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Summary: New approaches to control stochastic non-linear time-variant processes include the application of machine learning
techniques. One of the problems with learning-based controllers is their reliability in a wide area of process parameters as the
controller is trained using a limited set of representative scenarios, either chosen by the designer or taken from historic records.
Thus, reliable controller behavior can be guaranteed only in scenarios applied during controller training. Due to the very larger
number of random variables and possible scenarios, not all variations can be applied in the controller training process using
simulators to guarantee good controller behavior when applied in a real system. One case is traffic control (signal programs,
variable speed limit, ramp metering) having large travel patterns variety. The concept of Structured Simulations Framework
(SSF) can cover most probable learning scenarios. Thus, applying SSF enables a systematic controller training approach by
complementing existing scenarios with synthesized ones that evoke or replicate substantial aspects of real traffic. Such training
is necessary to ensure reliable learning-based controllers. This paper discusses the concept of applying SSF to ensure the
reliability of learning-based controllers and proposes the application in traffic control for the case of variable speed limits

on motorways.

Keywords: Learning-based controller, Controller reliability, Structured simulation, Variable speed limit.

1. Introduction

Today, there is a need to control stochastic
non-linear time-variant processes. Classical feedback
controllers designed using process modeling and
linearization in characteristic working points cannot
cope with such processes, especially regarding a wide
area of process parameters. Different controller
parameters are needed for particular working points.
To overcome this problem, machine learning is applied
and learning-based controllers can be designed [1].
The advantage of this approach is that the control law
is learned as a mapping between the input
measurements and control output for a wide area of
different process parameters fulfilling a defined
criteria function. The drawback is that a good control
output can be ensured only for scenarios presented to
the controller during the training phase. In the case of
large processes with many random variables and
possible scenarios, the generation of learning scenarios
can very fast become unfeasible if one wants to
guarantee good control output in every
possible situation.

Traffic control is a good example of such a
problematic process. Namely, today’s traffic control
centers manage larger networks of motorways or
connected signalized intersections [2]. Change of
traffic flows is under the influence of daily human
behavior demanding repeating mobility patterns
related to working days and weekends or holidays, the
state of the transport infrastructure, and the weather.
Thus, significant stochastic non-linear time variant
behavior is present in the controlled process (signal

programs for intersections, and variable speed limit or
ramp metering rate on motorways) creating the need
for an appropriate large set of structured learning
scenarios [3]. Such a set of learning scenarios has to
cover most often traffic behavior and behaviors that
appear not often but are related to some potential
regular events (bad weather influence, traffic
incidents, holidays, etc.). A good starting point for the
creation of such learning scenarios sets can be obtained
by analyzing collected real world measurements as
shown in [4].

To ensure that the controller learns how to resolve
most of the possible scenarios, which can occur in real
world situations, in feasible time, a structured
approach of presenting the learning scenarios to the
controller during the training process is needed. This is
opposite to current training approaches where only a
few representative learning scenarios are used and
evaluated afterwards [5]. With a structured approach
to creating training scenarios, it can be ensured that the
controller can successfully resolve a wider area of
scenarios that can appear in the real world increasing
the reliability of such a learning-based controller when
applied in real world applications. This describes the
aim of this paper to define such a structured framework
to increase the reliability of the learned controller with
the use case of traffic control i.e., Variable Speed Limit
(VSL) on motorways taken as a use case.

This paper is organized as follows. The second
section elaborates on the structured simulation
concept. The third section explains how learning-based
controllers can be designed including open problems.
The fourth section describes the possible application of
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the structured simulation concept for learning-based
traffic controllers. The continuing fifth section
concludes the paper.

2. Structured Simulation Concept

The main goal of the structured simulation
approach is to automate and systematize a search
process about the system’s behavior by means of
simulation or in a wider sense experimentation. It is
assumed that system’s behavior for whatever reasons
cannot be described as an equation-based system.
However, it is possible to analyze the behavior of the
system in a controlled environment, e.g., in form of
controlled experiments or computational simulations.
Without loss of generality, we will address in the
following that simulations are performed. For practical
considerations, the total number of simulations needed
to perform is relevant, as each simulation run requires
resources, e.g., like computing time. Therefore, the
idea of structured simulation is to maximize potential
leanings about a system’s behavior with a given
number of simulations runs. We assume that the
system’s behavior can be computed as part of the
simulation, and depends primarily on the input
parameters of the simulation. Thus, each simulation
run can provide an insight about the system. This
knowledge discovery process happens in form of a
guided search process, in which different states of the
parameter space of the simulation system can be
evaluated. The main idea of the structured search
approach is that this search process needs to be a
guided / informed search, taking advantage of potential
domain knowledge to reduce the search time, i.e., a
number of states in the parameter-space that needs to
be investigated compared to an uninformed search in
which the points in the state space would be visited in
a purely randomized way, as it is the case in a
Monte-Carlo like approach.

The main ideas of structured simulations have been
implemented in the Structured Simulation Framework
(SSF)!. The overall process is structured within
three stages:

e Scenario generation in which the necessary states

to be visited are computed;

e Simulation execution in which for each state the

corresponding simulation is performed;

¢ Result handling in which results are collected and

potentially analyzed.

This is visualized in Fig. 1. These stages can be
executed partially overlapping. However, for the sake
of simplicity we assume no parallel execution options,
but a strict linear flow.

2.1. Scenario Generation

For the organization of the search process that
needs to be performed, the scenario generation phase

! http://silab.hevs.ch/structSim/structsim.html

is most critical, and therefore will be detailed in the
following. Depending on which phase of the controller
design needs to be addressed, different search
objectives, and therefore search strategies, need to be
specified. The general idea that states, i.e., a particular
combination of input parameters, need to be visited in
a particular order to increase available information
about the behavior of the system under investigation.

Scenario
Generator

Result
"] Handling

Simulation
system

Fig. 1. Schematic structure of the Structured Simulation
Framework modules [6].

For performing a state-based search approach state
transitioning rules needs to be defined. These rules
specify how the next state to visit can be derived.
These state-transition rules are specified in form of
Modifiers, which implement a particular type of state
transition function. A set of modifiers can be provided,
and given an initial state of the search, a number of
states to evaluate can be derived. This allows for an
ordering, and therefore enumerating the states to visit,
which is a pre-requested for the structured search. The
principle of this is shown in the following Fig. 2.
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Fig. 2. Schematic representation of the state space
enumeration.

The principles of structured simulation can be used in
two different ways during the design phase of a
learning-based controller. On the one hand, it can be
used during the training phase of the controller, as it
can be used to generate training data that can cover a
wider range of the parameter-space, e.g., by
implementing a novelty search strategy [7]. On the
other hand, the framework can also be used in the
validation phase of the controller, providing a
systematic search for states in which the controller
might not perform well, or to the contrary, provides
empirical evidence that the controller is capable of
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handling various situations, it is likely to be confronted
with during its operations [6]. So far, the SSF
framework has been used with two different simulation
environments, to ensure its general structure. A link to
the commercial traffic simulator tool VISSIM, which
is used by traffic researchers to wvalidate traffic
management approaches, taking advantage of
learning-based traffic controllers is presented in [8].
The second simulator was a Game of life simulation
[9]. In both cases, the evaluation has been done for
each state in isolation. This can be considered as an
alternative to the commonly used Monte-Carlo
simulation approach. However, the foundation of SSF
in VSL motorway analysis has not yet been explored
in detail and a general concept needs to be established
before the implementation of SSF in the simulations
training process of the learning-based VSL controller
can start.

3. Challenges in Design of Learning-based
Controllers

The most used approach for learning-based
controllers is the one which is based on the
Reinforcement Learning (RL) approach. RL
approaches can be divided into model-based and
model-free methods. The model-free methods are
currently most investigated since they do not require
existing learning datasets. They are used in an online
fashion for solving optimal control problems stated as
Markov Decision Processes (MDPs). Most of the
current control problems can be modeled by using the
MDP approach since it enables modeling control tasks
in discrete time. Thus, at each time step, the controller
receives feedback from the controlled system in the
form of a state signal and takes an action in response.
As a result, the RL approach accounts for a change in
the state signal that could lead to a change in the
optimal control action. Thus, they can handle nonlinear
and stochastic dynamics and nonquadratic reward
functions [10]. Those features are ideal for controlling
systems which are in their nature stochastic such as
traffic flows. The common approach in designing the
RL controllers is in the simulation loop. The system is
modeled within a simulation environment and the RL
controller performs learning in it until the end results
converge to satisfactory values [11]. The core problem
in their design is to generate enough representative
states in the controlled system for desirable learning
convergence of controller parameters. Particularly, this
problem is related to the state-action exploitation-
exploration ratio which governs when it is needed to
stop the process of learning and continue just to use the
learned control policies.

3.1. Latest Methodologies in Learning-based
Control Design and Challenges

The model-free RL controllers can be divided into
two wide categories with respect to design approaches.

The first of them is value-based. They are based upon
temporal difference learning in which the learn value
function is computed. Typical representatives are
Temporal Difference (TD), State-Action-Reward-
State-Action (SARSA), and Q-learning (QL)
algorithms. The second RL type of model-free
controllers is related to directly learning an optimal
policy or trying to approximate the optimal control
policy if the true optimal policy is not attainable. The
REINFORCE algorithm is the most prominent
representative of that category. The policy-based
controllers tend to directly optimize the control policy,
which is the core goal of good control. Therefore, they
are more stable and less prone to failure compared to
value-based counterparts [5]. The value-based
methods such as QL are less stable and suffer from
poor convergence since they learn an action value
function approximation usually called Q-values. Those
Q-values are in their vanilla version stored in tabular
format which is then used to find a corresponding
policy. The advantage of value-based methods is their
off-policy nature. Thus, in their operation work, they
are much more sample efficient compared to
policy-based methods since they exploit data from
control knowledge repositories based on stored
state-action function.

3.2. Open Problems

The convergence speed is problematic even for the
most advanced learning-based controllers. It heavily
depends on tuning the controller’s hyperparameters
such as learning rates, discount factor in QL,
regularization parameters of ANN models, etc.
Furthermore, the learning convergence depends on the
complexity, differentiation rate, and persistence of
learning scenarios which can be understood as outliers.
Those scenarios can significantly reduce the learning
convergence or make convergence unstable [12]. This
is especially the case with RL approaches which are
based on Q-function approximation using ANN
models. Thus, the coverage of sufficiently different
learning scenarios and avoiding too extreme cases
have the potential to stabilize learning convergence.
Regarding these mentioned issues, it is needed to
develop a framework that has the ability to generate
scenarios that maintain increased convergence within
a simulation environment to improve learning
convergence. Moreover, it is imperative to assess the
reliability of all possible scenarios. Thus, it is needed
to avoid learning from scenarios that are not possible
to happen outside the simulation environment. It is
imperative to create constraints that prevent generating
such scenarios. Those learning scenarios can have a
negative effect on learning convergence as well.

However, several works applied RL techniques for
VSL control on motorways. For example, in [3, 13],
nonlinear function approximation techniques in RL
were applied to improve control of an underlying
nonlinear and nonstationary traffic flow on a
motorway using RL based VSL. In [3], research on the
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importance of state description and simulation scenario
generation on the learning process was presented.
Particularly, the control policy of RL based VSL was
further improved by enriching the agent’s state
variables with predictive information about the
expected traffic (speeds and densities) of the controlled
motorway segment by running parallel simulations.

4. Structured Simulations for Learning-based
Traffic Controllers

In this section, we discuss the application of
principles of structured simulation for the design of
learning-based traffic controllers using the example of
a VSL controller. Optimizing VSL on motorways is
about choosing the right speed limits for the current
traffic flow conditions [14]. In the event of a traffic
jam, for example, the goal of the VSL system is to slow
down and harmonize the traffic arriving into the
downstream active bottleneck in order to relieve the
congested sections and prevent further capacity drop
and, if possible, re-stabilize the traffic flow (Fig. 3).

4.1. Motorway Traffic Process Characteristics

Traffic flow on a motorway can be described by the
fundamental diagram relating three basic traffic
parameters flow, speed, and density. Two main traffic
characteristics can be distinguished: free-flow (stable)
and congested (unstable) traffic flow (Fig. 6). Free
flow condition is described by higher travel speeds and
less dense traffic flow i.e., a lower number of vehicles
per motorway segment. As the traffic volume
increases, the traffic reaches the so-called critical point
where the capacity is exceeded. From this point on, the
traffic flow becomes unstable and significant
interactions between vehicles occur characterized by
higher traffic density and lower speed resulting also

with lower flow rate. These three dependent variables
are, thus, used either as a measure of state
representation or to define objective functions for
evaluating learning-based VSL controller behavior.

4.2. Learning-based VSL

Numerous approaches have been used for VSL
control [15, 16]. However, nowadays, learning-based
control techniques have shown great potential to
improve VSL. Among them, the QL algorithm is
widely studied for VSL control optimization.
QL-based VSL (QL-VSL) controller (agent) perceives
and interacts with its environment (motorway section)
at each control time step by performing actions (speed
limits) and receiving feedback signals called rewards
(see Fig. 4). Thus, the QL-VSL agent learns to
associate an action a with the expected long-term
discounted rewards R for performing that particular
action in a particular state s and by following an
optimal policy n. Thus, the action-value function (1)
expresses how good action is to be applied to a
particular state of the environment for transition in the
next improved state [17]. The QL algorithm can be
expressed as:

q(s,a)z = E[Reyq + YRy +

1
+VZRt:+3 S = 5,4 = G Apie ~ T, M

where q(s,a) represents an action-value function. R
represents rewards that an agent received where
discount factor y controls the importance of future
rewards. An action a is an executed action from an
available set of actions A, s is a possible state of the
controlled process from a set of states S;, and optimal
policy m denotes the mapping function from states to
optimal actions.

Acceleration (transition) area
-

Congestion

Fig. 3. Application of VSL for bottleneck control [15].

Therefore, the state variables that the VSL agent
can use must be carefully selected to provide much
information about the dynamics of the traffic flow, but
uniquely. For example, densities uniquely define the
traffic state on a motorway, but traffic volume does not
(Fig. 6). The similar applies to the reward function
when RL is used for modeling of a VSL controller [3],
[5]. Fig. 4 visualizes the RL-VSL control process

which can improve control policy during the operation.
At every time step, the RL-VSL agent senses the world
(traffic flow parameters on the controlled motorway
section) and takes actions (speed limits) in it, and
receives rewards or punishments based on the
consequences of the taken actions and accordingly
adjust the learning model in order to achieve better
reward score.
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state S
(traffic parameters)

Traffic flow
(motorway section)

Ri-based VSL
controller

Runa{StauSea)

action a,
(speed limits})

Fig. 4. Reinforcement learning framework for VSL
control [15].

4.3. Structured Simulation-based VSL Controller
Design

The important prerequisite for applying RL-VSL is
appropriate training and evaluation processes in a
traffic simulator. Thus, the quality of the learned
control law strongly depends on the generated training
dataset, which must provide relevant traffic scenarios
for the motorway area where RL-VSL is to be used.
For that, SSF can be used to create an appropriate
training dataset complementing existing traffic
scenarios with synthesized ones that evoke or replicate
substantial aspects of real traffic.

1) Strategy for the training data generation: The
overall training data has to be generated in a way that
on the one hand, it provides enough data points so that
the learning controller can actually generalize its
behavior based on the training sample. This requires on
the one hand a sufficient detailing of the parameter
space in which the controller has to operate most of the
time, and where the performance is critical, while on
the other hand, the controller must have seen during its
training phase a sufficient number of cases, which only
have a low probability to occur in reality, to ensure that
has obtained sufficient knowledge to react at least
operative, even though not optimal in such situations.
The search strategy therefore most balance between
exploitation elements, here it focuses on certain areas
(Fig. 5), and exploration elements in which it covers
the typically larger part of the space, which will have a
significantly lower probability of occurrence. In the
following, we outline the strategy for computing a
training set that aims to balance these two aspects.
However, this approach requires an a-priori data
analysis, e.g., of historic data, to provide insights into
what parameter combinations can be considered
typical, and to what probability they occur. For this, a
theoretical model is proposed that relies on so-called
modifiers that systematically change the states of the
running simulation to reproduce the desired dataset for
the training process. For simplicity, we allow the state
domain contains two regions of interest, with each
region assigned a modifier m1 and m2 computed by (2)
and (3), respectively.

ml = (max([el1(m)], [p1(M))k, 2

m2 = 3)
= (max([e2(M — )], [p2(M — m)D)k,

Precisely, ml is referred to as the modifier
indicating the sufficient number of data points needed
from the exploitation region [b, c] (Fig. 5), while m2
defines points in the exploration region [a, b) and (c,
d]. The parameter § defines the step size of the search
strategy.  Accordingly, n = (c—d)/§ and
M = (d —a)/ é represent the number of discrete
states within the exploitation and exploration regions,
respectively. Similarly, the probabilities pl and p2
define the probability of the occurrence of a state
within the mentioned regions. The numbers el and e2
define the designed efficiency of the learning
controller within the exploitation and exploration
regions. If the controller has to deal with a large dataset
(ml+m2 too large), one can use the scaling factor
k = (0, 1]. By scaling the training dataset, the initial
ratio between m1 and m2 remains the same, so there is
no bias.

Exploitation
area

Fig. 5. State space domain.

For example, the low-frequency states (fewer
probable events) are evident from the fundamental
diagram in Fig. 6 (synthetic traffic data obtained from
a microscopic road traffic simulator [18]). If we look
at the x-axis (densities uniquely define traffic
condition), we can roughly relate some density values
to the boundaries (a, b, ¢, d) in the state space domain

(Fig. 5).

)

250
)
5 200
e
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I
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Pa Py Peiical  Pe Py
p{veh/km per lane]

Fig. 6. Fundamental traffic flow diagram [18].

In reality, the fundamental diagram could have a
different distribution of data, e.g., the most frequent
data could be measurements that occurred during the
night, which is characterized by low traffic intensity
(longer period, more measurements received), while
rush hours are less present. Thus, data density and the
period during which the data are retrieved are
correlated.

2) Technical integration of the SSF: Functional
integration in the block diagram shown in Fig. 7 for
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automatic configuration of control strategies learned
by RL-VSL consists of the SSF framework and the
microscopic traffic simulator Simulation of Urban
MObility (SUMO) [19].

At the heart of SSF is a scenario generator that is
used to systematically change states to ensure a ratio of
exploitation/exploration states, e.g. how much m1 and
m?2 data to present in the training process of RL-VSL.
The output of the simulator is used to evaluate the
controller itself; accordingly, some strategies where
poor performances are detected need to be re-trained
more frequently. For example, each simulation took T
hours to cover all relevant scenarios. Of course, since
RL-VSL does not require only one simulation for
training, multiple runs are required. This is where the
simulation controller comes in, whose job is to

Simulation Handler
Traffic

Parameters-DB

Scenario-DB :
|
)
|

automate the training process; e.g. start the traffic
simulation, stop the running simulation, insert a new
value of the modifier into the running simulation, and
finally collect the results of the running simulation for
performance analysis and strategy evaluation.
Therefore, there is in general a glue code between
scenario generator, controller, and simulator which
wiring blocks into SSF framework. Thus, in our case,
we need to ensure communication between the SSF
traffic scenario generator (that computes modifiers)
and SUMO simulator together with the RL-VSL
controller into one loop so that such a client-server
architecture enables direct modification of simulated
scenario and results analytics needed to compute
modifiers for structure simulation  scenario
modification.

Result-DB

Fig. 7. Block scheme for automated configuration of control strategies learned by VSL learning controller.

5. Conclusion and Future Work

This paper presents a conceptual framework to
obtain a representative dataset for training a
learning-based VSL controller through the concept of
applying SSF. Thus, the functional integration, i.e.
closing the loop between SSF, RL-VSL controller, and
simulator SUMO is explained. In general, the
appropriate datasets used for training of RL-VSL
should be non-biased, i.e., the data most likely to occur
on the real motorway should be in a certain proportion
to those less likely to occur. In this way, the required
number of data points is minimized, so that the
simulations and training require less computing power,
but still ensure a reliable behavior of the controller in
possible traffic cases, i.e., a satisfactory generalization.
For this, we presented the detailed model within SSF
used to calculate the state modifiers to systematically
change/generate the states in the running simulation
scenario in SUMO. Although the presented work is a
rather conceptual study, it is based on some
assumptions that should be addressed in future work.
The theoretical model for calculating the modifiers,
i.e., how often and in what direction the state space
should be searched is presented in this paper. An
important factor is the mapping from the fundamental

diagram to the state space domain used in computing
the modifiers. We have demonstrated the concept of
mapping based on specific domain knowledge of the
controlled process, i.e., from the fundamental traffic
diagram by partitioning regions of the traffic densities
according to traffic conditions: free flow, critical flow,
and congested flow. However, this is not sufficient
because it does not take into account the density of data
(the occurrence of data), which, especially on
motorways, depends on the time period in which the
data are collected. Therefore, further analysis is needed
to develop a suitable method for mapping the real
traffic state space to the state space domain used in the
SSF logic along with the simulation evaluation.
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