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Abstract
Multimodal dynamic traffic assignment models are widely used to estimate traffic flow
patterns and support decision-making in transportation supply, infrastructure planning,
and traffic management. As transportation systems shift toward multimodal, service-
oriented, and data-driven approaches, existing models face growing challenges in
realism and scalability. This survey reviews recent advances in multimodal dynamic
traffic assignment, with a focus on modeling heterogeneous traffic, incorporating mul-
tiple transportation modes, and capturing interactions between different vehicle types.
The evolution of dynamic traffic assignment from single- to multimodal frameworks is
reviewed, alongside recent modeling and data-driven approaches, including deep rein-
forcement learning for adaptive, agent-based routing. Key research gaps are identified,
and a future research agenda is outlined. Priority directions include improving scal-
ability for large-scale networks, incorporating time-varying and data-driven demand
representations, and integrating real-time traffic information to bridge the simulation-
to-reality gap.
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1 Introduction

Multimodal dynamic traffic assignment (MM-DTA)models play a central role in trans-
portation planning and infrastructure decision-making [1–3], and the development of
advanced traveler information systems [4, 5]. Unlike static traffic assignment (STA)
models, DTAmodels estimate traffic flowpatterns and travel times in a time-dependent
manner, capturing the temporal variability of congestion, driver route choices, and
network performance. An MM-DTA model extends this framework by considering
interactions and distinctions among at least two different transportation modes. This
is achieved by incorporating mode-specific attributes such as speed, size, and travel
costs [4]. Notable MM-DTA applications include modeling car–truck interactions [6],
integrating ride-hailing (RH) systemswith parking dynamics [7], and analyzingmixed
traffic with autonomous (AV) and human-driven vehicles (HDV) [8].

1.1 Framework of Multimodal Dynamic Traffic Assignment

The general framework of a traditional MM-DTA model is illustrated in Fig. 1. The
model combines a multimodal traffic network representation with time-varying travel
demand and consists of two core components: (1) a mode and route choice model,
often based on discrete choice formulations, which governs the assignment process,
and (2) a dynamic network loading (DNL) model, which captures the temporal evo-
lution and propagation of traffic along network links given the assigned modes and
routes. The transportation network is represented by links or cells corresponding to
road segments and nodes representing intersections. Each link is characterized by
attributes such as capacity and the transportation modes it supports. DNLmodels cap-
ture the spatio-temporal interaction between traffic flow and traffic density on each
network link [9]. These interactions are reflected in link performance functions that
describe how travel times or generalized travel costs evolve as traffic volumes and
densities change over time. The resulting performance measures are used to compute
time-dependent network flows, with mode and route choices iteratively updated until
an equilibrium state is reached. DNL can be implemented through analytical, semi-
analytical, or simulation-based approaches, including the cell transmission model
(CTM), the link transmission model (LTM), and queuing-based formulations such
as the point-queue model (PQM) and the spatial-queue model (SQM). Equilibrium
problems are commonly formulated using variational inequalities (VI), mathematical
programming (MP), fixed-point problems (FPP), or approximated through agent-based
simulation. Well-established equilibrium concepts include user equilibrium (UE) and
system optimum (SO), originally introduced by [10].

1.2 Research Gap and Research Directions

The above framework builds on the classical four-step procedure for traffic flow
prediction introduced in the late 1950s [11], which has long provided the basis for
DTA models. Although widely applied, this framework has been extended to bet-
ter capture growing system complexity, yet challenges remain in representing traffic
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Fig. 1 General framework of the MM-DTA model

heterogeneity, network geometry, capacity constraints, and operational features such
as intersection control, spillback, and queue formation [12]. In addition, many DTA
studies focus on single-mode and small-scale networks, with limited use of real-world
or real-time data. Recent advances in communication and sensing technologies cre-
ate opportunities for MM-DTA models to evolve in two complementary directions:
supporting MM and service-oriented transport systems, and strengthening the link
between simulation outputs and real-world conditions. The adoption of Mobility as a
Service and sharedmobility increases the need forMM-DTAmodels that estimateMM
travel times and supporting traveler decision-making [13, 14]. At the same time, data-
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driven approaches offer effective means to better capture demand variability, network
disturbances, and intermodal interactions, thereby improving predictive performance
[15]. Against this background, this review surveys recent advances inMM-DTA, high-
lights emerging applications, and outlines future research directions, with particular
emphasis on data-driven and deep reinforcement learning (DRL)–based approaches.

1.3 Literature Reviews onMultimodal Traffic Assignment

A well-known literature review on DTA is provided by [16], which primarily focuses
on single-modal settings. However, relatively few studies explicitly address the char-
acteristics of multimodal or heterogeneous traffic; these are summarized in Table 1.
Early work by [17] synthesizes static macroscopic and dynamic microscopic models
for heterogeneous traffic, but does not consider DTA within a network equilibrium
framework. Subsequent reviews tend to focus on specific components of MM-DTA,
most notably theDNLmodule, rather than the full assignment process [18, 19].Broader
methodological overviews are provided by [20] and [21]. The most recent review by
[22] focuses on metaheuristic optimization for multimodal urban transport systems,
with limited attention to DTA. In contrast, this review covers methods for a com-
plete MM-DTA framework, jointly addressing route choice, DNL, and multimodal
interactions. It highlights recent advances enabled by communication and sensing
technologies and emphasizes real-world applicability. To the best of our knowledge,
it is the first review to explicitly examine DRL within an MM-DTA context.

1.4 Structure

This paper is organized as follows. Section2 describes the search strategy and inclusion
criteria. Section3 reviews the evolution of MM-DTA models, while Sect. 4 exam-
ines how multiple transportation modes are incorporated in MM-DTA frameworks.
Section5 explores recent DRL-based approaches and outlines a research agenda for
real-world MM applications. Finally, Sect. 6 concludes the paper. A complete list of
acronyms is provided in Appendix 1, while the list of notations is given in Appendix 2.

2 Methodology

The literature search was conducted in June 2023 and updated in October and Decem-
ber 2025, and February 2026. The search strategy combined keywords related to
the main research field, traffic heterogeneity, and model characteristics. Papers were
selected if these keywords appeared in the title, abstract, or keywords, while stud-
ies from unrelated domains (e.g., chemical engineering, telecommunications, and
medicine) were excluded.

Keywords for the main field combined dynamic with traffic assignment or traffic
flow.

Keywords for traffic heterogeneity, combined using or, included: multi-class,
heterogeneous,mixed-mode,mixed traffic,multi-modal,multimodal,multi-type,multi-
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category, and passenger-car equivalent. In Sects. 3 and 5, selected single-modal
studies were also included to reflect the historical context and the limited availability
of explicitly multimodal DRL-based traffic assignment models.

Keywords for model details, used in Sects. 3 and 4, included: cell transmission
model, link transmission model, queue, user equilibrium, system optimum, social
optimum, Nash equilibrium, game theory, and deep reinforcement learning. Section5
focused exclusively on DRL-related keywords.

Table 2 summarizes the search strategy per section, including time periods, key-
word combinations, and the number of papers identified via Scopus, Google Scholar,
and backward and forward snowballing. Backward snowballing was used to identify
foundational studies, while forward snowballing captured more recent work. After
removing duplicates and applying the inclusion criteria (Sect. 2.1), 44 publications
were retained. In addition, methodological references and existing literature reviews
(Table 1) were consulted to provide further context.

2.1 Inclusion Criteria

This review focuses on studies of road traffic and excludes work solely addressing
air or rail transport. In addition, given the emphasis on DTA, papers related to supply
chain modeling, such as the planning and optimization of goods delivery processes
and the first- or last-mile problem, are excluded. Section3 covers seminal papers from
1952 to 2002 that lay the groundwork for MM-DTA. It includes both single-modal
and multimodal STA and DTA models. Section4 reviews studies that consider traffic
scenarios with at least two distinct transportation modes. AVs and HDVs are treated
as separate vehicle classes when explicitly modeled, as behavioral differences (e.g.,
reaction times) directly affect DNL. Although some studies distinguish electric and
gasoline vehicles, theirDNL formulations are typically identical; differences arise only
in generalized costs, range constraints, or policy assumptions. As driving behavior is
the same, both are treated as a single car mode. This section considers dynamicmodels
only. In Sect. 5, tabular reinforcement learning is excluded, as it is better suited to small
state and action spaces than real-world settings. We include only DRLmethods where
the agent makes en-route traffic decisions, excluding studies focused on traffic signal
control.

3 Definitions and Evolution

This section introduces key definitions and reviews the evolution of single- and multi-
modal STAandDTA.Table 3 summarizesmodel characteristics, emphasizing dynamic
and multimodal aspects such as detail levels, equilibrium concepts, and flow repre-
sentations. Further discussion is provided by [16].

3.1 Evolution of Multimodal Traffic Assignment

Figure2 illustrates the evolution of MM-DTA models across three phases: (1) offline
STA, (2) offline DTA, and (3) real-time DTA. As real-time DTA models are mostly
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Fig. 2 Evolution of the multimodal DTA model

single-modal, this section focuses on the first two phases (Table 4), followed by a
discussion of real-time MM-DTA developments in Sects. 4 and 5.

3.1.1 Static Traffic Assignment Models

STA originates from Wardrop’s first principle [10], which formulates route choice
as UE, where no traveler can reduce travel time by unilaterally changing routes.
Wardrop’s second principle, later termed SO, shifts the focus to system-wide perfor-
mance by minimizing total travel time. Despite methodological advances, early traffic
assignment models remained largely single-mode and car-centric, with modes treated
independently due to simplifying assumptions or methodological constraints [23].
Mixed-mode formulations began to emerge in the 1960s, incorporating inter-modal
vehicle interactions [24, 27], differences in speed, comfort, and pricing [25, 26], and
modal split functions based on travel impedances [27]. Advances in communication
and information technologies further enabled semi-dynamic formulations, including
simulation-based models [29–31] and equilibrium models with elastic demand [32].
These approaches are foundational to DTA but rely largely on static assumptions.
Volume–delay functions limit their ability to capture temporal dynamics, congestion
spillback, and short-term demand variability. Strict FIFO assumptions and the lack of
lane-level detail further constrain real-time representation.

3.1.2 Dynamic Traffic Assignment Models

The dynamic, time-varying nature of traffic makes DTA more complex than STA.
Early work by [33, 34] introduced the M–N model, a nonlinear and nonconvex MP
formulation for deterministic, fixed-demand, single-destination, single-commodity,
and single-modal settings. They further proposed a piecewise linear formulation with
a characteristic staircase structure, enabling efficient solution methods (e.g., matrix
decomposition) and global optimization via a one-pass simplex algorithm without
requiring branch-and-bound.
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Table 4 Overview of STA and DTA models in the past

Level of dynamics Paper MM Scope Modes

Static [10] UE and SO Car

[23] Capacity-constrained flow
simulation

Car, PT

[24] × 5-step MM-STA Car, PT

[25] × DODOTRANS: incre-
mental supply–demand
equilibrium

Air and rail

[26] × Heuristic UE Bus and car

[27] × UEwith inter-modal inter-
actions

Car, PT

[28] × UE with fixed, decision-
based, and route-based
modal splits

Car, PT

[29, 30] × SATURN: congestion
simulation

Car, PT

[31] × SATCHMO: SATURN
extension for modal
change

General MM

[32] × MM equilibrium with
elastic demand

General MM

Dynamic [33, 34] M–N model: nonlinear,
nonconvex MP

Car

[35] × Microscopic simulation-
based DTA model

Car, minibus, bus, tram

[36] × PACSIM: behavioral
mesoscopic mode

General MM

[37] CTM model Car

[38] × Stochastic DTA for asym-
metric assignment

Car, truck

[39] × Cell-based DTA
(Riemann-based)

Car, truck

The CTM by [37] likewise employs piecewise linear relationships and builds
on hydrodynamic traffic flow theory [40, 41]. By representing traffic as a fluid
across discrete cells, it captures essential phenomena such as stop-and-go waves and
congestion-induced shockwaves. CTM has inspired a range of extensions, including
an LP formulation for system-optimal DTA by [42], later extended by [6] to incorpo-
rate interactions between cars and trucks. Early MM-DTA developments include the
simulation frameworkby [35],which captures heterogeneous vehicle behavior by com-
bining physical road characteristics, vehicle properties, and stochastic driver behavior.
Subsequent advances include the mesoscopic PACSIM model [36], the stochastic
equilibrium analysis of [38], and the cell-based model by [39], which accommodates
multiple vehicle types and captures density–flow dynamics.
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3.1.3 Real-Time Dynamic Traffic Assignment

Real-time transportation modeling has traditionally focused on single-modal traffic
[43–45]. For example, [44] integrated STA and DTA to evaluate network-wide con-
ditions using real-time data, historical databases, and control center inputs. Similarly,
MITSIM [45] simulates detailed traffic dynamics, incorporating car-following, lane-
changing, signal control, and probabilistic route choice based on real-time information.
[46] further combined DTA with adaptive signal control to generate both static and
dynamic strategies. These approaches improve accuracyby continuously updating traf-
fic conditions and control measures. However, route choices are typically determined
prior to departure, with limited adaptation en route.While local adjustments (e.g., lane
changes) are captured, this does not fully reflect travelers’ real-time decision-making.
Fully online models addressing this limitation are discussed in Sect. 5.

4 Multimodal Features in Dynamic Traffic Assignment Frameworks

This section reviews recentMM-DTA studies summarized in Table 5, focusing on how
mode types are distinguished and modeled in multimodal, service-oriented traffic
contexts. We examine mode-specific characteristics, choice models, test networks,
mode-shift mechanisms, and cross-modal interactions, and conclude by synthesizing
key design principles for practical MM-DTA applications. The reviewed models are
primarily designed for strategic and policy-oriented analysis and therefore do not
incorporate real-time traffic data. For service-oriented applications, closer integration
of real-time information remains a promising direction to bridge the simulation-to-
reality gap identified in the introduction.

4.1 Mode-Specific Characteristics

Each vehicle type m ∈ M is characterized by a set of mode-specific attributes. These
include traffic flow–related parameters such as the Passenger car equivalent (PCE)
factor, free-flow speed, reaction time, and capacity constraints. Additionally, attributes
such as mode-specific occupancy rate and a discomfort factor may be incorporated
in the objective or mode choice function. In the following, we outline how these
differences can be integrated into the model.

4.1.1 Passenger Car Equivalent

To capture differences in space usage and traffic impact across vehicle types, PCE
factors are commonly employed. For example, [6] introduce a truck-specific PCE
factor in an extension of the CTM to distinguish between cars (m = 1) and trucks
(m = 2). In their formulation, truck flows are expressed in PCE units using a factor
E2 ≥ 1. Let qm,i,t denote the flow of vehicle class m in cell i at time t . Then, a flow
of ten cars is represented as q1,i,t = 10, whereas a flow of ten trucks is represented as
q2,i,t = 10E2. In their simulations, E2 = 2, implying that one truck is equivalent to
two passenger cars.
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4.1.2 Free-Flow Speed

The free-flow speed vF
m denotes the travel speed of vehicle classm under uncongested

conditions and is determined by class-specific physical and operational characteristics,
such as vehicle size, acceleration capabilities, and speed limits.

For instance, [6] assume that trucks have lower or equal free-flow speeds than
passenger cars, and define a scaling factor βm = vF

m/vF
ref. Taking passenger cars as

the reference class (mref = 1), with vF
1 = 48 km/h, and trucks as m = 2 with vF

2 =
36 km/h, this yields β2 = vF

2 /vF
1 = 0.75. Similarly, [48] assume free-flow speeds of

60 km/h for cars and 30 km/h for buses. These values are context-dependent and vary
across networks and modes. These models include class-specific free-flow speeds but
do not enforce equal speeds under congestion, capturing interactions implicitly via
flow propagation and capacity constraints. In contrast, [50] explicitly model a state
of homogeneous speeds under congestion. They propose a link-based formulation
in which each link is partitioned into a free-flow segment, where vehicles travel at
class-specific speeds vF

m , and a congested segment, where all vehicle classes move at
a common reduced speed.

4.1.3 Capacity Constraints

Several MM-DTA studies explicitly model capacity constraints to represent compe-
tition among vehicle classes for limited infrastructure. Capacity is typically imposed
at the link or cell level and shared across classes, while class-specific characteris-
tics determine how strongly each class contributes to capacity consumption. In the
CTM-based formulation of [6], differences in free-flow speed and PCE imply class-
dependent capacity usage, with trucks consuming more capacity than passenger cars.
Due to their lower free-flow speed, trucks are also assigned a lower cell capacity, i.e.,
Q2,i,t ≤ Q1,i,t [6].

Similarly, capacity constraints are often represented through spatial queuing mech-
anisms, in which congestion and spillback arise when aggregate demand exceeds
downstream receiving capacity. For example, [50] model these effects explicitly via a
spatial queuing formulation. In large-scale agent-based simulators such as GEMSim
[54], similar behavior emerges through queue storage limits and link flow buffers,
allowing congestion and spillback to arise naturally when infrastructure capacity is
exceeded.When reaction time is explicitly incorporated, capacity constraints can addi-
tionally emerge endogenously through class-specific flow limits.

Multi-class formulations such as those proposed by [52] further show that the
fundamental diagram, and thus effective capacity, depends on traffic composition. Dif-
ferences in vehicle characteristics, such as free-flow speed, give rise to class-specific
flow–density relationships, which jointly determine congestion dynamics in mixed
traffic. To formalize the dependence on traffic composition, we introduce a space-
allocation framework. Consider M vehicle classes, indexed such that vF

1 > · · · > vF
M ,

and let ρ = (ρ1, . . . , ρM ) denote the class-specific densities on a road section. We
define a space-allocation vector α = (α1, . . . , αM ), where αm ∈ [0, 1] represents the
fraction of road space occupied by class m, with

∑M
m=1 αm ≤ 1. This formulation

captures competition among vehicle classes for limited road capacity, arising from
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differences in vehicle size, driving behavior, and lane usage. The perceived density
for class m is then defined as

ρ
p
m =

⎧
⎪⎨

⎪⎩

ρm

∑M
j=1 α j

αm
, if αm > 0,

0, if αm = 0,
(1)

which represents the effective density experienced by class m per unit of allocated
space. In this way, capacity constraints are captured through the relative allocation of
space across vehicle classes.

4.1.4 Reaction Times

Another driver of mode-specific capacity is the difference in reaction time across
vehicle classes. For instance, [8] developed a shared-road CTM for AVs and HDVs,
modeling them as distinct classes with different reaction times that affect achievable
flow and capacity. Human drivers are assumed to have reaction times between 1 and
1.5 s [61], leading to the following flow–density relationship (see Fig. 3b):

qm,i,t = min

(

vm,i,tρm,i,t ,
(1/ρm,i,t − �m

�tm
ρm,i,t

))

, (2)

where, for vehicle class m at time t at cell or link i , vm,i,t denotes the actual speed,
ρm,i,t the density, �m the vehicle length, and �tm the reaction time. This formulation

Fig. 3 Multi-class fundamental diagrams by mode characteristics
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Fig. 3 continued

implies that reaction time acts as a class-specific constraint on admissible flow, directly
affecting effective link capacity. Classes with shorter reaction times can sustain higher
flows at the same density, delaying congestion onset. In mixed traffic, this results
in heterogeneous congestion patterns, where AVs may continue to flow freely while
HDVs experience reduced speeds.

4.1.5 Occupancy Rate

Vehicle occupancy can be incorporated into the objective function to prioritize higher-
capacity modes. For example, [48] weight the system objective by occupancy, thereby
assigning greater importance to vehicles carrying more passengers. Under this formu-
lation, a bus carrying 40 passengers is weighted twenty times more than a car carrying
two passengers.

4.1.6 Discomfort Factor

Differences across mode types can also be captured through discomfort penalties.
For instance, [49] assign a higher weight to waiting time relative to in-vehicle time
(two times as high) and include a fixed transfer penalty (for example, 5min), thereby
reflecting the additional inconvenience associated with waiting and transfers.

4.2 Path andMode Choice Model

s In MM-DTA frameworks, distinguishing between transportation modes typically
requires jointly modeling modal split and route choice. Discrete choice models are
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widely used to represent travelers’ decisions, incorporating attributes such as travel
time, cost, convenience, and schedule constraints. For a detailed treatment of their the-
oretical foundations, see [62] and [63]. As shown in Table 5, some studies determine
decisions deterministically via equilibrium principles (e.g., UE or SO), assigning trav-
elers to minimum-cost paths with mode differences captured through class-specific
assumptions rather than probabilistic choice [8, 50].

4.2.1 Nested-Logit Models

Nested logit models capture passengermode choice by grouping alternatives into nests
that reflect correlations arising from shared attributes. [2] determine the modal split
of the commuter population based on differences in generalized travel time, whereas
[7] extend this framework by additionally incorporating parking, park-and-ride (P&R)
options, and travel costs.

Figure 4 illustrates a nested logit model. For each origin–destination (O–D) pair,
travelers choose among modes such as PT, Driving, RH, and P&R. Each alternative
is further decomposed into a set of lower-level options representing more detailed
choices. Let Prs

m denote the set of feasible paths for mode m between origin r and
destination s, and let t denote the departure time. Then, for each m ∈ M and path
k ∈ Prs

m , the generalized cost is given by

crsm,k,t = λTT wrs
m,k,t + max

{
λL

(
t + wrs

m,k,t − t∗
)
, λE

(
t∗ − t − wrs

m,k,t

)} + �rs
m,k,t ,

(3)
where λTTwrs

m,k,t represents the travel time cost, with λTT denoting the unit cost of
travel time and wrs

m,k,t the actual travel time along path k for a departure at time t from
r to s. Intuitively, it captures how travelers value the time spent traveling along a given
path. The second term captures schedule delay costs. It penalizes deviations from
the preferred arrival time t∗ (e.g., the standard work starting time), where arriving
late incurs a penalty weighted by λL, and arriving early incurs a penalty weighted
by λE. The last term, �rs

m,k,t , captures additional mode- and path-specific costs. The
components contributing to the mode-specific aggregated factors to the travel time
wrs
m,k,t and the additional costs �rs

m,k,t for each mode m are detailed in Table 6.

4.2.2 C-Logit Model

While the nested logit model captures correlation through a hierarchical structure,
it does not explicitly account for similarity based on shared network components.

Fig. 4 Nested logit choice model, adapted from [7]
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Table 6 Components of travel time wrs
m,k,t and additional costs �rs

m,k,t (Eq.3)

Mode Components of total travel time wrs
m,k,t Additional costs �rs

m,k,t

Transfer Possible PTwaiting time, PT travel time, pos-
sible walking time

δrsk + σ rs
k,t

Driving Driving time, possible parking cruising time,
possible walking time

δP,i

n
+ κrsk,t (n) + ξ

RH Driving time, possible waiting time to pick up δrsRH,k,t

P&R Driving time, possible parking cruising time,
PT travel time and possible walking times

δP,i

n
+ κrsk,t (n) + δrsk + σ rs

k,t + ξ

From r to s on path k at time t : δrsk denotes the PT fare; σ rs
k,t the crowding cost; κrsk,t (n) the carpooling

impedance (κrsk,t (1) = 0); δP,i the parking fee at location i ; n the number of pooled travelers; δrsRH,k,t the
RH fare; and ξ car accessibility (0 if unavailable, else a large constant)

In route choice settings, this may lead to an overestimation of highly overlapping
alternatives. TheC-logit model addresses this limitation by introducing a commonality
factor that penalizes route overlap. An example is provided by [47], who, similar to
the aforementioned studies, use travel costs and travel times as attributes to determine
mode and route choice, and additionally incorporate transit schedules.

4.2.3 Multinomial Logit Model

Moreover, [51] employ a bilevel choice–equilibrium model with a multinomial logit
formulation to simulate the decision-making dynamics of travelers attending planned
special events (e.g., sporting events, concerts, and conventions). The upper level mod-
els departure time window and mode choices, while the lower level consists of an
MM-DTA model that captures traffic flow patterns and travel-related parameters.

For the mode choice between feeder buses and private modes, the authors define
disutility functions that capture travel time, schedule delay, and travel costs. Specifi-
cally, for a trip from origin r to destination s, departing at time t and arriving in time
window n′, the disutility for the feeder bus mode is given by:

crsn′,t = λ0,t + λTTwrs
n′,t + λC

[

n′

(
τ rsn′,t

) + δrsFB

]
, ∀r , s, n′, t, (4)

wherewrs
n′,t denotes the average path travel time between r and s for travelers departing

at time t and arriving in time window n′, and τ rsn′,t = t + wrs
n′,t is the corresponding

arrival time. The function 
n′(τ rsn′,t ) represents the schedule delay penalty associated
with arriving earlier or later than the desired arrival time corresponding to timewindow
n′. Furthermore, δrsFB denotes the feeder bus fare. The parameter λ0,t is a departure-
time-specific constant, while λTT and λC represent the marginal disutility of travel
time and travel cost, respectively.
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For private modes m ∈ Mprivate, disutility is specified as a linear function of travel
time, schedule delay, costs, and distance, and is given by:

crsm,n′,t = λ0,m,t + λTTwrs
m,n′,t + λC

[

n′

(
τ rsm,n′,t

) + δrsm

]
+ λDd

rs
m , ∀r , s,m, n′, t,

(5)
wherewrs

m,n′,t denotes the average path travel time formodem, and τ rsm,n′,t = t+wrs
m,n′,t

is the corresponding arrival time. The function 
n′(τ rsm,n′,t ) represents the schedule
delay penalty relative to the desired arrival time ofwindow n′. Furthermore, δrsm denotes
the variable operating cost (e.g., fuel and parking costs), and drsm denotes the travel
distance. The parameter λ0,m,t is a mode- and departure-time-specific constant, while
λTT, λC, and λD represent the marginal disutility of travel time, travel cost, and travel
distance, respectively. A detailed specification on the schedule delay function and
lower-level model is provided in [51].

4.2.4 Hyperpath-Based Transit Assignment

In a hyperpath formulation, travelers do not select a single fixed route, but instead adopt
a travel strategy that specifies feasible boarding and transfer options based on expected
costs and service frequencies. Such formulations are commonly used in MM-DTA
models where PT is represented by service frequencies rather than explicit timetables.
Following [49], letAi denote the set of access and transfer links departing from node
i , and Li the set of transit lines available for boarding at node i . In contrast to the
deterministic path cost crsm,k,t defined earlier, we introduce the expected generalized
cost-to-go Vi from node i to the destination. This value represents the minimum
expected generalized cost under optimal travel behavior and uncertainty in service
arrivals, and satisfies the following Bellman-type recursion:

Vi = min

{

min
a∈Ai

(
wa + Vj(a)

)
,

∑
l∈Li

fl
(
wl + Vj(l)

)

∑
l ′∈Li

fl ′

}

, (6)

where wa denotes the travel time on link a, and wl the expected waiting time for
transit line l ∈ Li , typically determined by its service frequency fl . The mapping
j(·) gives the downstream node after an action: j(a) is the node reached via link a,
with expected remaining cost V j(a), and j(l) the node reached after boarding line l,
with cost Vj(l). The first term represents a deterministic access or transfer link, where
the total cost equals travel time plus downstream cost. The second term captures a
boarding strategy over attractive transit lines, where travelers board the first arriving
service, yielding a frequency-weighted expected cost. Passenger flows are therefore
distributed across lines proportional to their frequencies. The probability of boarding
line l ∈ Li at node i is given by

pl = fl
∑

l ′∈Li
fl ′

, ∀l ∈ Li , (7)
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where fl denotes the service frequency of line l, and the denominator represents the
total frequency of all lines available at node i .

4.2.5 Combination-Based Mode–Route Choice

MM-DTA models commonly represent mode and route choice as a hierarchical deci-
sion process, separating intermodal choice across modes from intramodal route choice
within each mode. [60] follow this approach by modeling the intermodal split with
a logit function based on the minimum generalized cost of each mode, while within-
mode route choice follows a deterministic shortest-path condition. For an OD pair
(r , s) at departure time t , the intermodal split is given by

qrsm,t

qrst
= exp

(−θμrs
m,t

)

∑
m′∈M exp

(
−θμrs

m′,t

) , (8)

where qrst denotes the total departure flow between r and s at time t , qrsm,t the portion
assigned tomodem ∈ M,μrs

m,t theminimumgeneralized cost over all feasible paths of
modem, and θ > 0 a dispersion parameter reflecting sensitivity to cost differences. The
exponential transformation converts generalized costs into positive choice weights,
such that lower-cost alternatives receive a higher probability. Within each mode m,
flows are assigned to minimum-cost paths according to the complementarity condition

qrsm,k,t

(
crsm,k,t − μrs

m,t

) = 0, ∀k ∈ Prs
m , (9)

whereqrsm,k,t denotes the pathflowand crsm,k,t the corresponding generalized cost, ensur-
ing that only minimum-cost paths carry flow, while allowing multiple paths with equal
minimumcost to be used simultaneously. This combination of probabilistic intermodal
choice and deterministic intramodal routing is common in MM-DTA models. Simi-
lar principles also arise in CTM- and SQM-based formulations [8, 50], where travel
times emerge from traffic propagation. Compared to large-scale agent-based simula-
tions [54], the formulation of [60] provides a compact equilibrium representation in
which stochasticity is confined to the intermodal decision layer.

4.3 Differences by Equilibrium Concept

Beyond parameter-based distinctions, recent studies differentiate vehicle classes
through distinct routing principles. For instance, [59] model HDVs as UE seek-
ers, while AVs follow SO routing based on marginal travel times. This approach
introduces behavioral heterogeneity directly into the equilibrium concept, rather than
confining class differences to link performance functions. Similarly, [56] formulate a
dynamic SO framework in which automated vehicles are routed to support system-
level objectives,whereasHDVs remain part of themixed traffic flowwithout individual
optimization behavior.
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4.4 Networks

The table shows most models are evaluated on small- to medium-sized networks, with
common test cases including the Nguyen–Dupuis network (13 nodes, 20 links) and
the Sioux Falls network (24 nodes, 76 links). While these benchmarks are intuitive
and convenient for small-scale studies, scalability considerations are often overlooked.
An exception is [54], who address scalability in a real-world, large-scale setting by
modeling the entire Swiss road network and PT schedules, comprising hundreds of
thousands of links and nodes and approximately 5.2 million agents. Scalability is
achieved through a combination of parallel processing, optimized memory access,
and efficient algorithms (here, based on SQM) designed for massively parallel exe-
cution on graphics processing units. Co-evolutionary learning and spatio-temporal
partitioning further enhance the model’s ability to handle complex, large-scale scenar-
ios. In other multimodal network formulations, PT often operates on dedicated links or
lanes, although buses may also share infrastructure with other vehicle types [2, 7, 60].
For instance, [7] model a virtual bus network that uses the same road links as private
vehicles. Similarly, [60] represent PT,walking, and bike-sharingwithin a unifiedmulti-
modal network,where interactions occur through shared nodes and transfer links rather
than fully separated infrastructures. Intermodal travel (e.g., bus–rail–bike-sharing) is
enabled via transfer nodes, allowing transitions across modes while preserving mode-
specific costs and constraints.

4.5 Mode Shifts

Understanding mode changes is essential in transportation studies, especially in
metropolitan areas with multimodal trips. Ignoring transfers limits real-world appli-
cability and overlooks interactions between mode choice and trip assignment. For
example, [47] propose a dynamic combined trip assignment model that jointly deter-
mines mode and route choices. The model allows up to two transfers per trip and
considers five travel modes: private car, P&R, a single bus line, bus-to-transit (bus
or subway), and bicycle-to-transit (bus or subway). The multimodal network dis-
tinguishes between route-choice nodes, where travelers may change both mode and
route, and non-route-choice nodes, which restrict movement to a single downstream
link of the same mode. Mode–route decisions are therefore made only at route-choice
nodes. Route choice ismodeled using a nested logit formulation combinedwith a time-
dependent shortest path algorithm that dynamically assigns trips as network conditions
evolve. In a related study, [7] formulate a UE model encompassing multiple modes,
including solo driving, carpooling, ride-hailing, bus transit, railway transit, and P&R.
Mode choice is governed by a multi-layer nested logit structure (Fig. 4), enabling a
detailed representation of multimodal travel decisions.

At a larger scale, [54] develop an agent-based framework comprising a multimodal
supply network and an optional PT schedule, coupled with a demand model represent-
ing individual travelers. Each agent is characterized by a set of daily plans consisting of
spatially distributed activities and connecting travel legs. Mode changes are permitted
exclusively at activity locations. To enable transfers, the authors introduce dedicated
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“merge” activities that impose a short delay, representing actions such as PT transfers
or transitions from walking to PT.

4.6 Cross-Vehicle Interaction

The interaction column indicates whether different mode types influence each other’s
performance. This is important because slower or larger vehicles, such as trucks and
buses, can disproportionately reduce car speeds, leading to asymmetric interactions.

4.6.1 Car-Truck Interaction

Cars and trucks can interact asymmetrically, as slower and larger trucksmay dispropor-
tionately reduce car speeds and effective capacity. [6] explicitly model this car–truck
interaction within a CTM-based SO-DTA framework by introducing a unitary car-
capacity reduction per unit of truck flow. In their formulation, the presence of trucks
reduces car capacity by a factor ν, set to ν = 0.75 in the experiments. This interaction
is implemented as a constraint in the LP formulation, allowing the asymmetric impact
of trucks on car traffic to be captured directly.

4.6.2 Car-Bus Interaction

Similarly, [48] incorporate the impact of slow vehicles (e.g., buses) on overall traffic
capacity. In their formulation, slow vehicles act as moving bottlenecks that reduce
the effective capacity of the traffic stream. Assuming a single slow vehicle class, the
effective capacity Qi,t of road segment (or cell) i at time t is given by

Qi,t = qU ,i,t

1 − exp
(
−qU ,i,t

(
1 − qU ,i,t

Qi

)
ηi,t τ̃i

) , (10)

where qU ,i,t denotes the upstream flow entering segment i at time t , Qi is the nominal
capacity in the absence of slow vehicles, and ηi,t is the proportion of slow vehicles in
the traffic stream on segment i . The disturbance time τ̃i represents the duration over
which a slow vehicle affects following traffic, and is given by

τ̃i = �slow
(
vS
i + vF

slow

)

vS
i vF

slow

, (11)

where �slow is the vehicle length of the slow vehicle class, vS
i denotes the backward

shockwave speed on segment i , and vF
slow is the free-flow speed of the slow vehicle.

4.6.3 Interaction in Traffic Queues

Another example of cross-class interaction is provided by [50]. While travel times are
initially computed separately for each vehicle class, interactions are captured through
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the outflow calculation. Specifically, the queue length is defined as the aggregate flow
across all classes and is then used to determine class-specific outflow rates, ensuring
that congestion effects reflect interactions among all traffic classes.

4.7 Applications for Multimodal and Service-Oriented Systems

Overall, incorporating multimodal characteristics, capacity mechanisms, and behav-
ioral heterogeneity enhances both the realism and policy relevance of MM-DTA
models. The reviewed approaches support the analysis and design of multimodal,
service-oriented transport systems in several key ways:

1. PCE: PCE-based formulations capture differences betweenvehicle types, enabling
realistic use of shared infrastructure.

2. Free-flow speed and capacity heterogeneity: Accounting for differences in free-
flow speed and capacity across modes captures fundamental disparities in traffic
dynamics and supports the evaluation of multimodal interactions.

3. Capacity constraints and congestion formation: Link- or cell-level capacity
constraints allow MM-DTA models to represent congestion, spillback, and queue
propagation under mixed traffic conditions, which is essential for stress-testing
system performance and service-oriented strategies.

4. Reaction time effects: Class-specific reaction times (e.g., AVs versus HDVs) cap-
ture the impact of automation on admissible flow, congestion onset, and effective
capacity, enabling scenario analysis of emerging technologies.

5. Occupancy-based prioritization: Occupancy-weighted objectives shift the focus
from vehicles to persons, aligning traffic assignment with service-oriented goals
such as maximizing person throughput and supporting high-capacity modes.

6. Discomfort and transfer penalties: Incorporating discomfort, waiting, and trans-
fer penalties reflects perceived service quality and traveler experience, thereby
improving behavioral realism in multimodal settings.

7. Dynamic mode shifts: Modeling mode shifts and combined mode–route choices
captures multimodal trip chains and transfers, supporting the evaluation of inte-
grated mobility services.

8. Equilibrium concepts and behavioral heterogeneity: Allowing different equi-
librium principles across classes (e.g., UE versus SO routing) enables the
representation of heterogeneous decision-making and coordinated routing strate-
gies relevant to centrally guided or automated systems.

9. Cross-vehicle interactions: Explicitly modeling interactions between vehicle
types (e.g., slower or larger vehicles reducing capacity) improves realism and
supports multimodal analysis.

5 Deep Reinforcement Learning for TrafficModeling

This section outlines the applications of DRL in traffic flow modeling and DTA. We
highlight its potential to reduce the simulation-to-reality gap in conventional models,
and investigate extensions to mixed-mode settings. As this research area is still emerg-
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ing, most existing studies focus on single-mode traffic, and multimodal applications
remain limited. As traditional DTAmodels rely on simplifying assumptions (e.g., per-
fect network knowledge and fixed route choices), their ability to represent realistic
traffic behavior under dynamic or uncertain conditions remains limited. Therefore,
recent studies embed DRL within Markov Routing Game (MRG) frameworks [64],
enabling agents to learn adaptive, state-dependent routing policies through interaction
with a simulated traffic environment. These approaches can learn adaptive policies
directly from interaction with the environment, reducing the need for explicit travel-
time functions or detailed prior knowledge of system dynamics. Although training can
be computationally demanding, model deployment is typically efficient and scalable.

5.1 Deep Reinforcement Learning Applications

Table 7 provides an overview of DRL-based traffic flow models, focusing on how key
components such as agents, states, actions, and rewards are defined across studies.
In these models, DRL is used to capture adaptive, state-dependent decision-making
in dynamic traffic environments. To facilitate interpretation of the table, we briefly
introduce the core components of a DRL framework:

• Agent i ∈ N : The decision-making entity. In traffic modeling, this may represent
an individual driver, a group of drivers, or a centralized controller.

• Environment: The system with which the agent interacts, typically the road net-
work and other vehicles, modeled via a traffic simulator or DNL model.

• State st ∈ S: The information available at time t , describing the current situation
(e.g., location, time, congestion).

• Action at ∈ A: A decision taken in state st , such as selecting an outbound link,
route, or departure-time adjustment.

• Reward rt ∈ R: A feedback signal indicating performance, often based on (neg-
ative) travel cost or a weighted combination of objectives.

As shown in Table 7, two main types of agents can be distinguished. First, a cen-
tralized agent, i.e., a traffic controller, which observes aggregate traffic conditions and
makes system-level decisions. Second, decentralized agents in single- or multi-agent
settings represent (groups of) drivers whomake en-route decisions by selecting actions
that maximize expected cumulative rewards via the Q-function. States are commonly
defined by location, time, and congestion levels, while rewards often reflect travel time,
though multi-objective formulations also exist (e.g., [65]). After each action, the envi-
ronment—modeled through a DNLmodel or traffic simulator (e.g., SUMO)—updates
and returns a reward. The resulting system behavior is typically associated with Nash
equilibria (analogous to UE) or Stackelberg equilibria (analogous to SO). However,
most studies are limited to relatively small-scale networks, as computational complex-
ity constrains the number of agents. A notable exception is [66], who scale to a large
urban network by aggregating travelers into representative agents, limiting actions to
mode and departure-time choices, and outsourcing DNL to an external microscopic
simulator rather than learning detailed routing policies.

123



   58 Page 24 of 37 Operations Research Forum             (2026) 7:58 

Ta
bl
e
7

O
ve
rv
ie
w
of

D
R
L
-b
as
ed

tr
af
fic

flo
w
m
od
el
s

Pa
pe
r

A
lg
.

A
ge
nt

St
at
e

A
ct
io
n

R
ew

ar
d

T
ra
ffi
c
m
od
el

E
qu
il.

C
as
e
st
ud
y

M
od
e
in
te
r.

[6
7]

D
Q
L

C
en
tr
al

ag
en
t

(s
in
gl
e)

D
em

an
d

(c
ur
.,

re
sc
he
du
le
d,

re
m
ai
ni
ng

)

O
D

flo
w

as
si
gn
m
en
t

Sy
st
em

tr
av
el

tim
e

M
es
o
si
m

SO
Si
ou
x
Fa
lls

(S
)

[6
8]

D
Q
L

C
ar
,

tr
uc
k

(m
ul
ti)

C
ou

nt
,

sp
ee
d,

po
si
tio

n,
de
st

L
in
k
ch
oi
ce

T
ra
ve
lt
im

e
M
ic
ro

si
m

N
as
h

Sy
nt
he
tic
,L

iv
-

er
po

ol
(S
)

[6
4]

M
ea
n-
fie
ld

D
Q
L

D
ri
ve
r
(m

ul
ti)

T
im

e,
no

de
L
in
k
ch
oi
ce

T
ra
ve
lc
os
t

M
ic
ro

si
m

N
as
h

C
ol
um

bi
a
ar
ea

(S
)

×

[6
9]

D
Q
L

A
V
(m

ul
ti)

L
oc
al

de
ns
ity
,

tr
af
fic

st
at
e

L
in
k
ch
oi
ce

N
et
w
or
k

ef
fi-

ci
en
cy

M
ic
ro

si
m

N
as
h

Sy
nt
he
tic

gr
id

(S
)

[6
5]

D
Q
N

C
en
tr
al

ag
en
t

(m
ul
ti)

R
eg
io
n,

de
st
.,

tr
ip

le
ng
th

L
in
k
ch
oi
ce

Sp
ee
d
ga
in

M
ac
ro

M
FD

&
qu

eu
e

SO
Sy

nt
he
tic

m
ul
ti-
re
gi
on

(S
)

×

[7
0]

D
D
Q
N

A
V
,

H
D
V

(m
ul
ti)

T
im

e,
sp
ee
d,

ga
p,
po
si
tio

n
A
cc
el
.,

de
ce
l.,

la
ne

ch
an
ge

Sa
fe
ty
–

ef
fi-

ci
en
cy

M
ic
ro

si
m

N
as
h

Sa
n

Fr
an

on
-

ra
m
p
(S
)

×

[6
6]

D
Q
L

D
ri
ve
r
(m

ul
ti)

E
xp
er
ie
nc
e,

ne
tw
or
k

at
tr
ib
ut
es

M
od

e,
de
p.

tim
e

T
ra
ve
lu

til
ity

M
ic
ro

si
m

N
as
h

Su
zh
ou

(L
)

×

[7
1]

A
C

C
en
tr
al

ag
en
t

(s
in
gl
e)

Fl
ow

,
de
ns
ity
,

sp
ee
d,

lo
ca
l

ne
tw
or
k

O
D

pa
th

as
si
gn
m
en
t

To
ta
l

tr
av
el

tim
e

M
es
o
C
T
M

SO
M
ar
yl
an
d,

st
yl
iz
ed

(M
)

C
as
e
st
ud

y:
ne
tw
or
k
sc
al
e
w
ith

sm
al
l(
S)

<
10

0
no

de
s,
m
ed
iu
m

(M
)
10

0–
10

00
,l
ar
ge

(L
)
>

10
00

123



Operations Research Forum             (2026) 7:58 Page 25 of 37    58 

5.2 Deep Reinforcement LearningMethodology

In the following, we examine themethodological foundations of the DRL-based traffic
flow models summarized in Table 7.

5.3 Deep Q-Learning

Traditional RL models rely on tabular Q-learning, which is suitable for problems with
small, discrete state and action spaces where value functions can be explicitly stored
in lookup tables. An example in the transportation context is the study by [72], who
applied standard tabular Q-learning in a single-agent setting on the small Sioux Falls
network. In their formulation, the agent represents an individual driver, the state is
defined by the current time, node, and congestion level, the action space corresponds
to successor nodes, and the reward is given by the negative travel time. Despite its
simplicity, transparency, and low computational cost, tabular Q-learning does not scale
well to continuous or high-dimensional state and action spaces. As a result, its appli-
cability to large-scale, real-world transportation networks is limited. Deep Q-learning
(DQL) overcomes these limitations by replacing the explicit Q-table with a neural net-
work that approximates the action–value function. This allows DQL to handle large
and continuous state spaces by learning a mapping from states to Q-values for each
feasible action, thereby enabling decision-making in more complex environments.
The neural network takes the current agent state as input and outputs Q-values asso-
ciated with the available actions. The objective is to learn a policy that maximizes the
expected cumulative reward over time, commonly defined as a discounted sum:

Rt =
∞∑

τ=t

γ τ−t rτ , (12)

where the discount factor γ ∈ [0, 1) controls the relative importance of future rewards.
Values of γ close to one place greater emphasis on long-term outcomes. Because route
choice and driving decisions are inherently long-term, aiming to minimize total travel
time rather than immediate travel time at each step, the discount factor γ is typically set
close to one (e.g., 0.99 [68]). In some applicationswith a finite planning horizon, γ = 1
may also be adopted [64]. The Q-function represents the expected cumulative reward
associated with taking action at ∈ A in state st ∈ S at time step t , and subsequently
following an optimal policy. In tabular Q-learning, the Q-values are iteratively updated
according to

Qnew(st , at ) = Qold(st , at ) + α

(

rt + γ max
a∈A

Q(st+1, a) − Qold(st , at )

)

, (13)

whereα ∈ (0, 1] denotes the learning rate, rt ∈ R the immediate reward observed after
taking action at in state st , and γ ∈ [0, 1) the discount factor. Furthermore, st+1 ∈ S
denotes the subsequent state, and maxa∈A Q(st+1, a) represents the estimated value
of the best action available in the next state. The term in parentheses is referred to as the
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temporal-difference error, capturing the discrepancy between the current estimate and
a target value based on newly observed information. The Q-function is parameterized
by a neural network with parameters θ ∈ R

d :

Q(s, a) ≈ Q(s, a; θ). (14)

The parameters are learned through trial-and-error interactions with the environ-
ment by minimizing the expected squared temporal-difference error. Specifically, the
loss function is defined as

L(θ) = E

[(

rt + γ max
a′ Q(st+1, a

′; θ−) − Q(st , at ; θ)

)2
]

, (15)

where θ ∈ R
d denotes the vector of neural network parameters, and rt ∈ R represents

the immediate reward observed after taking action at ∈ A in state st ∈ S at time step t ,
and st+1 ∈ S denotes the subsequent state. The discount factor γ ∈ [0, 1) determines
the relative importance of future rewards. The expression maxa′∈A Q(st+1, a′; θ−)

represents the estimated value of the best action in the next state under the target
network parameterization. The expectation operator E[·] is taken over the stochastic
transitions of the environment and, in practice, is approximated using sampled experi-
ence tuples. The resulting approximation converges toward the optimal action–value
function Q∗, corresponding to the policy that maximizes the expected cumulative
reward.

5.3.1 Dueling Deep Q-Network

An extension of DQL is the dueling deep Q-network (DDQN) architecture, which
decomposes the Q-function into separate value and advantage components,

Q(s, a; θ) = V (s; θ1) + A(s, a; θ2), (16)

where V (s; θ1) captures the value of being in state s, and A(s, a; θ2) represents the
relative advantage of selecting action a in that state. This architecture uses two jointly
trained network streams to separate the value of a state from the effect of individual
actions. The dueling architecture is particularly effective in settings where actions do
not consistently exert a strong influence on the environment. In traffic modeling, this
is often the case when (i) rewards are sparse, such that many state–action transitions
provide limited learning signal, and (ii) the environment is highly stochastic, with
randomness arising from vehicle arrivals, turning movements, and other exogenous
factors that may hinder stable training [69]. A key drawback, however, is the increased
computational burden associated with training multiple network components rather
than a single Q-network.

5.3.2 Actor-Critic Network

Another class of DRL methods is the Actor–critic (AC) framework, which combines
value-based and policy-based approaches. The architecture consists of two compo-
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nents: an actor, representing the policy and producing a probability distribution over
actions, and a critic, which estimates the expected return of a state or state–action
pair. The actor is parameterized by a policy π(at | st ;φ), while the critic approxi-
mates a value function, typically the state–value function V (st ; θ2) or the action–value
function Q(st , at ; θ2). Both components are trained jointly, with the critic providing a
learning signal that guides the actor’s updates. The actor parameters are updated using
a policy-gradient method of the form

θt+1 = θt + α ∇θ logπ(at | st ; θ) Â(st , at ), (17)

where θt ∈ R
d denotes the vector of actor parameters at time t , with d the number of

parameters, α > 0 the learning rate, and ∇θ the gradient with respect to θ . The term
π(at | st ; θ) denotes the probability of selecting action at ∈ A in state st ∈ S. The
logarithm ensures that the update increases the probability of advantageous actions
and decreases that of disadvantageous ones. The quantity Â(st , at ) is an estimate of
the advantage function, measuring the relative benefit of taking action at in state st .
A common choice is

Â(st , at ) = Q(st , at ) − V (st ), (18)

where Q(st , at ) denotes the expected cumulative reward of taking action at in state st
and subsequently following the policy, and V (st ) the expected return of state st .

Alternative estimators based on temporal-difference errors are commonly used in
practice. AC methods reduce variance compared to pure policy-gradient approaches
by leveraging value estimates from the critic, often resulting in improved sample
efficiency and faster convergence. Moreover, temporal-difference learning enables
online updates without requiring episode termination. Although applications of AC
methods to large-scale traffic assignment problems remain limited, the framework is
well suited to traffic systems with high-dimensional state spaces and complex network
interactions.

In traffic modeling, the state st typically represents current network conditions,
such as link densities, speeds, or queue lengths. The action at corresponds to traffic
control decisions, such as routing choices or the distribution of flows across alternative
paths. The reward rt reflects system-level performance, for example, as negative total
travel time or congestion, thereby encouraging efficient network utilization. In the
AC framework of [71], traffic routing is formulated as a sequential decision-making
problem, where the actor learns a policy that determines routing actions based on
observed network states, while the critic evaluates these routing actions by estimating
their effect on future network performance and cumulative system cost. The reward
signal is defined in terms of system efficiency, such that minimizing total travel time
corresponds to maximizing cumulative reward. By iteratively updating both compo-
nents, the method learns routing strategies that adapt to evolving traffic conditions and
approximate system-optimal behavior.

Despite these advantages, AC methods present several challenges. Inaccuracies in
the critic’s value estimates can bias the policy gradient and degrade performance. In
addition, training both actor and critic increases computational cost and algorithmic
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complexity. Finally, their simultaneous learning may introduce instability, particularly
when combined with function approximation in large-scale settings.

5.3.3 Mean-Field Deep Q-Learning

Mean-field games, originally introduced by [73] and [74], study the behavior of large
populations of interacting agents and enable scalable analysis as the number of agents
grows. In traffic modeling, this framework is particularly attractive for representing
and coordinating interactions among large numbers of vehicles in a computation-
ally tractable manner. In large-scale traffic systems, explicitly modeling interactions
between all individual vehicles quickly becomes intractable. Mean-field approaches
address this challenge by approximating the influence of other agents through an
aggregate quantity, typically the average behavior of the surrounding population. As
a result, each agent interacts not with every other agent individually, but with a rep-
resentative “mean field,” capturing the collective effect of the system. In contrast to
single-agent settings, an agent i ∈ N belonging to class c ∈ C interacts both with the
environment and with this aggregate population effect. Each agent collects experience
tuples of the form (oi , ai , o′

i , ri , āi ), where oi denotes the agent’s private observation,
ai the chosen action, o′

i the subsequent observation after all agents act, ri the received
reward, and āi the mean action of neighboring agents, representing the population
influence. While the global state s is not directly observable, each agent receives a
correlated private observation oi ∈ Oi , and the joint observation space is given by
O = O1 × · · · × ON , where N denotes the number of agents. In traffic applications,
such observations typically encode information such as location and time [64]. Under
the mean-field formulation, the Q-function is learned by minimizing the following
loss:

L(θc) = E(oi ,ai ,o′
i ,āi )

[(
ri + γ max

a′
i

Eā′
i∼μ∗−i

[
Qc(o′

i , a
′
i , ā

′
i | θ−

c )
] − Qc(oi , ai , āi | θc)

)2
]

, (19)

where ri denotes the immediate reward received by agent i after taking action ai ,
γ ∈ [0, 1) denotes the discount factor, μ∗−i the equilibrium policy of all agents except
agent i , Qc(oi , ai , āi | θc) the class-specific action–value function, and Qc(· | θ−

c ) a
target network used to stabilize training. The term ā′

i denotes the mean action in the
next state. The expectationEā′

i∼μ∗−i
[·] captures the expected influence of the population

under the equilibrium policy. The resulting optimal policy is given by

μ∗
i (oi ) = argmax

ai
Eāi∼μ∗−i

[
Qc(oi , ai , āi | θc)

]
, ∀oi ∈ Oi , (20)

where μ∗
i (oi ) denotes the optimal policy of agent i , mapping observations to actions.

The operator argmaxai∈A selects the action thatmaximizes the expected action–value,
where the expectationEāi∼μ∗−i

[·] is taken over the distribution ofmean actions induced
by the equilibrium policy μ∗−i of all other agents, capturing the aggregate population
effect. The function Qc(oi , ai , āi | θc) represents the expected cumulative discounted
reward given observation oi , action ai , and mean neighboring action āi . By optimizing
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this expectation, each agent anticipates the average behavior of others and selects the
best response accordingly. The condition ∀ oi ∈ Oi indicates that this holds for all
observations.
Mean-field DQL reduces the complexity of multi-agent interactions by approximating
individual interactions through the population mean. This formulation mitigates noise
arising from exploratory behavior and leads to more stable learning dynamics. As a
result, it improves scalability and convergence speed in systems with many agents
[75]. However, solving mean-field games in large, continuous state spaces remains
challenging. Many existing approaches rely on discretization, which suffers from the
curse of dimensionality and limits scalability in high-resolution traffic networks [76].

5.4 Integrating Deep Reinforcement LearningwithMultimodal Traffic Assignment

Figure 5 illustrates an example framework for integrating MM-DTA with DRL,
informedby insights from the existing literature. The process beginswith the collection
of real-world data, including population characteristics, activity schedules, network
topology, and traffic observations from heterogeneous sensors. These data are used to
estimate mode-specific OD matrices and to extract vehicle and mode characteristics,
such as free-flow speed, reaction time, and spatio-temporal modal splits. These inputs
define a simulation-based traffic environment, implemented through a DNL model
such as SUMO or CTM, which aims to capture the complexity of real-world traffic
dynamics. This environment interacts with a multi-agent DRL model, typically based
on DQL, in which vehicles of different modes are represented as agents. Agents make
en-route decisions by selecting actions (e.g., outgoing links) that maximize expected

Fig. 5 Schematic illustration of a multi-agent DRL model
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cumulative rewards, such as minimizing generalized travel costs, based on feedback
from the simulator. Model parameters can be continuously updated as new real-world
data become available. Building on concepts from theMM-DTA literature reviewed in
the previous section, the proposed framework distinguishes agents by mode type and
allows for mode-specific reward functions (see Eqs. 3 and 5). Modal split mechanisms
can be introduced at designated activity nodes where mode changes are permitted,
following approaches such as [54]. Interactions between different modes can be fur-
ther captured using mean-field DQL, enabling the representation of multimodal trips
in metropolitan networks.

5.5 Future Research

While recent DRL-based traffic models show promise, several directions remain open
for improving their realism and practical relevance. Future work may focus on better
use of real-world data, richer state and action representations, more realistic reward
formulations, and improved integration with traffic simulation and DNL models.

5.5.1 Use of Real-World Data

One important direction is the increased use of real-world data to better reflect actual
traffic conditions and traveler behavior. Most studies summarized in Table 7 rely on
synthetic demand generated by DNL models or traffic simulators, and only a small
number incorporate observed traffic data. Real-time traffic measurements, as well
as demographic and socio-economic information, could help capture heterogeneity in
travel behavior and improve external validity. Incorporating population-based datasets
may allow agents to learn behavior that is more representative of real travelers rather
than stylized drivers.

5.5.2 State Representation and Real-Time Information

Another avenue concerns the state representation of DRL agents. Many models
assume full compliance with recommended routes. This is reasonable for connected
or autonomous vehicles, but less so for human drivers. Incorporating real-time infor-
mation (e.g., congestion, incidents, weather, events) could better capture deviations
between assigned and realized behavior. Despite its practical relevance, such integra-
tion inMM-DTA and DRL-based models remains limited, indicating scope for further
research.

5.5.3 Mode Choice and Mode Shifts

Despite the multimodal nature of urban transport systems, mode shifts are rarely
modeled explicitly in current DRL studies. Extending action spaces to include mode-
specific decisions, such as switching between private vehicles and public transport
or park-and-ride options, could improve behavioral realism. Mode changes could be
modeled at designated transfer locations, such as transit stops or parking facilities,
following approaches used in conventional MM-DTA studies.

123



Operations Research Forum             (2026) 7:58 Page 31 of 37    58 

5.5.4 Reward Design

Most DRL-based traffic models use travel time as the primary reward signal. Future
work could explore richer, mode-specific reward functions that also reflect factors
such as operating costs, comfort, reliability, safety, or environmental impacts. Intro-
ducing rewards or penalties for transfers or mode changesmay further support realistic
multimodal decision-making.

5.5.5 Traffic simulation and Dynamic Network Loading realism

Model realism also depends on the quality of the underlying traffic simulator or DNL
model. Future researchmaybenefit fromcloser integrationbetweenDRLandadvanced
DNL formulations that capture spillback, queue interactions, and heterogeneous traffic
more accurately.Relatively littleworkhas addressedDNLmodels that jointly represent
motorized and non-motorized traffic, which remains an open research area.

5.5.6 Interactions Across Mode Types

Finally, interactions between different transportation modes deserve further attention.
While some DRL studies account for interactions among agents of the same mode,
cross-mode interactions are rarelymodeled explicitly. Extendingmulti-agent or mean-
field DRL frameworks to distinguish between mode-specific agent groups could help
capture the complex interactions observed in real-world multimodal traffic systems.

6 Conclusion

This survey reviews recent advances inMM-DTAwith the objective of identifying how
existing models can evolve toward (i) multimodal, service-oriented mobility systems
and (ii) stronger integration with real-world conditions. In particular, the paper makes
the following contributions:

• It provides an overview ofMM-DTAmodels, covering conventional formulations,
mixed-traffic representations, and emerging DRL approaches.

• It compares modeling choices across modes, including route and mode choice,
traffic flow dynamics, interaction mechanisms, and equilibrium concepts.

• It reviews DRL-based traffic flow and routing models formulated as Markov rout-
ing games, focusing on agent design, state–action spaces, rewards, and scalability.

• It identifies challenges in multimodality, scalability, and the simulation-to-reality
gap, and outlines directions for integrating data-driven learning into MM-DTA.

The literature shows that MM-DTA frameworks have significantly advanced in
representing heterogeneous traffic through mode-specific characteristics, such as pas-
senger car equivalents, free-flow speeds, reaction times, occupancy rates, discomfort
penalties, and the explicit modeling of cross-mode interactions. Combined with
improved route and mode choice models, these models enable detailed analysis of
multimodal networks involving private vehicles, public transport, and shared mobility
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services. However, most applications remain strategic, rely on offline demand, and are
tested mainly on small to medium-sized networks.

Recent DRL-based approaches model traffic assignment as a stochastic routing
game, where agents learn en-route decisions by interacting with a simulated envi-
ronment. These methods relax assumptions of perfect information and fixed routing
behavior, allowing travelers to respond dynamically to congestion and network con-
ditions. While most DRL applications remain limited in scale and modal scope,
extensions such as dueling networks, actor–critic methods, and mean-field formula-
tions show potential for improving scalability, stability, and behavioral realism in large
populations of interacting agents. Across both conventional andDRL-basedMM-DTA
models, scalability and realism remain key challenges. Large-scale applications often
rely on aggregation, simplified action spaces, or external simulation engines to remain
computationally tractable, while most models continue to depend on stylized demand
and limited integration of real-time data. Addressing these limitations will require
closer coupling between MM-DTA frameworks and empirical data sources, richer
state representations incorporating real-time traffic information, and reward structures
aligned with multimodal service quality and system-level objectives.

Overall, MM-DTA has evolved into a flexible framework for multimodal transport
analysis, while DRL offers promising tools for adaptive traffic management. Future
research may benefit from further exploring how the structural rigor of MM-DTA can
be complemented by the adaptive capabilities of DRL to develop scalable, data-driven
models that better support traffic management, infrastructure planning, and policy
evaluation in increasingly complex mobility systems.

Appendix 1. List of Acronyms

Below we list the acronyms used in this paper, in alphabetical order.

AC Actor-critic
AV Autonomous vehicles
CTM Cell transmission model
DDQN Dueling deep Q-network
DNL Dynamic network loading
DQL Deep Q-learning
DRL Deep reinforcement learning
FIFO First-in-first-out
FPP Fixed-point problems
HDV Human-driven vehicles
LP Linear programming
LTM Link transmission model
MITSIM Microscopic traffic simulator
MM Multimodal
MM-DTA Multimodal dynamic traffic assignment
MP Mathematical programming
MRG Markov routing game
NLP Non-linear programming
OD Origin-destination
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PCE Passenger car equivalent
PQM Point-queue model
P&R Park-and-ride
PT Public transport
RH Ride-hailing
SO System optimum
SQM Spatial-queue model
STA Static traffic assignment
SUE Stochastic user equilibrium
UE User equilibrium
VI Variational inequalities

Appendix 2. Notation

This appendix summarizes the notation used in the paper.

Symbol Description

Multimodal dynamic traffic assignment
Indices, sets, and mappings
r , s Origin and destination
i, j Nodes, links, or cells
t, n′ Departure time, arrival window
m Mode or vehicle class
k Path index
l, a Transit line, access/transfer link
M, Prs

m , Li , Ai Sets of modes, paths, transit lines, and access links
j(·) Downstream node mapping
Demand, flow, and capacity
qrst , qrsm,t , qrsm,k,t , qm,i,t , qU ,i,t Flows (total, mode, path, link/cell, upstream)
pl , fl Boarding probability, service frequency
vFm , vFslow, vm,i,t , vSi Speed (class and slow free-flow, actual, shockwave)
βm Free-flow speed ratio
ρm,i,t , ρ

p
m , ρ Density (class, perceived, vector)

αm , α Space allocation (scalar, vector)
Em Passenger car equivalent
Qm,i,t , Qi,t , Qi Capacity (class, effective, nominal)
�m , �slow Vehicle length (class-specific, slow vehicle)
�tm , τ̃i Reaction and disturbance time
ηi,t , ν Slow-vehicle share and capacity reduction
Travel cost components
wrs
m,k,t , wrs

m,n′,t , wa , wl Travel and waiting time

crsm,k,t , crsm,n′,t Generalized cost/disutility

μrs
m,t , Vi Minimum cost and cost-to-go

t∗, τ rsm,n′,t Preferred and realized arrival time

�rs
m,k,t Additional cost

δrsk , δrsRH,k,t , δP,i , δrsm , δrsFB Monetary costs (PT, RH, parking, operating, feeder bus)
κrsk,t (n), n, σ rs

k,t Carpooling impedance, group size, and crowding costs
drsm Distance
ξ Car accessibility
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Symbol Description

λTT, λL, λE, λC, λD, λ0,t , λ0,m,t Disutility parameters and constants

n′ (·) Schedule-delay function
θ Logit scale parameter
Deep reinforcement learning
i ∈ N Agent index
st , st+1 ∈ S Current and next-state
at , ai , a′

i ∈ A Actions (current, agent-specific, next-state agent-specific)
āi , ā′

i Mean neighboring action (current and next-state)
rt Reward
γ Discount factor
α Learning rate
oi , o′

i ∈ Oi Observations of agent i (current and next-state)
c ∈ C Agent class index
S, A, O, C, N Sets of states, actions, observations, classes, and agents
Q(s, a), V (s), Â(s, a), L(θ) Functions (action–value, state–value, advantage, loss)
π(at | st ) Policy (action distribution overA)
μi , μ∗−i Policies (agent i , and population excluding i)
θ, θ−, θ1, θ2 Network parameters (Q, target, value, advantage networks)
E[·] Expectation (over stochastic transitions/policies)
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