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Reinforcement Learning With Model Predictive
Control for Highway Ramp Metering

Filippo Airaldi , Bart De Schutter , Fellow, IEEE, and Azita Dabiri

Abstract— In the backdrop of an increasingly pressing need
for effective urban and highway transportation systems, this
work explores the synergy between model-based and learning-
based strategies to enhance traffic flow management by use of
an innovative approach to the problem of ramp metering control
that embeds Reinforcement Learning (RL) techniques within
the Model Predictive Control (MPC) framework. The control
problem is formulated as an RL task by crafting a suitable
stage cost function that is representative of the traffic conditions,
variability in the control action, and violations of the constraint
on the maximum number of vehicles in queue. An MPC-based
RL approach, which leverages the MPC optimal problem as a
function approximation for the RL algorithm, is proposed to
learn to efficiently control an on-ramp and satisfy its constraints
despite uncertainties in the system model and variable demands.
Simulations are performed on a benchmark small-scale highway
network to compare the proposed methodology against other
state-of-the-art control approaches. Results show that, starting
from an MPC controller that has an imprecise model and is
poorly tuned, the proposed methodology is able to effectively
learn to improve the control policy such that congestion in the
network is reduced and constraints are satisfied, yielding an
improved performance that is superior to the other controllers.

Index Terms— Ramp metering, reinforcement learning, model
predictive control.

I. INTRODUCTION

OVER the past decades, the need for urban and highway
transportation has become significantly relevant to our

society. Extended travel times (primarily spent in traffic jams),
impact on stress levels and pollution are but a few examples
of the negative effects due to high demands for mobility that
traffic engineers are facing nowadays [1], [2]. In particular, the
necessity for advanced intelligent traffic control strategies is
arising as the construction of new infrastructure and upgrades
to the existing one become increasingly unsustainable, both in
economical, environmental, and societal terms [3], [4].

Ramp metering (RM) control has been proven to be an
effective tool in regulating the traffic flow entering the network
at on-ramps [5]. It consists in modulating the flow at an
on-ramp via traffic lights with appropriate timings of red,
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green, and amber lights. Earlier approaches were fixed-time,
i.e., the timings were calculated offline with the help of
historic traffic data [6]. More efficient strategies involve real-
time measurements of the traffic conditions, enabling online
computation of the timings in a traffic-responsive way. In these
cases, the underlying algorithms range from simpler feedback
strategies [7], [8], [9] to more complex architectures, such
as Model Predictive Control (MPC) [10], [11], [12] and
Reinforcement Learning (RL) [13], [14]. One of the primary
research challenges in RM today is the design of strategies
that can control the entering flow in a way that effectively
balances congestion in the freeway and the queue length at
the on-ramp, two often conflicting goals [15], [16]. Most
strategies deployed on actual ramps are either feedback-based
local policies, which are inherently myopic, or model-based
policies and, as such, are vulnerable to model inaccuracies and
thus require precise identification of traffic parameters, as well
as an attentive assessment of their efficacy [17]. Conversely,
data-driven approaches, which are one of the main focuses
of current research, typically necessitate extensive datasets of
real or synthetic traffic data for training.

In modern control literature, MPC is an established
control paradigm whose appeal can be attributed to its
strong theoretical foundations, a diverse array of applications,
as well as its remarkable capability to manage multivariate
and constrained systems [18]. Its versatility further allows
for alternative formulations that can systematically handle
disturbances affecting the system, e.g., in a robust [19] or
a stochastic [20] manner. Unlike other black-box or purely
data-driven approaches, MPC-based control strategies often
maintain a high degree of explainability and interpretability,
which is especially favourable in settings where constraint
satisfaction is critical. These properties are in part thanks to the
prediction model that the MPC scheme contains, which allows
it to forecast the dynamical evolution of state trajectories along
the time horizon, and which is often designed by domain
experts.

Nonetheless, it is well known that the performance of such
predictive controllers is heavily bound to the quality of the
prediction model, which calls for a high level of expertise
during the system identification phase. In an attempt to counter
this limitation, driven by the recent surge in advancements
in Machine Learning (ML) algorithms and facilitated by the
growing computational and sensing capabilities of digital
systems, there is currently a substantial body of research
dedicated to learning-based control methodologies that offer
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ways of leveraging open- or closed-loop data to, e.g.,
synthesize models and controllers, or enhance existing ones.

Amongst these methodologies, one of the most notable
approaches is Reinforcement Learning (RL), a paradigm
of ML that has gained substantial attention due to its
advancements and successes. It provides a framework that
allows to train an agent to interact with an unknown
environment and to make decisions to maximise rewards or
minimise costs [21]. The popularity in the contemporary ML
community tends to favour its model-free variants that rely
solely on observed state transitions and stage cost realisations
to increase the performance of the control policy. Early RL
focused on tabular approaches that enjoy simplicity, some
degree of interpretability, and convergence guarantees, but they
are only applicable to small and simple environments [22],
and are often limited in handling larger state spaces, exhibit
slow convergence, and struggle to generalize. As the field
progressed, researchers recognized the potential of function
approximators and, in particular, of Neural Networks (NNs)
[23], leading to the development of Deep RL (DRL). However,
while DRL has demonstrated great efficacy [24], its NN-based
policies generally lack interpretability, and the integration of
prior knowledge (e.g., from domain experts) is still difficult.
Thus, providing formal guarantees on properties relevant to
a controller, such as stability and constraint satisfaction,
in the context of NN-enhanced control architectures is one of
today’s challenges in the field. Additionally, existing model-
free approaches are usually plagued by sample inefficiency
and poor real-world performance, since they are often trained
offline in approximate simulators and require large amounts
of data for meaningful converge [25].

At the same time, on the other side of the coin, the
control community is also dedicating efforts in integrating
data-driven techniques with control systems in more structured
ways, fostering methodologies that aim to learn various
components of a controller directly from data [26], [27].
The goals include, e.g., reducing model uncertainties and the
impact of disturbances, improving closed-loop performance
and battling conservativeness, or promoting robust control
policies with guarantees on constraint satisfaction. Notably,
learning-based MPC methodologies [28] have been devised
to, e.g., leverage Gaussian Process regression to learn
unmodelled nonlinear dynamics in the prediction model
via state transition observations [29], or use Bayesian
Optimisation to automatically tune and optimise the controller
hyperparameters [30]. In the literature, MPC has been
successfully combined also with RL, e.g., as a safety filter for
the learning-based agents (also called shielding) [26], [31], as a
model reference and baseline control provider [32], [33], and
to solve mixed-logical control problems more efficiently [34].

Recently, [35] proposed and justified the use of MPC as
function approximation of the optimal policy in model-based
RL. Fig. 1 depicts a schematic overview of this architecture.
In such a scheme, the MPC controller’s optimisation problem
acts both as policy provider and value function approximation
of the RL task. Concurrently, the learning algorithm (such
as Q-learning and stochastic/deterministic policy gradient) is
tasked with adjusting the parametrisation of the controller

in an effort to directly or indirectly discover the optimal
policy, thus improving closed-loop performance in a data-
driven fashion. In this way, despite the presence of mismatches
between the prediction model and the real system, the MPC
control scheme is able to learn and deliver at convergence
the optimal policy and value functions of the underlying RL
task, granted the MPC parametrisation is rich enough. Unlike
the more traditional pipeline, where a system identification
phase (which selects model parameters that match the
system’s behaviour with observed data by, e.g., minimizing
the predicted mean-squared-error) is followed by the controller
design (possibly, iteratively), this approach directly tunes the
parametrisation to maximize performance, irrespective of the
controller’s predictive accuracy. Such a rationale is often
called Identification for Control, and advocates that the best
parametrisation for control shall not yield the best predictions,
but rather the best performance on the true system [30], [35],
[36]. In contrast to NN-based RL, the key advantages of the
approach adopted in this paper are multiple:
• The MPC scheme at its core allows to easily integrate

prior information on the system in the form of an expert-
based, possibly imperfect, prediction model.

• MPC-based agents are in general more amenable to
analysis and certification in terms of stability and con-
straint satisfaction, a benefit supported by the extensive
body of literature on MPC [18]. Although challenging
and beyond the scope of the proposed approach, it is
possible to ensure that theoretical properties, such as
stability, recursive feasibility and constraint guarantees,
are preserved during the RL learning process [36], [37].
On the other hand, NNs are notoriously black-box, lack
interpretability, and often provide no guarantees prior to
convergence.

• MPC controllers can also take constraints on states and
actions into account in an explicit and structured way,
which NNs are generally incapable of or can do poorly.

Compared to traditional non-learning MPC formulations, the
proposed approach enjoys the following benefits:
• The need for extensive open-loop data collection

and system identification phase is eliminated, as the
MPC parametrisation is automatically adjusted based
on closed-loop data to improve performance, rather
than prediction accuracy. This bypasses the issue of
model inaccuracies and endows the scheme with online
adaptation capabilities.

• By appropriately penalising constraint violations, the RL
algorithm can guide the learning process to produce an
MPC policy that satisfies system constraints.

All combined, these advantages can foster a safer training
where the agent may enjoy a more stable and constraint-
abiding learning process, opening up in the future the
possibility of training directly in the real world [25], and
contributing to the suitability of this framework for the
RM control problem. In particular, the proposed MPC-RL
method automatically learns from data a policy that optimally
balances congestion and queue lengths, without requiring
further manual tuning. This bypasses the issue of model
inaccuracies in traffic predictions, which are often the primary
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Fig. 1. Diagram of the MPC-based RL architecture.

concern in non-myopic control strategies. It also embeds
adaptivity in the RM strategy in the face of stochasticies
(e.g., demand forecasts or the behaviour of drivers can vary
significantly across different cities or countries, meaning
that system identification performed in one region may not
generalise well to another). Besides, we stress again that
improving the accuracy of the prediction model may not
necessarily result in a better closed-loop performance. Hence,
this framework allows for improvements to the control policy
without focusing on nor needing an accurate prediction model
or identification as a separate step in the design process.
Additionally, the approach strengthens constraint satisfaction,
which is crucial in real-world applications like RM control to
avoid critical congested scenarios.

This paper contributes to the state of the art by proposing
a novel approach, which embeds the MPC framework within
an RL algorithm, to tackle the highway RM control problem.
Specifically:

1) To the best of the authors’ knowledge, an MPC-based
RL method inspired by [35] is proposed for the first
time to solve the RM control problem. The method
combines a differentiable parametrised MPC scheme,
which acts as policy provider and function approximation,
with an online second-order Q-learning algorithm. The Q-
learning algorithm adjusts the MPC parametrisation via
gradient updates based only on observed closed-loop data,
allowing to automatically learn a congestion-free and
constraint-abiding control policy. As explained earlier,
this approach overcomes the issue of model inaccuracies
and uncertainties in the MPC and in the context of RM.

2) The proposed RM strategy is then implemented and
tested on a benchmark highway stretch, where it is
trained in an online fashion to simultaneously avoid
bottlenecks and excessive queue lengths at the on-ramp,
incorporating penalties for constraint violations directly
into the MPC objective and the RL reward function.
Simulation results underscore the effectiveness of the
MPC-RL approach. Notably, starting from a poorly
tuned controller with an imprecise prediction model,
the proposed approach demonstrates quick learning in
reducing congestion and satisfying the queue constraint.
These results are further validated with a comparison with
other state-of-the-art traffic controllers, both model-based
and learning-based. Our method empirically outperforms
them in performance and sample-efficiency.

The paper is organised as follows. Section II summarises
relevant works in MPC, RL, and their combination in RM
applications. Background on modelling and controlling traffic
networks via MPC is provided in Section III. Section IV
presents the proposed methodology, showing how MPC can
be combined with RL, as well as explaining the MPC-based
RL algorithm itself. The method is then applied to a numerical
case study in Section V. Finally, Section VI concludes the
paper with some final remarks and future directions.

II. RELATED WORK

Several methods have been proposed to address the RM
problem [3]. In this section, we report and discuss recent
developments in model-based and model-free approaches,
as well as the combination of the two, in comparison to our
proposed methodology.

A. MPC Approaches for Ramp Metering Control

A well-studied approach to tackle RM is MPC. First
formalized in [38], it was deployed for RM [39] and
coordinated traffic control [10], [11], [12], and is still subject
of research, e.g., [40] and [41]. As explained in Section I,
its predictive capabilities make MPC highly desirable, but
at the same time leave it susceptible to model mismatches
and uncertainties. When these disturbances are assumed to be
modelled, one can resort to robust or stochastic formulations
to mitigate their impact, as proposed in, e.g., [42]; however,
such assumptions are in general hard to satisfy in practice, and
the additional computational burden can be taxing. For these
reasons, MPC techniques for traffic control that can adapt to
and circumvent model mismatches and uncertainties are still
a vibrant research area.

B. Model-Free Approaches for Ramp Metering Control

Perhaps the most established RM approach is ALINEA [7],
a local feedback strategy that seeks to maximise freeway flow
in a merging area by keeping the bottleneck density near
critical value. Many extensions have been proposed to enhance
its basic formulation, such as PI-ALINEA, which deals with
distant downstream bottlenecks [8], and FF-ALINEA, which
anticipates the evolution of a bottleneck density [9]. However,
these closed-loop controllers are fixed since they have no
means to adapt their gains to changing conditions, and thus
suffer from, e.g., uncertainties in traffic parameters and poor
tuning. Ways have been devised to automatically account for it,
e.g., via Kalman filtering to estimate the traffic parameters [43]
or based on historic data [44]. Unfortunately, these methods
are still plagued with a fundamentally myopic control strategy,
and either assume that parameters evolve according to a known
observable model, or that a huge amount of offline recorded
data is available and is representative of both current and future
traffic scenarios. Moreover, these feedback methods, alongside
MPC, often need to be paired with a mechanism for traffic
state estimation, enabling them to respond to real-time traffic
behaviour [45].

More recently, RL has gained popularity thanks to its
ability to automatically learn an optimal policy solely by
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interacting with the environment, addressing the issue of
uncertain and unknown dynamics. Earlier works adopted
tabular Q-learning for the RM problem [46], [47], [48].
However, with function approximations becoming more and
more predominant, especially NNs, DRL algorithms have
emerged as a relevant alternative to model-based controllers.
In [13], different policy gradient DRL algorithms are deployed
in freeway control and compared. While results are promising,
the issue of state constraints is not addressed, especially
on the queue length, which should be contained to avoid
spillback [3]. This is a fundamental issue in RL, since these
algorithms can often be made aware of the presence of
constraints only when violations occur and are appropriately
penalised in the reward, whereas MPC can handle constraints
explicitly in its formulation. In [14] it is proposed to use a
combination of offline historic data and online synthetic data in
an iterative way to avoid the RL model from being trapped in
an inaccurate training environment. This work underscores the
severe impact of high-quality data on the RL learning process,
and raises the question of whether research efforts might be
more effectively directed towards the development of online
model-based learning algorithms that can learn directly from
closed-loop interactions with the target environment while
addressing constraints more explicitly. DRL has also facilitated
the advancement of multi-agent solutions [49], which are
especially useful in large-scale highway control problems.
However, in addition to the aforementioned issues, multi-agent
RL must also address the nonstationarity of its learning targets.

C. Combination of MPC and RL for Ramp Metering

The use of learning-based MPC schemes for traffic
management has been investigated in the recent literature. For
instance, [50] shows how recurrent NNs can be used to predict
traffic behaviour, and [51] proposes to adopt such a network
as prediction model in their MPC scheme.

Nonetheless, to the best of the authors’ knowledge, the
combination of MPC and RL in traffic control has received
scarce attention, with [52] and [53] the only relevant
works. Therein, an MPC-DRL architecture is proposed that
hierarchically combines the two controllers: the high-level
MPC controller, which runs at a lower frequency, provides
initial optimality while explicitly incorporating constraints,
whereas the low-level DRL agent operates at a higher
frequency and aims to compensate for model mismatches in
the MPC. The MPC and RL control actions are then linearly
combined together and fed to the freeway environment as a
unique control input.

Given that the final control signal is a summation of
an optimisation-based one and a learning-based one, it is
anticipated that the resulting policy may not always be able to
prevent constraint violations, particularly early in the training
process. However, a benefit of [53] compared to the proposed
methodology is the higher control frequency at which the
DRL policy is run, granting quicker control response. This
is especially advantageous in applications with fast dynamics,
although traffic systems are typically slow, with sampling
times up to tens of seconds. Note that the slower control

frequency of our method is not inherently limiting as, with
the improving hardware capabilities and faster solvers in
recent years, increasing this frequency is feasible. The two
methodologies also differ in computational complexity. While
our approach is more demanding during the online training
phase due to the need to solve the MPC problem twice per time
step, it becomes more efficient at deployment, as it requires
only one MPC calculation per time step [35]. In contrast, [53]
runs both the MPC and DRL policies at every step, leading
to higher computational costs at inference. Moreover, note
that if training is performed offline, e.g., via an off-policy
algorithm, then the additional computational burden of our
method becomes irrelevant to online performance.

D. Comparison With Proposed Methodology

Compared to feedback strategies such as ALINEA, the
MPC-based RL framework [35] we propose to use for RM
leverages as its core an MPC controller, which, thanks to
its predictive capabilities, can yield non-myopic policies.
At the same time, its RL module allows to automatically
adjust the MPC controller, and thus, it circumvents some of
the challenges that conventional MPC typically struggles to
address, i.e., model misspecifications and poor identification
and tuning. This framework also boasts a higher degree of
interpretability, better handling of constraints and integration
of prior knowledge compared to other model-free RL methods.
Furthermore, in contrast to [53], only one policy provider
(the differentiable MPC controller itself) is present. For this
reason, as remarked in Section I, this approach has the
potential to result in fewer or no constraint violations at all
depending on, e.g., the complexity of the underlying model
and objective and the presence or lack of uncertainties [36],
[37]. Likewise, at deployment, the proposed method relies only
on the learnt MPC problem, whereas the method from [53]
must additionally compute the output from the NN actor.

III. BACKGROUND

Three preliminary components are necessary to illustrate
the proposed MPC-RL control method. First, a modelling
framework must be employed to build a representation of
the dynamical behaviour of the highway network, and how
RM can influence it to prevent, e.g., bottlenecks and spill-
backs. Then, we report a classical formulation of MPC for
this task that makes use of such a model, and propose some
modifications to it that are relevant to this work. Lastly, the
essential concepts of RL are briefly introduced.

Notation The set of indices {1, . . . , N } ⊆ N is denoted
as N . Vector quantities are in bold. Inequalities on vectors
are applied element-wise. To avoid confusion when other
subscripts are present, dynamic quantities (e.g., ρ) at time
step k can be also referred to as, e.g., ρ j (k). The i-th index
of predicted quantities based on the information available at
time step k are denoted as, e.g., ŷi |k .

A. METANET Modelling Framework

Based on the traffic phenomena to investigate, different
approaches to modelling a highway network exist [54]. In this
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paper, the macroscopic second-order METANET framework is
employed to obtain a discrete-time dynamical representation of
the behaviour of highway traffic under RM control. Proposed
as a simulation tool in [55] and [56], it made one of its first
appearances in combination with MPC in [12] and [39], and
has since been extended to cover several phenomena and traffic
measures [57], [58].

In the remainder of this section, the basics of METANET
are introduced. In this framework, a network is represented as
a directed graph where each segment (a continuous stretch of
highway with homogeneous properties) is modelled as an arc,
and origins are represented as nodes. Virtual nodes are also
employed to separate segments with heterogeneous properties
(e.g., due to a lane drop). We assume the network consists
of |S| segments and |O| origins, where S and O are the sets
of indices of segments and origins, respectively. At time step
k, segment j ∈ S is characterized by its traffic density ρ j (k)
and a mean speed v j (k), which form its state. Conversely,
origin o ∈ O is characterized by the queue length wo(k).
In the destination-independent variant, the evolution in time
of segment states is described by the following equations:

ρ j (k + 1) = ρ j (k)+
T

L jλ j

(
q j−1(k)− q j (k)+ ro(k)

)
, (1)

v j (k + 1) = v j (k)+
T
τ

(
Ve

(
ρ j (k)

)
− v j (k)

)
+

T
L j
v j (k)

(
v j−1(k)− v j (k)

)
−
ηT
τ L j

ρ j+1(k)− ρ j (k)
ρ j (k)+ κ

−
µT ro(k)v j (k)

L jλ j
(
ρ j (k)+ κ

) , (2)

q j (k) = λ jρ j (k)v j (k), (3)

Ve
(
ρ(k)

)
:= vfree exp

(
−

1
a

(
ρ(k)
ρcrit

)a)
, (4)

where T is the sampling time, L j and λ j are respectively the
length of the segment and its number of lanes, (3) describes the
traffic flow q j (k) of segment j at time step k, (4) is the well-
known equilibrium speed formula, and τ, η, κ, µ, a, ρcrit, vfree
are model parameters describing different quantities and
phenomena. In particular, ρcrit indicates the traffic density
at which traffic flow transitions from free-flow conditions to
congested conditions. At this density, the flow rate of vehicles
through the network is at its maximum, and any increase in the
number of vehicles beyond this point results in reduced speeds
and increased congestion. The free-flow speed vfree describes
instead the speed at which vehicles can travel when the road
is not congested or disrupted, i.e., it is the maximum speed
that vehicles can achieve on a particular segment under low
traffic volumes. Lastly, ro(k) is the incoming flow generated
by origin o connected to segment j ; if none is connected, it is
null. In these equations, the index j − 1 refers to the segment
upstream of j , and j + 1 to the segment downstream. For
origins, the queue length evolves as

wo(k + 1) = wo(k)+ T
(
dwo (k)− ro(k)

)
, (5)

where the origin’s demand dwo (k) acts as an uncontrollable
external input affecting the queue dynamics. This work is
mainly concerned with on-ramps; however, different types of
models for origins exist, and interested readers are referred
to [57]. Having defined the queue length as in (5), the on-
ramp flow can be computed as

ro(k)= r̃o(k)min
{

dwo (k)+
wo(k)

T
,Co,Co

(
ρmax − ρ jo(k)
ρmax − ρcrit

)}
,

(6)

where Co is the capacity of the origin, ρ j0(k) is the density
of the segment jo that is connected to this ramp, and ρmax
is the maximum density segments can withstand (assumed
here independent of index jo, for sake of simplicity). Lastly,
r̃o(k) ∈ [0, 1] is the metering rate control action, which allows
modulating the entering ramp flow to prevent, e.g., congestion
and spillback. However, to avoid numerical issues in the MPC
gradient-based solvers due to the min operator in (6), which
can cause the gradient to be zero over a vast region of the
state-action space, it is more efficient to control the ramp
flow ro directly. This requires imposing the additional terms
in (6) as constraints on the control action, as shown in the
next subsection.

Finally, the downstream boundary conditions are here
considered to be affected by congestion, i.e., the highway
segment ji that ends in destination i ∈ D is subject to the
(virtual) downstream density modelled in [11] as

ρ ji+1(k) = max
{

min
{
ρ ji (k), ρcrit

}
, dρi (k)

}
, (7)

where D is the set of destination indices, dρi (k) models the
congestion density of destination i , and is regarded as another
external disturbance.

In a more concise formulation, the states, actions and
external factors at time k can be lumped in vectors as

xk =
[
ρ1(k) . . . ρ|S|(k) v1(k) . . . v|S|(k)

w1(k) . . . w|O|(k)
]⊤
, (8)

uk =
[
r1(k) . . . r|O|(k)

]⊤
, (9)

dk =
[
dw1 (k) . . . dw

|O|(k) dρ1 (k) . . . dρ
|D|(k)

]⊤
,

(10)

respectively. Then, the METANET framework can be exploited
to build the nonlinear dynamics

xk+1 = f (xk, uk, dk), (11)

where f : Rnx × Rnu × Rnd → Rnx , with nx = 2|S| + |O|,
nu = |O|, nd = |O| + |D|. The next section details how these
dynamics can be used in designing a model-based controller.

B. MPC for Ramp Metering Control

In what follows, the classical MPC-based paradigm for the
RM control problem is presented and summarised.

MPC [18] is a well-known control framework for dynamical
systems that is based on the formulation of a finite-horizon
optimal control problem, consisting of three fundamental
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pillars: the prediction of the evolution of the system’s
dynamics over a finite window, a suitable objective function to
be minimised along this prediction window, and the inclusion
of constraints on state and/or action variables. The first is
typically achieved by means of a (often approximate) model of
the system’s behaviour, which is used to simulate the evolution
of the states along the window. The second is a function that
quantifies the performance of the controller and is often a
trade-off between conflicting objectives. Thirdly, MPC allows
to systematically integrate into its structure constraints on the
states and/or actions, thus yielding policies that are able to
take these constraints into account in an optimal way. On the
whole, the framework offers quite a degree of flexibility, and it
is unsurprising that it lends itself also to RM control problems.

We define the MPC prediction horizon Np and the control
horizon Nc ≤ Np/M , where M is a natural number to
distinguish the process timescale T from the controller
timescale Tc = T/M . In other words, the process runs M
times faster than the controller, with the MPC being solved
only every M time steps (instead of at each time step). Once
solved, the first optimal action is then applied for the next M
time steps, in a receding horizon fashion. Therefore, in the
MPC controller timescale, control action indices are indicated
as ic and can be related to indices i of the dynamics timescale
as ic(i) = min {⌊i/M⌋ , Nc − 1}.1 Additionally, we define a
constrained RM control scenario by imposing at time step k,
for the on-ramps in the network, the constraint

wo(k) ≤ wmax, ∀o ∈ O, (12)

where wmax represents the maximum queue length the ramps
should experience. For the sake of simplicity, it is assumed
here that wmax is independent of the index o, and that all
queue lengths are subject to this constraint, though it could
be readily applied to only a subset of them. As mentioned
in Section II, this is usually done to prevent spillback, and
similarly constrained scenarios can be found in, e.g., [12]. This
constraint is not to be considered hard, but we favour control
strategies that are able to satisfy it, if not always, at least for
most time steps.

Altogether, given the current state xk of the network, the
MPC controller is given by

min
X̂k ,Ûk ,6

Np∑
i=0

LT(x̂i |k)+ ξ

Nc−1∑
i=0

LV(ûi |k)+

Np∑
i=0

ζ⊤i σ i (13a)

s.t. x̂0|k= xk, (13b)
x̂i+1|k= f (x̂i |k, ûic(i)|k, dk), i = 0, . . . , Np − 1,

(13c)
h(x̂i |k, ûic(i)|k)≤ 0, i = 0, . . . , Np, (13d)
g(x̂i |k, σ i )≤ 0, i = 0, . . . , Np, (13e)
σ i≥ 0, i = 0, . . . , Np, (13f)

where the optimisation variables are the actions and states
along the MPC control and prediction horizons, and the slack

1This definition of ic(i) entails that the last action is kept constant for the
remainder of the prediction horizon, a common choice in literature, though
more complex solutions could be employed.

variables (whose purpose is explained later in the section),
respectively in order

X̂k =
[

x̂⊤0|k . . . x̂⊤Np|k

]⊤
∈ Rnx(Np+1), (14)

Ûk =
[
û⊤0|k . . . û⊤Nc−1|k

]⊤
∈ Rnu Nc , (15)

6 =
[
σ⊤0 . . . σ⊤Np

]⊤
∈ R|O|(Np+1), (16)

where X̂k and Ûk are defined in analogy to (8) and (9)
respectively, and σ i collects the slack variables at the
predicted step i corresponding to all on-ramps, i.e., σ i =[
σ 1

i . . . σ
|O|
i

]⊤
. As aforementioned, once this optimisation

problem is solved, we apply the optimal control action û⋆0|k
from time step k to k + M − 1, as per the receding horizon
approach.

The objective (13a) comprises three terms. The first is the
total time spent (TTS), a metric frequently used to quantify
efficiency of traffic control, defined as LT : Rnx → R

LT(xk) := T

∑
j∈S

L jλ jρ j (k)+
∑
o∈O

wo(k)

 . (17)

The second term of (13a) is a cost proportional to the
variability of the inputs along the control horizon, where
LV : Rnu → R is

LV(uk) :=
∑
o∈O

(
ro(k)− ro(k − 1)

Co

)2

. (18)

Lastly, the third term in (13a) acts as a penalty for the slack
variables. The nonnegative weights ξ ∈ R and ζ i ∈ R|O|,
i = 0, . . . , Np, govern the trade-off between these three terms
and are selected by the designer so as to encode the desired
behaviour of the controller [10]. Section IV will show how
these parameters (under the new symbols θV and 2C), together
with others, can be adjusted automatically via RL instead of
having to be specified manually.

In (13d) and (13e), h : Rnx × Rnu → R4|O| and g : Rnx ×

R|O|→ R|O| correspond to all the inequality constraints to be
imposed in the MPC problem. In particular, they are defined
as

h(xi , uic) :=
[
h1(xi , uic)

⊤ . . . h|O|(xi , uic)
⊤
]⊤
, (19)

g(xi , σ i ) :=
[
g1(xi , σ i ) . . . g|O|(xi , σ i )

]⊤
, (20)

where

ho(xi , uic) :=


−ro(ic)

ro(ic)− Co

ro(ic)− dwo (i)−
wo(i)

T
ro(ic)− Co

(
ρmax − ρ jo(i)
ρmax − ρcrit

)
 , ∀o ∈ O,

(21)
go(xi , σ i ) := wo(i)− wmax − σ

o
i , ∀o ∈ O, (22)

and we have dropped the dependency on i in ic for readability.
The constraints ho(xi , uic) ≤ 0 emulate the behaviour of (6)
and prevent the control action from assuming invalid values.
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The constraints go(xi , σ i ) ≤ 0 instead incorporate the queue
requirements (12) into the MPC controller as soft constraints,
where σ k ≥ 0 is a slack variable whose purpose is to relax the
constraint in order to avoid infeasibility issues, and so it must
be appropriately penalised in the objective (13a). We opt for
a soft constraint because 1) it is assumed that small violations
to this constraint, although undesired, are tolerable, and 2) we
need a mechanism to both relax constraints during the learning
process and penalise violations in order to inform the agent
about policies that violate constraints and ones that do not.

Note that in (13b) we assume that the current process state
xk is fully measurable. If this is not the case, an observer is
required to provide an estimate of it. Likewise, in (13c) we
assume the external inputs dk to be fully known. If this is not
the case, a forecast of the evolution of these quantities along
the MPC horizon is required.

C. Reinforcement Learning

To better understand how MPC can be integrated with RL,
a brief introduction to the latter is here provided. In what
follows, we abide by the canonical RL approach [21]. Given
the continuous state s and action a, a discrete-time Markov
Decision Process with state transitions s a

−→ s+ and underlying
conditional probability density

P
[
s+ | s, a

]
: Rns × Rns × Rna → [0, 1] (23)

is used to model the discrete-time system dynamics. The
performance of a given deterministic policy πθ : Rns → Rna

parametrized in θ ∈ Rnθ is defined as

J (πθ ) := E

[
∞∑

k=0

γ k L
(
sk, πθ (sk)

)]
, (24)

where L : Rns × Rna → R is a stage cost function and γ ∈
(0, 1] the discount factor. The goal of the RL algorithm is then
to find the optimal policy π⋆θ as

π⋆θ = arg min
θ

J (πθ ). (25)

Since it is in general impossible to find and characterise the
true unknown optimal value functions and policy V⋆, Q⋆, π⋆,
function approximation techniques (such as NN and, as in this
paper, MPC) have been employed as a powerful alternative for
tackling problem (25) [23]. Depending on the algorithm, these
allow formulating the approximations Vθ , Qθ , and πθ , which
are then used to solve (25) either directly or indirectly via
iterative gradient updates of the parametrisation

θ ← θ − α∇θ

m∑
i=1

ψ (si , ai , si+1, θ), (26)

where α ∈ R+ is the learning rate, m is the size of the batch of
observations used in the update, and ψ captures the controller’s
performance and varies from algorithm to algorithm. Direct
(or policy-based) methods explicitly parametrise and learn the
approximation πθ of the optimal policy itself. For instance,
policy gradient methods attempt to solve (25) directly by
moving along the gradient of the policy, i.e.,

E
[
ψ (si , ai , si+1, θ)

]
= J (πθ ). (27)

On the other hand, indirect (or value-based) methods opt to
indirectly derive the optimal policy by estimating and learning
the value functions Vθ , Qθ from the underlying RL task, and
implicitly derive the policy from these. A member of this
category, Q-learning learns to approximate the action-value
by solving

min
θ

E
[
∥Q⋆(s, a)− Qθ (s, a)∥2

]
, (28)

with the hope of indirectly recovering the optimal policy from
it. In its first-order recursive (i.e., with m = 1) formulation, θ

is updated via (26) with ψ(si , ai , si+1, θ) = δ
2
i , where δi is

the well-known temporal difference (TD) error:

δi = L(si , ai )+ γ Vθ (si+1)− Qθ (si , ai ). (29)

IV. MPC-BASED RL FOR RAMP METERING

As discussed in Section I, the closed-loop performance of
the MPC controller (13) is dependent on its components,
especially the prediction model. Mismatches in the dynamics
can undermine the ability of MPC to reliably predict the
system behaviour, thus impacting the controller performance
and its ability to avoid constraint violations. The highly
nonlinear nature of the METANET model contributes to
making this issue even more relevant, since the model
calibration requires the application of some nonlinear
technique, e.g., nonlinear least-squares [59]. In what follows,
we show how these shortcomings can be addressed by
leveraging online closed-loop data to learn most of the MPC
parameters automatically via RL.

A. Ramp Metering as an RL Task

To appropriately apply an RL algorithm to the RM task,
we first need to define a proper stage cost L(xk, uk) to quantify
the performance of a policy in controlling the metering,
as per (24). Also referred to as reward in literature (i.e., the
negative of the cost), it defines the overall return that the RL
algorithm must minimise and it encodes the objective that the
designer wants to see minimised by the MPC control policy.
Consider

L(xk, uk) := cTLT(xk)+ cVLV(uk)+ cCLC(xk), (30)

where LC : Rnx → R is

LC(xk) :=
∑
o∈O

max
{
0, wo(k)− wmax

}
. (31)

The first term in (30) penalises the time spent travelling
through the network and waiting in queues, at the current
time step k. This term is representative of the TTS criterion,
which is often the primary target of RM control strategies in
literature. The second term penalises variations of the current
control action ro(k) compared to the previous instant ro(k−1),
and attempts to punish policies that are too jerky in the
input signal. Lastly, the third contribution acts as the RL
counterpart to the MPC soft constraint (22) and penalisation of
the corresponding slack variables in the MPC objective(13a):
it penalises violations of the queue constraint so that the agent
is encouraged to come up with policies that are able to satisfy
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this constraint. Scalars cT, cV, and cC are weights that balance
each term differently, and it is the designer’s task to choose
these in such a way to properly embed the learning objective
in the RL stage cost.2 Next, we delve into how MPC can be
used as function approximation to solve the ramp metering RL
task.

B. MPC as Function Approximation in RL

While the RL stage cost (30) defines and guides the
learning process, a function approximation is needed to
estimate the underlying optimal value and policy functions.
A recurrent candidate for this rule in the literature is NNs.
However, in Section I it was discussed how [35] suggests
the employment of a parametric MPC scheme as function
approximation in the RL problem, and lies the foundations of
its theory. In this paper, we follow this paradigm. In particular,
we choose to parameterise the cost function, the prediction
model as well as some of the constraints in (13). Then, the
RL algorithm is applied to adjust the parametrisation based
on observed state transitions and rewards, in order to achieve
better closed-loop performance in terms of (24).

Consider the MPC controller with parametrisation θ

min
X̂k ,Ûk ,6

Np∑
i=0

γ i
(
θTLT(x̂i |k)+ θ i

C
⊤
σ i

)

+ θV

Nc−1∑
i=0

γ i M LV(ûi |k)+ λθ (x̂0|k)

+

Np−1∑
i=1

γ iℓθ (xk)+ γ
Np0θ (xNp) (32a)

s.t. x̂0|k= xk (32b)
x̂i+1|k= fθ (x̂i |k, ûic(i)|k, dk), i = 0, . . . , Np − 1,

(32c)
hθ (x̂i |k, ûic(i)|k)≤ 0, i = 0, . . . , Np, (32d)
g(x̂i |k, σ i )≤ 0, i = 0, . . . , Np, (32e)
σ i≥ 0, i = 0, . . . , Np. (32f)

with 2C =
[
θ0

C
⊤
. . . θ

Np
C

⊤
]⊤
∈ R|O|(Np+1). Because this

controller acts as function approximation and must be able to
accurately predict the realisations of the RL stage cost along
the prediction horizon, the objective (32a) is devised so as
to mimic (30). Furthermore, note the additional parameterised
terms λθ , ℓθ , 0θ : Rnx → R. These are the learnable initial,
stage, and terminal costs respectively, and serve the purpose
of enriching the parametrisation and facilitating generalisation
across the state-action space. The initial cost is a linear
combination of the state

λθ (xk) :=
∑
j∈S

(
θ
ρ

λ, j
ρ j (k)
ρmax

+ θvλ, j
v j (k)
vmax

)
+

∑
o∈O

θwλ,o
wo(k)
wmax

,

(33)

2In our work, the values for cT, cV, and cC were manually adjusted to
achieve a reasonable learning process.

where ρmax, vmax, wmax are here used as fixed, non-learnable
normalization constants in order to improve the stability of the
learning process. As explained in [35], since our objective is
economic, this initial cost is required in order for the MPC
scheme to recover the optimal policy. Conversely, stage and
terminal costs are chosen to be quadratic quadratic

ℓθ (xk) :=
∑
j∈S

θ
ρ
ℓ, j

(
ρ j (k)− ρsp

ρmax

)2

+

∑
j∈S

θvℓ, j

(
v j (k)− vsp

vmax

)2

+

∑
o∈O

θwℓ,o

(
wo(k)
wmax

)2

, (34)

0θ (xk) :=
∑
j∈S

θ
ρ
0, j

(
ρ j (k)− ρsp

ρmax

)2

+

∑
j∈S

θv0, j

(
v j (k)− vsp

vmax

)2

+

∑
o∈O

θw0,o

(
wo(k)
wmax

)2

, (35)

where densities and speeds are encouraged to track the fixed
non-learnable setpoints ρsp and vsp respectively, and the
queues to be as small as possible. Regarding the METANET
model fθ in (32c), we allow the RL algorithm to adjust
two fundamental parameters in the dynamics, i.e., ρ̃crit and
ã (which in general can differ, during the learning process,
from their counterparts ρcrit, a of the real dynamics). In this
way, the agent is able to partially tune the prediction
model based on performance (24) rather than on system
identification, implying that these learning parameters might
grow to different values compared to the ones belonging to the
true underlying dynamics. Finally, also constraints hθ (32d) get
parameterised, since ρ̃crit appears in it; see (13d) and (21).

Remark 1: In general, a parametrisation that makes use of
quadratic terms with fixed setpoints, as in (34) and (35), can
lead to suboptimal MPC policies in low-demand, free-flow
regimes because it penalises low densities and low speeds as
much as it penalises high densities and high speeds. At the
same time, the theory at the foundation of MPC-based RL
assumes the controller’s parametrisation to be rich enough
to adequately capture the real value function [35]. For this
reason, in this work, we opt for the aforementioned adjustable
quadratic cost terms. That being said, one could envision
more involved and more performing learnable cost terms,
especially in more complex and difficult traffic settings. For
instance, asymmetric penalty functions are a valid choice, e.g.,
a left-sided Huber loss that quadratically penalises high traffic
quantities, but penalises low ones only linearly.

Remark 2: The MPC parameters θT, θV,2C are disjoint
from the RL stage cost weights cT, cV, cC of (30). While they
encode similar notions, there is in general no reason to expect
the values of the former to converge to the values of the latter
during learning. Rather, they will converge to those values that
maximise the controller’s closed-loop performance.
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TABLE I
PARAMETRISATION θ OF THE MPC FUNCTION APPROXIMATION (32)

The whole parametrisation is

θ =
[
ρ̃crit ã θ{T,V} 2⊤C θ

{ρ,v,w}⊤

{λ,ℓ,0}

]⊤
. (36)

Table I shows a summary of the parametrisation, reporting the
scope and the space of each term. As reported in Table II in
the next section, these real spaces are often bounded in order
to avoid undesired consequences, e.g., to preserve convexity of
the parametric cost terms, or to prevent parameters that have
some physical meaning from taking unrealistic values.

Scheme (32) yields the approximation Vθ : Rnx → R of the
value function as

Vθ (xk) = min
X̂k ,Ûk ,6

(32a)

s.t. (32b)− (32f). (37)

The value function (37) satisfies the fundamental equalities of
the Bellman equations [35], so that

Qθ (xk, uk) = min
X̂k ,Ûk ,6

(32a)

s.t. (32b)− (32f), (38)
û0|k = uk .

πθ (xk) = arg min
u

Qθ (xk, u). (39)

In practice, policy (39) is found as the first optimal action
û⋆0|k from the arg min of (37). The goal of this parametrisation
is to give the MPC scheme (32) enough degrees of freedom
to sufficiently adapt to the RL task at hand. The cardinal
point is that θ must be rich enough to allow the scheme to
capture the optimal policy π⋆ [35]. Of course, the choice
of parametrisation is not unique, and other solutions may
be viable: similarly to NNs, where the topology of the
network and the number of neurons and activation functions
to used in each layer are arbitrary, here also different choices
are possible. In the context of RM, the inclusion of some
parameters in θ comes from the knowledge of the system
and its control, e.g., the system’s high sensitivity to the
dynamics parameters a, ρcrit and the cost weights θT, θV, θC.
Other elements of the parametrisation, such as the additional
quadratic terms, are instead dictated by the framework [35]
to ensure a rich approximation scheme. However, unlike NNs,
the benefit of this model-based approach is that knowledge
about the system can be incorporated in the parametrisation
rather trivially. Further discussion on different parametrisations
and their impact on the learning outcome can be found in the
appendix.

Beyond a proper selection of θ , other factors influence the
suboptimality of the MPC-based RL solution. During training,
the RL algorithm can only process a finite amount of data,
whereas theoretical optimality is achieved only as this amount
approaches infinity [21]. The MPC approximation scheme is
also inherently suboptimal due to its nonlinearity, converging
to global optimality only in the asymptotic limit, though the
issue can be alleviated via, e.g., multi-start [18].

C. Second-Order LSTD Q-Learning

In order to adjust the parametrisation θ of (32), a second-
order least-squares temporal difference (LSTD) Q-learning
algorithm [60] is employed to find the policy πθ that minimises
the closed-loop performance. Q-learning is one of the most
well-known indirect, temporal difference algorithms available
in RL. In essence, it searches for the parametrisation that best
fits the action-value function Qθ to the observed data, with the
aim of recovering via this approximation the unknown optimal
Q⋆ and, indirectly from that, the optimal policy π⋆. It has also
shown very promising results in the context of MPC [61]. The
second-order Newton’s method, coupled with an experience
replay buffer of the past observed transitions [62] and a re-
formulation of the Q-fitting problem as a least-squares, ensures
faster convergence and higher sample efficiency compared to
traditional first-order methods. For more details, see [61].

More concretely, given the approximation Qθ (irrespective
of its nature, e.g., MPC, NN, etc.), Q-learning solves the least-
squares Bellman residual problem (28) via the second-order
gradient update

θ ← θ − αH−1 p, (40)

where α ≥ 0 is the learning rate, and the gradient p and
Hessian H are found as

p = −
m∑

i=1

δi∇θ Qθ (si , ai ), (41)

H =
m∑

i=1

∇θ Qθ (si , ai )∇θ Q⊤θ (si , ai )− δi∇
2
θ Qθ (si , ai ),

(42)

with m denoting the experience sample batch size and δi the
TD error (29). The update rule (40) requires differentiation
of the MPC scheme (38) with respect to θ to find ∇θ Qθ

and ∇2
θ Qθ . A nonlinear programming sensitivity analysis

demonstrates how these quantities can be computed through
differentiation of the Lagrangian of (38) [63]. Prior to any
update, the computed Hessian matrix is modified to be
positive-definite by the addition of a multiple of the identity
matrix [64]. Furthermore, to impose lower and upper bounds
on the parameters (as reported in Table II), (40) is cast as the
following optimisation problem

1θ⋆ = arg min
1θ

1
2
1θ⊤H1θ + α p⊤1θ

s.t. θ lb ≤ θ +1θ ≤ θub,

1θ lb ≤ 1θ ≤ 1θub. (43)
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Fig. 2. Structure of the three-segment highway network.

This formulation allows to limit the rate of change of each
parameter with 1θ lb and 1θub. The parametrisation is then
updated as θ ← θ + 1θ⋆. Note that, compared to (32), (43)
adds negligible computational complexity as it is a convex
quadratic problem and is usually solved at a lower, batch-
update frequency (as explained in Section V-A3).

Lastly, as in [36], exploratory behaviour is ensured during
learning by adding to the MPC objective (32a) the perturbation
term q⊤u0, with q randomly chosen from, e.g., a normal
distribution. When properly calibrated, this perturbation on the
first action ensures that enough exploration is added on top of
the policy in order to prevent the Q-learning agent from getting
stuck in very suboptimal local minima.

V. NUMERICAL CASE STUDY

To examine the performance of the proposed method for
RM control, we implement and simulate the algorithm when
applied to a highway network benchmark.

A. Configuration

1) Network Environment: Let us consider a simple highway
traffic network taken from [11] and pictured in Fig. 2, which
will serve as the RL environment for the task at hand. The
network consists of three segments, each 1 km in length
and with two lanes. The first segment S1 is supplied by the
uncontrolled mainstream origin O1, which simulates incoming
traffic from the unmodelled upstream region of the network,
and is characterized by its capacity C1. Between segments
S2 and S3, additional traffic can enter the network via the
on-ramp O2. This origin has capacity C2 and offers the only
control measure in order to avoid congestion in the network.
However, we would also like to keep the queue length on
this on-ramp to 50 vehicles or fewer. Lastly, traffic exits the
network via the only available destination D1 with congested
outflow.

As described in Section III-A, the network environment
is subject to one external input per origin and destination.
Section 3 depicts the demands at both origins, starting low
and then increasing to near capacity within 20 minutes.
With some delay, also congestion at the destination rapidly
appears. These profiles are intended to simulate a peak-hour-
like traffic (e.g., morning or evening rush), and are devised
in such a way to induce a variable degree of congestion
in the network, if the on-ramp is not properly controlled.
At the start of each training episode, these two-peak profiles
are generated randomly to introduce a degree of variability
in the task, aimed at enhancing the agent’s generalisation
to a wider variety of congestion scenarios. Nevertheless,
generalisation in RL is challenging [65], and a performance
drop is anticipated were the controller to face a new unforeseen
scenario, e.g., with a different number of peaks. At the same

Fig. 3. External inputs affecting the network’s dynamics, in the form of the
demands at the origins (upper) and the congestion scenario at the destination
(lower). The shaded areas represent the 2-standard deviation ranges from
which the random demands are sampled, whereas the solid lines represent
one random sample for each.

time, our approach exhibits an inherent level of robustness:
it incorporates an online learning process that can seamlessly
integrate novel training data on the fly, and at its core is a
model-based controller, which generally extrapolates better to
new situations in comparison to its model-free counterparts.

2) Model Predictive Control: The controller (32) is
deployed to control the on-ramp flow with the aim of avoiding
congestion in the traffic network environment. In line with
other similar benchmarks in the literature, e.g., [10], [11],
and [12], M = 6, meaning that, while the process dynamics
are stepped every 10 seconds, the controller is run only once
per minute. The prediction horizon is set to Np = 24 (which
is in the order of the average travel time through the network),
and the control horizon to Nc = 3.

To showcase the ability of RL to automatically improve the
performance of the MPC controller, the parametrisation θ of
the controller is poorly initialised on purpose. In particular,
in order to replicate the effects of a poor system identification
phase, the parameters of the prediction model are initialised
with a 30% error with respect to their true values, i.e., ρ̃crit =

0.7ρcrit, ã = 1.3 a (both learnable), and 1.3 vfree (fixed).
Furthermore, the remaining parametrisation of the objective
function of the MPC optimisation problem is left untuned,
imitating a suboptimal, low-expertise design process of the
controller. Table II reports the initial values of each learnable
parameter. The other non-learnable parameters in (32) are set
to the same values as in the real process. The queue threshold
on O2 is set to wmax = 50 veh. Lastly, the setpoints are
set to ρsp = 0.7ρcrit, vsp = 1.3 vfree, and the normalization
coefficients to ρmax = 180 veh/km/lane, wmax = 50 veh, and
vmax = 1.3 vfree.

3) Reinforcement Learning: The agent is trained in an
episodic fashion, with each episode lasting Tfin = 4 h, i.e.,
each episode features two peaks in demands and congestion
in a row (for reference, see Fig. 3). At the end of each
episode, the demands are generated anew randomly, and the
state of the network is reset to steady-state in order to avoid
unreasonable accumulation of vehicles in queues from past
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TABLE II
INITIAL VALUES, BOUNDS AND DIMENSIONS OF THE

PARAMETRISATION θ OF (32)

episodes. With the same frequency, the parametrisation θ

is updated, and a new episode is started, till a termination
condition of the learning process is met, typically in the
form of a maximum number of iterations. Here, we train
our agent for 80 episodes. With the aforementioned update
frequency, the proposed learning setup is off-policy, since θ
remains fixed throughout each episode, ensuring stable data
collection.

The stage cost function L(xk, uk), with which the traffic
network feeds a cost signal back to the agent according to (30),
has coefficients cT = 5, cV = 1600, and cC = 5.

Based on results obtained from initial simulations, the
algorithm’s hyperparameters are set as follows. The discount
factor is set to γ = 0.98. The learning rate is initially
set to α = 0.925, and decayed by a multiplicative factor
of 0.925 at the end of each update. The maximum update
change of each parameter is set to 30% of its current value,
i.e., 1θub = −1θ lb = 0.3θ . As aforementioned, a replay
buffer is used to store past observations in memory and re-
use them. In particular, the buffer size is set up to store
transitions from the 10 past episodes and, before performing
an update, a batched sample half its size is drawn from this
buffer. In turn, half of this batch is dedicated to containing
information from the latest two and a half episodes, whereas
the remaining half is sampled uniformly at random from even
older transitions. All together, these measures contribute to
stabilising the learning process.

Lastly, exploration is induced as described in Section IV-C
by sampling the cost perturbation from a normal distribution
in an ε-greedy fashion, i.e., q ∼ N (0, σq) with probability ε;
otherwise, q = 0. The exploration strength is σq = 0.025, and
the exploration probability ε = 0.5. Both are decayed by half
at the end of each episode.

Table III summarises all the hyper-parameters and non-
learnable parameters of the traffic environment and the MPC
controller, as found in [11], as well as of the RL algorithm.

4) Setup: The simulations were run on a Ubuntu
20.04.6 server equipped with 16 AMD EPYC 7252 (3.1 GHz)
processors and 252GB of RAM, and implemented in Python
3.11.4. The nonlinear optimisation problems were formulated
and solved with the symbolic framework CasADi [66]
and its interface to the IPOPT solver [67]. The source
code and simulation results are open and available in the
following repository: https://github.com/FilippoAiraldi/mpcrl-
for-ramp-metering.

B. Comparison

Alongside the proposed MPC-based RL controller,
we implement and simulate on the same setup three other
policies. These include another learning-based approach based
on DDPG, a DRL algorithm that has been proven effective
in freeway control [13], [53], and two other non-learning
solutions: the classical non-learning MPC formulation (13)
[11], as well as the well-known local ramp metering PI-
ALINEA [7], [8]. To promote a fair comparison, all of the
tested controllers suffer from the same inexact knowledge of
the traffic parameters.

The relevant hyper-parameters for DDPG are taken
from [53]. The PI-ALINEA controller is equipped with a
queue management strategy to take into account the queue
length constraint [68], and its gains are fine-tuned to this
specific task via Bayesian Optimisation.

C. Results

We evaluate the performance of all the aforementioned
methods deployed on the traffic network environment and
average the results over 15 simulations with different seeds to
iron out randomness due to, e.g., exploration. Figures that are
shown and discussed next report the average results; however,
95% confidence intervals are shown only for our proposed
method to reduce visual clutter.

Fig. 4 shows, for each method, the total RL cost (30)
incurred in each episode, i.e.,

∑Tfin/T
k=1 L(xk, uk), subdivided

in its three contributions, and how these evolve during
learning. Due to the untuned objective weights and the 30%
mismatches in the predictive model’s parameters, the initial
MPC-based RL controller is poorly performing and cannot
reliably avoid congestion and constraint violations, as can be
seen from the costs in the first episodes. However, despite
these initial shortcomings, it can be noticed that in the next
20 episodes, by exclusively leveraging the observed transitions
via Q-learning, the controller is able to achieve a substantial
improvement of the Total-Time-Spent cost, i.e., the time
spent by vehicles in the network on average, from around
1100 veh h to 700 veh h (or a 35% reduction). At the same
time, as constraint violations of wmax in O2 induce the most
severe cost realization by several orders of magnitude, one can
see that the agent is even quicker in learning to avoid such
a constraint-violating behaviour within the first 5 episodes,
despite the fact it has no knowledge of the exact traffic
dynamics parameters.

This phenomenon can be further appreciated in Fig. 5,
which shows the progression of the average queue in the on-
ramp O2 with respect to its constraint, as the parametrised
MPC scheme gets better and better at yielding a policy with
less or no constraint violation. It must be noted here that,
despite the non-stationary nature of the traffic environment, the
agent is able to learn a policy that is robust to the variability
of the randomly generated demand and congestion scenarios
and, therefore, is capable of avoiding all constraint violations.

Further analysis of the results indicates that, while learning
to satisfy the constraint on the on-ramp O2 is directly
beneficial to the reduction of cost related to violations,
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TABLE III
HYPER- AND OTHER NON-LEARNABLE PARAMETERS

Fig. 4. Evolution of the three contributions to the RL cost (30) during
the learning process, namely, from top to bottom, the Total-Time-Spent
(TTS), variability of the control action, and violation of the maximum queue
constraint on O2.

Fig. 5. On average, the policy πθ gets better at avoiding constraint violations
as it learns (the red line represents the threshold wmax imposed on the queue
on the on-ramp O2).

it also indirectly fosters better TTS, since longer queues
in O2 proportionally relate to a higher TTS. Nonetheless,
improvements to the violation and TTS contributions seem to
occur at the expense of the third contribution, i.e., variability

Fig. 6. Evolution of a subset of θ during the learning process (the dashed
grey lines represent, in the top plots, the true values of the parameters a and
ρcrit, and, in the bottom ones, the constants cT and cV).

Fig. 7. Moving average of the TD error during the learning process
(window length = 239, i.e., number of transitions per episode).

of the control action, which clearly is on the rise during
learning for the MPC-based RL agent. However, in the overall
context of learning, one must notice that at convergence
the sacrifice in control variability (of around 60 points)
allows the agent to gain a larger improvement in TTS and
to achieve zero constraint violations (which are indeed the
largest contributors to the cost of the RL agent). Furthermore,
as the learning proceeds past the 16th episode and the other
two costs have settled, the agent is also able to achieve
further reduction of the cost associated to the control action
variability.

The results from the other methods appear to corroborate
the usefulness of data-driven adaptability in such a context.
The non-learning MPC formulation is stuck at the initial
poor performance of its RL-enhanced counterpart, with high
TTS and constraint violations. On the contrary, thanks to
its queue management strategy, PI-ALINEA is able to curb
violations, but at the expense of a much higher control
variability (since the strategy frequently requires to switch
control action abruptly) and higher TTS. The DDPG agent
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Fig. 8. Differences in traffic quantities of the network’s three segments between the first episode and the last episode of the learning process, averaged across
the 15 simulation runs.

follows a similar trend to our method in quickly learning to
reduce TTS. However, variability and violations are decreasing
at a substantially lower rate. This is not unexpected, as the
NN approximation of this agent has significantly more
learnable parameters (namely, 293 380 vs. 53) and is thus
less data-efficient and requires more episodes to establish
convergence.

As discussed in Section I, an advantage of the proposed
MPC-RL approach over DRL is that its learning process can
be more readily inspected and explained via the evolution of
its parametrisation θ , reported in Fig. 6. In particular
• the evolution of θT and θV agrees with the observations

made in Fig. 4, that is, the agent learns to favour the TTS
cost over the control action variability, and thus increases
the weight of the former at the expense of the latter

• the parameter ã, which the METANET model is known
to be very sensitive to, develops at first towards its true
value a, but then convergences to a slightly lower value,
resulting in a less pronounced, less aggressive equilibrium
speed Ve (4), i.e., favouring predictions of lower speeds
at lower densities, and higher speeds at higher densities

• ρ̃crit grows in the opposite direction of its true
value ρcrit, thus settling for a prediction model that
is pessimistic towards congestion, i.e., it tends to
overestimate congestion scenarios, as well as resulting
in a tighter constraint h1

o (21), which in turn restricts the
control action further.

Fig. 7 depicts the TD error during the learning process,
whose moving average converges to smaller and smaller values
as the episodes increase. This is a good indication that the
MPC scheme (32), with its parametrisation θ , is able to
provide a reliable approximation Qθ of the true unknown
action-value function (and, indirectly, of the optimal policy).
Yet, it is important to note that the convergence of the
TD error, while consistently diminishing, does not reach
an absolute zero. This observation can be attributed to
factors such as imperfect parametrisation and the inherent
stochasticity present in the environment, which fluctuates

Fig. 9. Evolution of the RL cost contributions for various different
parametrisations θ . The legend lists for each entry the dynamics parameters
that were allowed to be learnt in the corresponding simulation, including also
the parametrisation that we proposed in this work, i.e., (proposed). If either
ρ̃crit, ṽfree or both were also employed as tracking setpoints, the entry is
marked accordingly, i.e., (tracking). To avoid visual clutter, only the average
over the 15 simulation runs is shown for each parametrisation.

in its demands, and thus renders the prediction of the
value functions more challenging. Besides these issues,
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Fig. 10. Average evolution of the parametrisation θ during the learning process across the 15 simulation runs. For those parameters that are vector quantities,
one colour is associated with each entry.

another challenge related to the TD error is its sparsity.
Specifically, the instantaneous TD signal remains low and
largely uninformative for most of the episode, only to spike
significantly during congestion events. This sparsity can lead

to inefficient updates if not properly addressed. Therefore,
we advocate that the use of experience replay and batch
updates is essential to smooth the learning process and mitigate
the risk of destabilization due to abrupt parameter adjustments.
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Finally, Fig. 8 reports the evolution of the traffic quantities
of the three segments (i.e., density ρ, speed v, and flow q)
that make up the network. Interestingly, it can be noticed
how, compared to the initial episode, the final controller is
able to better prevent the congestion in the last segment from
propagating backwards through the network, and from causing
speed drops in the first segment.

VI. CONCLUSION

In this paper, we have proposed a novel learning-based
and model-based approach to the ramp metering problem that
combines MPC and RL. The two frameworks are integrated
in such a way as to promote the strengths of each while
countering the disadvantages by exploiting the parametrised
MPC scheme as a function approximation of the action-
value function and leveraging RL to adjust the parametrisation
based on observed data to improve closed-loop performance.
Even with wrong model parameters and a poorly tuned initial
controller, the proposed methodology shows a remarkable
ability in learning to improve traffic control performance and
satisfy constraints in an automatic, data-driven fashion.

Future work will focus on 1) the validation of the proposed
methodology with microscopic traffic model simulators, 2) the
study of formal guarantees on stability and recursive feasibility
for the proposed approach during learning and at convergence,
3) more complex parametrisations of the MPC scheme, e.g.,
with neural networks, in order to better address the nonlinear
nature of the METANET framework and to better capture the
shape of the true action-value function, as well as 4) extending
the current approach by integrating variable speed limits
(VSLs) with ramp metering, a coordinated control strategy that
has been shown to achieve better results than ramp metering
alone, especially in high demand/density regimes.

APPENDIX

We provide here additional insights on our proposed
methodology and the numerical results. First, we provide a
short investigation on the effects of different parametrisations
of the MPC scheme (32). Then, we report the evolution of all
the parameters θ during the learning process implemented in
Section V.

DIFFERENT MPC PARAMETRISATIONS

Different parametrisations θ of the MPC scheme (32) have
been tested in simulations. In particular, we have considered
the following variants:
• learning a combination of the dynamics parameters ã,
ṽfree, and ρ̃crit (including the empty set, i.e., learning none
of these parameters)

• employing the learnable dynamics parameters ṽfree and
ρ̃crit also as tracking setpoints of the stage cost (34) and
terminal cost (35), i.e., vsp = ṽfree, ρsp = ρ̃crit.

The rationale behind trying out these various combinations is
that, while having a richer parametrisation can potentially help
in fitting more complex value functions, a drawback is that the
learning task becomes much more complex and more likely
to converge to a very suboptimal local minimum. Moreover,

the sensitivity of the RL solution to the parametrisation can
vary significantly from parameter to parameter, so learning
some of them may end up in a less stable process than
others. As is the case with most function approximators, the
choice of parametrisation relies mostly on prior and/or expert
knowledge (such as, in our case, the sensitivity analysis of
the METANET model w.r.t. its parameters) and is mostly
an iterative procedure (both for MPC and other function
approximators), whose difficulty is attributable to the RL
algorithm itself rather than to the proposed control scheme.
However, meta-learning methods can be found in the literature
to optimise over the selection of this and other hyper-
parameters via, e.g., Bayesian Optimisation [69] and bilevel
optimisation [70].

Fig. 9 shows the influence on the performance of some
of the combinations we tested. These tests were carried out
with a lower variability of the randomly generated profiles
in an effort to filter out the impact of randomness on the
performance. One can notice that, when neither the dynamics
parameters nor the tracking setpoints are learnt, the resulting
controller converges to a solid performance. Adding ã to the
set of learnable parameters seems to boost the performance
even further, which can be attributed to the fact that, among
the various parameters, ã is the one the METANET model is
most sensitive to. Further testing indicates that learning also
ρ̃crit achieves an additional performance improvement, while
learning ṽfree does not help. The last empirical finding is that
making the tracking setpoints learnable, despite increasing the
number of degrees of freedom of the parametrisation, does not
bring any improvement.

EVOLUTION OF PARAMETRISATION

Interested readers can find in Fig. 10 the evolution, during
the whole learning process, of the whole parametrisation θ

of the MPC scheme (32), as detailed in Section IV-B and
simulated in Section V.
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