute force method as the reference value, we compare the number of test individuals
whose rewards given by the proposed approach are over 95 percent of the reference. As expected, a similar pattern is observed where
this number remains large with little change for 4, 10, and 20 representatives. Fig. 6 further shows the comparison of the results
for four selected test individuals with different numbers of representatives. One representative only is clearly insufficient to beat the
brute force method, while four or more representatives yield promising results.

To show that the performance of the proposed approach does not change much due to different sets of the training individuals, we
perform another group of experiments with four representatives by selecting different individuals from the clusters for training the
DQN. All the other experiment setup remains the same. Table 5 summarizes the results for four such experiments. Since a different

Table 4
Performance changes of the proposed approach in response to dif-
ferent numbers of representatives.

# of representatives 1 4 10 20 40
Training time (h) 5 22 68 140 \
Average reward 2,684 3,203 3,351 3,394 \
Above 95(out of 50)% 16 41 45 46 \
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Fig. 6. The results of eight selected test individuals with different numbers of representatives.

Table 5

Performance changes of the proposed approach when using
different sets of the training individuals.

Set 1 Set 2 Set 3 Set 4
Average reward 3,203 3,179 3,280 3,248
Above 95% (out of 50) 41 39 43 43

set of the training individuals does not change the computational time (which is 22 hr for four representatives), this metric is no
longer reported. From the results, it is clear that the performance of the proposed approach is stable without exhibiting significant
variations as different representative individuals are used for training. Similar to Fig. 6. Fig. 7 shows the comparison of the results for
four selected test individuals when different sets of the training individuals are used, which manifests the robustness of the proposed

approach to the selection of representative individuals.
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Fig. 7. The results of eight selected test individuals with different sets of the training individuals.

4. Conclusion

In this paper, we propose a new JTMDTC model based on DRL to maximize individuals travel utilities in a dynamic multimodal
transportation network. Unlike traditional DCMs that mainly reply on the random utility theory for characterizing travel behavior, the
proposed approach is driven by a learning mechanism whereby the agent keeps improving the decision-making logic via constantly
interacting with the complex traffic environment across multiple days. This process is treated as a sequential decision-making problem
and the solution to the problem is the (near-)optimal JTMDTC that helps individuals achieve as high travel utilities as possible. Such
a decision, however, is not necessarily from a behavioral perspective. Rather, it is more like a guidance or recommendation as
in mobility-as-a-service, where individuals make travel requests to the system and the system processes all the requests to yield
suggestions on individuals travel choices.

To effectively apply DRL in this context, a problem-specific MDP is constructed to characterize the multi-day JTMDTC. A cus-
tomized DQN is then developed as the resolution scheme that is well suited for high-dimensional and/or continuous-space problems.
To render the approach applicable to dealing with many individuals with travel decision-making requests, a clustering method is
integrated into the modeling framework so that representative individuals are obtained for training the agent, thus resulting in an
elegant and computationally efficient approach. We perform extensive numerical experiments based on multimodal microsimulation
in a real-world network of Suzhou, China to demonstrate the effectiveness of the proposed approach. By comparing it with several
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other models, we show that the proposed approach is able to make (near-)optimal decisions on the JTMDTC with consistently higher
travel utilities for different individuals in complex traffic environments, and that the approach is robust to different model parameter
changes.

The overall modeling framework proposed in this study is actually inspired by the decision-making mechanism of rational hu-
man beings, namely learning from experience. This is the foundation of the constructed MDP and the DRL model. Although the
reward function is still driven by the random utility theory, it can be designed differently to account for possible human behavioral
characteristics such as travel inertia. In other words, the proposed approach has a more flexible modeling structure which can be
utilized to develop models with heterogeneous trip-making objectives. The ultimate goal is perhaps to provide individuals with some
personalized guidance or recommendation on the JTMDTC.

The current approach to travel recommendation is flexible with a reward function that can be adjusted for different users or
situations, but is limited to single travelers and requires one day of demand data. Future research could improve the real-time nature
of the system and incorporate behavioral and sociodemographic characteristics, inter-modal transfers, and dynamic interactions
among individuals to better utilize transportation network resources and improve system efficiency.
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