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Abstracit—Realistic industrial systems typically need to
be modeled as hybrid systems consisting of hundreds (eas-
ily thousands) of nonlinear differential algebraic equations
(DAES). The size of such models is one of the major obsta-
cles to overcome when developing automated design meth-
ods for industrial control systems. In this article, we present
a scenario-based approach that, by exploiting the syner-
gies among simulation, black-box optimization, and statis-
tical model checking, allows us to automate the design of
quality-guaranteed industry-size control systems, i.e., con-
trol systems for which a user-specified statistical guarantee
on correctness holds over the possible operational scenar-
ios. We show the effectiveness of our approach through
a Modelica model consisting of a hybrid nonlinear DAE
system with 1276 equations, 492 of which are nontrivial,
containing 152 continuous state variables and 38 discrete
ones, plus 7 algorithm blocks. Our experiments show that
within a few hours of computation on an off-the-shelf work-
station, we can find quality-guaranteed solutions (with very
tight quality guarantees) to our design problem. We also
compute an entire discretized Pareto front for such a large
system over two conflicting key performance indicators.

Index Terms—Black-box optimization (BBO), industrial
control systems, scenario-based design of control sys-
tems, simulation-based design of quality-guaranteed (QG)
control systems, statistical model checking (SMC).
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[. INTRODUCTION

IMULATION models are a fundamental component of the
S digital twins nowadays employed for designing industrial
controls. In applications of engineering interest, such models are
large and complex. They typically contain differential algebraic
equation (DAE) systems with many equations, easily thousands,
and very often such continuous dynamics coexists with discrete
dynamics and variables, possibly giving rise to discontinuities
in the system and in general resulting in hybrid DAE mod-
els. Furthermore, in many cases, some (dynamic) components
of the system (e.g., logic controls) are specified directly as
algorithms.

Hence, at the complexity and detail level required for fine-
grained optimization, industrial control systems are frequently
not amenable to mathematical approaches based on closed-
form solutions for the (hybrid) DAEs that describe the system
dynamics.

As a result, such large control systems can only be analyzed
by means of simulation, and even this path is far from trivial
to follow, since it may require specialized hardware if compu-
tational speed is at a premium (see, e.g., real-time simulators
such as those by OPAL-RT Technologies Inc.). Thus, and not
surprisingly, while plenty of well-established control design
methods are available for linear systems, this is not equally the
case for hybrid control systems of industrial size and complexity,
because of the characteristics outlined above. In fact, virtually
all design methods for hybrid systems tend to focus on quite
small-size problems, i.e., on systems with just a few (hardly
dozens) equations in both the continuous and the discrete parts,
see e.g., [1]. Although such methods are suitable to handle
parts of a complex control system (and, hence, they do possess
industrial validity), they cannot deal with the system as a whole,
which is typically too large and complex for them.

In this article, we offer a contribution to the model-based
engineering of large-size industrial controls, by exploiting the
only possibility available for systems of the complexity men-
tioned above, i.e., simulation. More specifically, we present a
scenario-based approach [2] that—building on computationally
efficient simulation, black-box optimization (BBO) [3], [4], [5],
and statistical model checking (SMC) [6], [7]— allows one
to automate the design of control systems whose dynamics is
defined through thousands of nonlinear hybrid DAEs.
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Since we want our technique to provide formal guarantees
on the quality of the solutions found [quality-guaranteed (QG)
controls], we pose and solve the system design problem as a
feasibility problem. The reason is that formal guarantees for
feasibility can be provided even when only a simulation model
for the addressed system is available, whilst providing equal
guarantees for global optimality in our setting—where for ex-
ample no convexity property can be assumed—is in general
computationally undecidable. Also, note that an optimization
problem can be transformed into a sequence of feasibility ones,
in which bounds are made tighter and tighter till the absence of
feasible solutions indicates that the optimum was approximated
with the desired precision.

A. Contributions

Our main contributions are as follows.

1) We present a simulation-based technique to design a
Quality-Guaranteed (QG) control system. The technique
takes the following input:

a) a black-box model—in the setting of interest, a sim-
ulation program—for the system under design;
b) a set of bounds for the key performance indicators
(KPIs) of interest;
¢) a set of decision variables, no matter their nature;
d) a distribution function for the set of plausible opera-
tional scenarios for the system under design;
€) two real numbers €,d € (0, 1).
The technique is realized as an algorithm that, upon
termination, returns a set of values for the above decision
variables such that, with probability at least (1 — J), the
probability of occurrence of a scenario where even a
single KPI violates its bound(s) is less than ¢.

2) We show that by running our algorithm with different
values for the upper bounds of the system KPIs, we can
compute a discretized Pareto front for the system. This
enables the designer to evaluate different tradeoffs among
the system KPIs of interest.

3) We present an implementation of our approach using the
following:

a) Modelica as a modeling language for the system and
its KPIs;

b) OpenModelica as a simulation engine;

¢) NOMAD [3], [4] as a BBO solver;

d) a suitable adaptation of the SMC algorithm in [7].

4) We present an evaluation of our approach to a meaningful
case study: a Modelica model for a heating station. Our
case study is a hybrid nonlinear DAE system with 1276
equations, 492 of which are nontrivial (i.e., not related to
component interconnection), containing 152 continuous
state variables and 38 discrete ones, plus 7 algorithm
blocks. We use two conflicting KPIs: the average power
(AP) demand (to favor solutions that save energy) and
the average violation of the required temperature profile
(to favor solutions that closely follow that temperature
profile). Our experimental results show that, within a few
hours of computation on an off-the-shelf workstation, we
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can find a solution to our design problem, and how we
can effectively compute an entire discretized Pareto front
for such a large system.

5) We show that the classical approach (see, e.g., [8]) of com-
puting the system parameters considering just the nominal
scenario (non-QG controls) leads to a significantly subop-
timal behavior when evaluated on off-nominal (yet plau-
sible) scenarios. This shows the benefits of our scenario-
based approach providing formal quality guarantees.

B. Related Work

The approach closest to ours is scenario-based system design,
e.g., [2], [9], [10], [11]. Scenario-based approaches compute an
optimal solution to the design problem by solving a constrained
optimization problem, whose constraints stem from the plausi-
ble system operational scenarios.

With respect to the (mainstream) scenario-based setting, we
provide contributions along two directions. First, we do not
require an explicit mathematical expression for the function
to be optimized or for the constraints to be satisfied. Instead,
we just use a simulator to compute such values and BBO
methods to find candidate solutions. Second, while the typical
scenario-based approach computes the number /N of scenarios
beforehand, based on the desired statistical confidence 6 and
error probability € (e.g., see [2, eq. (2)], where [ is used for our
0), we compute the number of scenarios at run time using SMC
methods (namely, [7]) that adaptively compute N based on the
constraint violation probability distribution function estimated
during the SMC process. As shown in [7], doing so typically re-
quires a smaller number of samples than approaches computing
N beforehand.

The synergistic use of simulation, BBO, and SMC allows us to
extend the scenario-based approach to industrial systems whose
models contain thousands of DAEs (see Section VI). To the best
of authors’ knowledge, such systems are out of reach for any
previously published technique. Note, in this respect that our
approach requires to cast the control design problem as a fea-
sibility problem, whereas classical scenario-based approaches
(e.g., [2], [9], [10], [11]) can address a control design problem
formulated as an optimization problem.

BBO and SMC have already been used in [12] for the optimal
fault-tolerant positioning of sensors, ensuring the satisfaction
of requirements for all operational scenarios. However, that
approach cannot be used for simulation-based control system de-
sign, since it cannot accommodate simulation of control systems.

Black-box approaches to system verification through SMC
(e.g., [6]) have been widely investigated. For example, SMC
has been used for formal verification of hybrid systems in [1],
[6], [13], [14], [15], and [16]. In [17] (and citations thereof),
system-level formal verification of cyber-physical systems is
conducted by optimizing simulation campaigns for all opera-
tional scenarios of interest. Those approaches can be used for
system verification, but not for system design, which is our
problem here.

As for simulation-based approaches, we note that model
predictive control (MPC) is widely used to design complex
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systems. MPC forecasts the future behavior of the system by
means of a model of the controlled plant [18], [19], [20], be this
based on first principles [21], [22], on learning techniques [23],
[24], or hybrid [25]. The same idea can be exploited by using
plant descriptions composed of data without the necessity of a
dynamic model in the sense of the systems theory, resulting in
the data-based control approach [26], [27]. Attempts to integrate
the two main approaches just mentioned can also be found,
see, e.g., [28], as each has potential and pitfalls. The main
obstacles that MPC has to overcome are the mathematical and/or
computational complexity of the cost functions to minimize,
and the system size (in terms of equations or data amount) to
handle. The former has led to the development of the so-called
economic model predictive control (EMPC) framework [29],
while the latter is classically tackled by model decomposition
or reduction [30], [31]. (EYMPC approaches are typically im-
plemented through a receding horizon schema. Thus, they can
only be used if enough time is available to compute the future
behavior of the plant. If a control law that is fast to compute at
run time is sought, then (E)MPC cannot be used. Scenario-based
approaches instead address exactly the case where a fast control
law is sought. Thus, (E)YMPC and scenario-based approaches
address different design needs.

Summing up, to the best of authors’ knowledge, no methods
exist that support the design of industrial systems of realistic
size, guaranteeing that, with a given statistical confidence, the
probability that an operational scenario violating the system re-
quirements materializes is smaller than a given threshold (quality
guarantee). By exploiting the synergies between simulation,
BBO, and SMC, we propose a scenario-based approach capable
of achieving such a goal.

C. Summary

The rest of this article is organized as follows. Section II
provides background to make the paper self-contained.
Section III formally defines the problem we address and provides
an algorithm to solve it. Section IV describes an efficient imple-
mentation for the algorithm in Section III. Section V describes
the case study we use to evaluate our approach. Section VI
shows our experimental results. Finally, Section VII concludes
this article.

[I. BACKGROUND AND NOTATION

Throughout this article, we denote with Z and R the sets of,
respectively, integer and real numbers.

If z is a vector of n components, then x; denotes its ith
component. Thus,x = [z, .., z,]. Ifa and bare n-dimensional
vectors, then a < b stands for Vi € {1,...,n} (a; <b;). As
usual, 0 denotes the n-dimensional vector whose components
are all 0.

An n-dimensional discrete (continuous) time signal is a func-
tion from an interval Z C Z (Z C R) representing time to R"™. If
u is a signal over interval Z and J C 7 is an interval, then we
denote with u| s the restriction of u to J.

If X is a random variable, we write x € X to mean that x is
a realization of X.
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Given a positive real number T', we denote with H (T") (hold
operator) the function taking as input an n-dimensional discrete
time signal d and returning as output a piece-wise constant con-
tinuous time signal. Namely (writing H (T, d, t) for H (T, d)(t)):
H(T,d,t)=d(|%]).

A. Black-Box Optimization

A BBO problem is a tuple (J,G) where: J : R” — R
(objective function)and G : R™ — R™ (constraints violation
function), withn, m > 1. A solution (if any) to the BBO problem
(J,G) is real vector z € R™ such that: 1) G(z) < 0 (all con-
straints are satisfied); 2) Vz € R” [(G(z) <0) — (J(z) <
J(x))] (the objective function is minimized).

A feasibility problem is a BBO problem where J is identically
0,i.e., (0,G). We denote with (G) a feasibility problem.

We will use the term BBO oracle to denote any function that
takes a BBO problem and returns a solution to it, if one such
solution exists, and _L otherwise. Determining the existence of a
solution to a feasibility problem is computationally undecidable,
and so is a fortiori existence of a solution to a BBO problem.
Thus, there exists no algorithm implementing a BBO oracle
(but such complete algorithms exist in case the BBO problem
at hand satisfies strong-enough assumptions, e.g., convexity).
However, even in the general case, there are many algorithms
and solvers that, given enough computation time, can come as
close as we need to a BBO oracle. Examples are NOMAD [3],
[4] and Nevergrad [5].

For the sake of clarity, through this article, we will use BBO
oracles to define our methods and approach neatly, and then will
explain how an actual BBO solver (NOMAD in our case) can
be used to implement the proposed algorithms.

More specifically, all BBO solvers have stopping criteria to
guarantee termination. Upon termination, the solver may or
may not return a solution. If it does not return a solution, we
may not rule out the possibility that one exists. On the other
hand, when a solution is returned, the solver guarantees that it is
feasible, but, in general, no formal guarantee is provided about
its global optimality. Since we will be using BBO solvers to
solve feasibility problems, we will be safe. That is, we may fail
to find the sought solution when one actually exists, but we will
never return a value that is not feasible.

B. Statistical Model Checking

SMC (see, e.g., [6] for an overview) is a set of methods and
algorithms to verify that, with a given statistical confidence, a
system satisfies given requirements. We will use Monte Carlo-
based SMC to compute an upper bound to the probability that a
given function is not identically 0. To that end, we will use the
following theorem.

Theorem 1: Let X be an n-dimensional real-valued random
variable, f : R™ — {0,1}, and ,0 € (0, 1). Then, an algo-
rithm exists such that:

1) it terminates;
2) it returns a finite set (of counterexamples) C' C R™ such
that Vw € C f(w) = 1,
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3) if C = 0, then, with probability at least (1 — §) we have
that Pr(f(X)=1) <e.

Proof: Let Z be a Bernoulli random variable with unknown
parameter vy, defined as: Z = f(X). Thus, v = Pr(f(X) = 1).

Our sought algorithm builds on [7, Algorithm 1]. The latter
iteratively refines, via repeated independent and identically dis-
tributed Monte Carlo samples w® , w® ,...of X, an estimation
4 of ~, obtained as the sample average of f(w)), f(w®),....

The algorithm in [7] relies on a termination condition (based
on statistical results proved in [7, Sec. 5]) that, when reached,
entails that Pr(|y — | > ¢) < 6.

Our sought algorithm is obtained by simply modifying the al-
gorithm in [7] so that all found counterexamples (i.e., all samples
w®) such that f(w®)) = 1) are collected in set C. The thesis
then follows from the proof of correctness in [7, Th. 5.3], ob-
serving that, when C' = (),5 = Oandsoy = Pr(f(X) =1) <e
with probability at least (1 — 0). [ ]

When X is clear from the context, we denote with
SMC(e, d, f) the output C' of the algorithm in the proof of
Theorem 1.

[ll. PROBLEM STATEMENT AND SOLUTION ALGORITHM

In the following, we define our control design problem
(see Section III-A) along with a solution algorithm for it (see
Section III-B). Section IV describes our implementation.

A. Problem Statement

We model our system under design (typically, an industrial
plant) as a dynamical system with only uncontrollable inputs,
since our system comprises both the controlled and controlling
subsystems.

Definition 1: A closed-loop system (CLS) S is a tuple
(9,T,W, D, z), where:

1) Stochastic parameters: W is an r-dimensional real-
valued random variable. We denote with w a realization
of W. W models system parameters that are not under the
control of the system designer, for example, uncertainties
in some of the system parameters or the plausible initial
states of the system.

2) Uncontrollable inputs: D is a g-dimensional discrete-
time real-valued stochastic process (e.g., random noise).
We denote with d a realization of D. D models uncon-
trollable inputs from the environment, e.g., disturbances,
Sfaults, inputs from other systems or users.

3) Design parameters: Vector z € R! models system param-
eters that the designer can choose.

4) Output function: For each continuous time point ¢t € R,
the output y(t) of our system is computed through func-
tion g as follows:

y(t) =g (’U}7H(T, d)|[0,t)7zat) (D

where H (T, d)]o,¢) is the restriction of H (T, d) to time
interval [0, ).

Positive real value 7' defines the holding time for the
discrete values from d € D.

Value y(t) € R™ is an m-dimensional real-valued vector.
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Since here we are only interested in evaluating the system
KPIs, in our setting y(¢) will be the value of such KPIs at
time ¢ when the system design parameters are set to z.

A realization (w, d) for the pair (W, D) will be named oper-
ational scenario (or just scenario in the following).

We are interested in evaluating the value of the system
KPIs at the end of a simulation. So, let 7T}, be our time hori-
zon, we are interested in evaluating g(w, H(T', d)|j0,1,), 2, Th)-
Since, in our setting, 7" and T}, are fixed once and for all, by
abuse of language, in the following, we write g(w,d, z) for
g(w, H(T,d)|0,1,), %, Th). Our goal is to select the system
design parameters z so that, for all plausible (i.e., that can
actually materialize) operational scenarios, we have y(7},) < 0,
that is g(w, d, z) < 0. In the following, we formalize such a
requirement.

Definition 2: A QG control design problemis atuple (S, ¢, §)
where S is a CLS as in Definition 1, and €, § € (0, 1). A solution
to such a problem is a value z € R such that, with probability
at least (1 — ¢), we have: Pr[—(g(W, D, z) < 0)] < e.

In other words, a QG control design problem asks us to select
system parameters z so that with statistical confidence at least
(1 — ), the probability that an operational scenario (w,d) €
(W, D) violating the system requirements materializes is at most
E.

In our setting, we cannot rely on any hypothesis on the distri-
bution probability of the parameters W, the stochastic process
D modeling uncontrollable inputs, and the system dynamics g.
In such a general setting, the main challenge to overcome when
solving a QG problem is showing that a given candidate solution
is robust enough to withstand, with the desired probability, all
operational scenarios.

We address such a challenge by first identifying an algorithm
that can correctly solve our problem from a mathematical per-
spective (this is done in Section III-B) and then devising an
efficient engineering of the proposed algorithm so that we can
actually use our algorithm on industrial size problems (this is
done in Section IV).

B. Solution Algorithm

Our algorithm for solving the QG control design problem
in Definition 2 is shown as Algorithm 1. Theorem 2 states its
correctness.

Theorem 2: Let (S, e,0) be as in Definition 2. Upon termi-
nation, Algorithm 1 returns z such that:

1) if z =1, then the problem has no solution;
2) otherwise, z € R is a solution to it.

Proof: Note that H(T', d)][,) depends only on a finite num-
ber of values of d, namely those at time points before .

Thus, since horizon 7}, is finite, a scenario (w,d) can be
finitely represented by encoding d as a finite vector of values.

Let S be a set of scenarios. In the following, we write
9(S,z) < 0forV(w,d) € S [g(w,d, z) <0].

Furthermore, we denote with ¢(S) the function such
that ¢(S)(z) = ¢(S, %), and with the lambda expression
rwd.[g(w, d, z) < 0] the function taking as argument a scenario
(w,d) and returning 1 if g(w, d, z) < 0 and 0 otherwise.
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Algorithm 1: Algorithm for QG Control Design.
require: £,0 € (0, 1)
ensure: z € Rlor z =1
: BBO < a BBO oracle > Section II-A
: S < anonempty set of scenarios (w, d)
: C' < ); > Counterexamples
: repeat
S+ SuUC;
z <~ BBO(g(5)); > Section II-A
if z =1 then
return | ; > BBO problem infeasible
C <+ SMC(e, d, Mwd.[g(w, d, z) < 0]); > Section II-B
10: until C = 0;
11: return z;

R AR N

As an initial step (line 2), Algorithm 1 inserts into set S a
number of scenarios. Any positive number will do. This affects
performance, but not correctness.

From the current set S, in line 6, we compute a design solution
(if any) z € R, by solving the feasibility problem g(S), as
described in Section II-A.

If g(S) does not have a solution, (i.e., the BBO oracle returns
1), we terminate and conclude that no design parameter z exists
that satisfies the given constraints on the KPIs for all scenarios
in S.

During the SMC step (line 9), by using the algorithm in
Theorem 1 in Section II-B, we check whether our computed so-
lution z satisfies the required formal quality guarantees. Namely,
we check that, with probability at least 1 — 4, the probability that
a scenario (w, d) such that —(g(w, d, z) < 0) materializes is at
most €.

If the set C' of counterexample scenarios computed in line 9
is empty we are done, and our thesis follows from Theorem 1.
Otherwise, we add the counterexample scenarios in C' to our set
of scenarios and start a new algorithm iteration from line 5. W

Remark 1: The presence of the stochastic parameter W in
Definition 1 makes the CLS input a nonergodic stochastic
process. This implies that it is not enough to assess KPIs
(i.e., g(S, 2)) using a single, long enough simulation. We must
also evaluate our system on a large enough number of re-
alizations (scenarios). The role of SMC in Algorithm 1 is
exactly to evaluate when enough scenarios have been con-
sidered to attain the sought guarantee about the solution
quality.

IV. ALGORITHM DESIGN

In this section, we describe how we engineered Algorithm 1.

A. BBO Solver, Line 1

Since there exists no program implementing what, in Sec-
tion II-A, we termed BBO oracle, we use NOMAD [3], [4] as
a BBO solver. This is safe, since we are solving a feasibility
problem. Indeed, NOMAD might fail to return a solution when
one exists, but it will never return a value z € R’ that is not a
feasible solution.
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Fig. 1. Case study: overall model.

B. Initial Scenarios, Line 2

From the proof of Theorem 2, we know that any nonempty
initial set .S of scenarios yields a correct algorithm. However,
the choice of S may have a critical impact on the algorithm
performance. Indeed, choosing a foo small set S could yield
the BBO step in line 6 to find a solution z that would likely not
withstand other, unseen scenarios. This would make more likely
the subsequent SMC phase fail, and this, in turn, by producing
a nonempty set C' of counterexample scenarios (line 9), would
likely yield a high number of iterations of the repeat-until loop.
On the other hand, choosing a oo large S would likely require
a significant computational effort for all such scenarios to be
simulated at each step of the BBO solving routine (line 6).

Our algorithm depends on hyperparameter ng, which defines
the number of initial scenarios to be randomly sampled and
stored into set S. Experiments show (see Section VI-C) that
a good value for ng is the number of available CPU cores.

C. BBO Step, Line 6

As already stated, our idealized BBO oracle is safely replaced
by the BBO solver NOMAD.

D. SMC Step, Line 9

We follow the approach of Section II-B with an important
caveat to boost performance. From the proof of Theorem 1, it
follows that any choice for the number of returned counterex-
ample scenarios (set C') will preserve soundness of the overall
algorithm. However, the actual choice of how many counterex-
amples to return might impact the overall performance.

To this end, we equip our SMC algorithm with a second hyper-
parameter n, and terminate each SMC step either by declaring
the candidate solution feasible (case C' = (§), or immediately
after having collected the first n; counterexamples. Thus, the
value of n; actually defines an early SMC termination policy
that can be disabled by setting n; to 4+oc0.

In Section VI-C, we show that a suitable early SMC termina-
tion policy is critical, as it greatly affects the completion time of
each SMC step, the number of iterations of the main loop, and
the completion time of each BBO solver run, and that a good
value for n, is, as for ng, the number of available CPU cores.

E. Termination

In principle, we may discover counterexample scenarios,
i.e., scenarios violating our requirements, at each SMC step,
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and this would result in an infinite sequence of BBO and SMC
phases. This is especially true in case of design errors in the
plant, which hinder the existence of a satisfactory controller.

To guarantee termination in all cases, along the lines of
iterative improvement Al methods, our engineered algorithm is
equipped with a user-specified time budget, after which it stops
declaring that no solution was found.

V. CASE STUDY

We evaluate our approach on an industrial case study of
realistic size, namely the design of control parameters for a heat
network modeled with the Modelica language.

The model (see Fig. 1 for a high-level view and the online
repository associated to this article! for full code) is entirely
built on first-principle equations, namely dynamic balances of
mass, energy, and momentum. Zero-dimensional fully mixed
models are used for “short” components like heaters and valves.
One-dimensional elements (most notably, pipes) are spatially
discretized according to the finite-volume approach, comprising
nonlinear relationships between flows and pressure drops as well
as to describe heat transfer (e.g., the Dittus—Bolter correlation).
Controllers are represented as digital algorithms executed at
constant rates.

As a result, the model comprises a highly nonlinear hybrid
DAE system, with 1276 equations, 492 of which are nontrivial
(i.e., not related to component interconnection), containing 152
continuous state variables and 38 discrete ones, plus 7 algorithm
blocks. Pseudorandom generators are used to produce stochastic
load profiles on top of an average daily behavior, so as to subject
the system to boundary conditions with a realistic variability
over time.

Notwithstanding its complexity, far within the reach of mod-
ern simulation tools but quite remarkable when talking about
BBO, the observed simulation time is good: with OpenModelica
1.21.0, configured to use the DASSL variable-step DAE solver,
an entire simulation run completes on average within 5.65 s
(stddev 1.18 s), on an off-the-shelf workstation (CPU AMD
EPYC(R) 7301 @2.2 GHz, 256 GB RAM).

For such a system, we wish to compute values for design
parameters z € R?® (Definition 1) modeling set points for time,
temperature, and pressure of switches between different control
strategies, satisfying two conflicting requirements: 1) the AP
must be below a given bound bap; 2) the average return temper-
ature violation (ARTV) must be below a given bound bagrry.

AP at time ¢ >0, AP(t), is [t~ [; p(7)dr], where p(t)
is the system’s power requirement at time ¢. ARTV at
time t > 0, ARTV(t), is [t~! fot RTV(7)dr], where RTV(t) =
max{0,30 — RT(¢)} is the return temperature violation at time
t, i.e., how much the return temperature of the heating station,
RT(t), is below the target value of 30 °C.

We set our stochastic uncontrollable input process D as white
noise modeling uncertainties in the load profiles, and stochastic
parameter w as a heat transfer coefficient (gammaloss in the

1 [Online]. Available:
2025

https://github.com/RAISE-Sapienza/qg-design-tii-
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Modelica model) used to model the loss of heat from the heat
exchanger in a substation. Time horizon is set to 7}, = 3 days.

Thus, from Definition 2, we have g(w,d,z) = (AP(T}),
ARTV(T},)) — (bap, bartv) < 0. By changing b= (bap,
barTv), we can tighten (decrease b) or relax (increase b) our
requirements. Accordingly, for short, we will regard b as our
system design requirements.

VI. EXPERIMENTS

We experimentally evaluate our approach by computing QG
controls for our case study in Section V, and aim at answering
the following three questions.

1) What is the quality of the designed controls (in terms
of bounds b = (bap, barrv) to our two KPIs), and how
they compare to non-QG controls, i.e., controls computed
based on a single scenario only, defining the nominal
system inputs (see Section VI-A).

2) What is the impact, on the overall performance, of SMC
(and its error and confidence thresholds ¢ and §) to for-
mally guarantee the quality of each candidate control (see
Section VI-B).

3) Whatis the impact on the overall performance of the num-
ber of initial scenarios and of the SMC early termination
policy (parameters ng and n;, Section VI-C).

Each experiment was conducted over the 32 cores of an off-
the-shelf workstation (AMD EPYC(R) 7301 CPU @2.2 GHz,
256 GB of RAM), by relying on an executable system simulator
generated via OpenModelica v1.21.0, and on NOMAD v4.3.1
as BBO solver.

A. Quality of Computed QG Controls

For these experiments, we considered the tightest SMC
thresholds among those considered in Section VI-B (i.e., ¢ =
§ = 1 x 1073) and the values for the number of initial scenarios
(parameter ng = 32) and for SMC early termination policy
(parameter n; = 32) that, on average, show the most predictable
(usually the best or near-best) computation time, as discussed
in Section VI-C (see those forthcoming sections for an in-depth
analysis).

As a baseline against which to compare the quality of the
designed QG controls, we considered a nominal input scenario
defined (see Definition 1) by using the nominal (i.e., average)
value for w and by turning off noise d superimposed to the
nominal load profile. We then designed controls that satisfy var-
ious bounds for our KPIs under such nominal scenario (non-QG
controls). Fig. 2 shows a discretized Pareto front (grey dots) of
the successfully computed non-QG controls over a grid for the
bounds of our two conflicting KPIs. Pareto optimality of such
points (on the grid) has been inferred by observing the failure
of our approach (within a generous timeout of 24 h) to compute
correct (non-QG) controls in the points denoted by grey x’s in
the figure.

Fig. 2 also shows the discretized Pareto front (blue dots) of the
successfully computed QG controls. Obviously, non-QG con-
trols dominate QG controls, since satisfying only the nominal
scenario is a much more easily attainable goal for a control
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Fig. 2. Discretized Pareto fronts of QG (blue) and non-QG (grey)

controls (e = § = 1 x 10~3); computation time; actual quality of non-QG
controls.

system. Also computation times are higher, jumping from 3 to 20
min as of non-QG controls to a few hours when quality guarantee
is requested.

However, such more easily computable non-QG controls
easily fail when the system is fed with non-nominal scenarios:
indeed, in Fig. 2, for each Pareto optimal non-QG control (grey
dot), we show (light-grey bordered dots) the minimum values
(on the grid) for the KPI bounds that it actually satisfies, when
verified by SMC on non-nominal scenarios (again € =J =
1 x 1073). This clarifies that such non-QG controls introduce
a substantial design error, and may expose the system to clearly
suboptimal performance and Pareto nonoptimality. For example,
an error on AP KPI bound indeed witnesses a substantially
wrong prediction of the power consumed by the system (as high
as 50 kW i.e., +23.25%, for the rightmost non-QG control in
the figure), and directly results in a non-negligible financial loss.
We also point out that the outcome of this kind of design errors
is unpredictable, thus, not easily manageable at design time.

B. Impact of SMC on Performance

Fig. 3 shows an in-depth analysis of the time needed to
compute the four Pareto-optimal QG controls denoted with blue
squares in Fig. 2 (evenly spaced throughout the Pareto front and
representative of all the others).

Namely, for each such control, the figure shows the breakdown
of the computation time among the BBO and the SMC steps in
each algorithm iteration (starting from the bottom), where we
kept ng = n; = 32 as in Section VI-A, but varied the values
of the two SMC parameters ¢ and § (for succinctness, we
always kepte = ¢, whilst an analysis encompassing also e # 4 is
available in the online repository associated to this article'). The
heights of bar stacks associatedtoe = § = 1 x 1073 correspond
to the computation times shown in Fig. 2.

The number on top of each bar is the overall number of
scenarios simulated by our algorithm during the design of that
control, whilst the number within each bar referring to an SMC
step denotes the number of counterexample scenarios found
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Fig. 3. Impact of SMC on performance: breakdown of computation
time (BBO and SMC steps in each algorithm iteration) for QG controls
denoted by blue squares in Fig. 2 for various values of € and §.

during that step, and acquired, as additional constraints, into
the next BBO step.

From the figure, it clearly emerges that the time devoted to
the guarantee assessment of candidate solutions (SMC steps)
largely dominates the overall computation time, especially when
the tightest guarantees are sought (¢ = § = 1 x 1073), in which
cases a higher number of simulations is required and a higher
number of counterexample scenarios is also often generated at
each SMC step (although always upper bounded by n; = 32).
Conversely, the figure shows that the overall computation time
can be drastically reduced by 2—3 times, and easily to less than
1 hour, by requiring slightly looser quality guarantees (i.e., just
slightly larger values for € and 9).

C. Impact of the Number of Initial Scenarios and of the
SMC Early Termination Policy on Performance

Fig. 4 shows, in the same style as Fig. 3, the time needed
to compute the same four Pareto-optimal QG controls (those
denoted by blue squares in Fig. 2, and again split into the BBO
and SMC steps of each algorithm iteration, starting from the
bottom), where we kept e =90 =1 x 1073 as in Fig. 2, but
varied the values of ny (number of randomly sampled initial
scenarios, Section IV-B) and n; (early SMC termination policy,
Section 1V-D). Here, we used a generous timeout of 24 h to
forcibly terminate some runs.

The figure shows that the most predictable computation times
(which are often the best, or near-best) are achieved with
no = n; = 32. These are the values we actually fixed in the
experiments of Figs. 2 and 3.

The observed behavior can be explained by observing that
32 is the number of CPU cores of our workstation. Hence,
these values are likely to enable an efficient execution of the
multicore BBO solving process, with one parallel thread per
initial scenario, and a moderate increase (throughout the various
iterations of the algorithm) of the number of scenarios to be
considered as additional constraints (at most one additional
scenario per algorithm iteration per CPU core). At the same
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Fig. 4. Impact of the number of initial scenarios (ng) and of the early
SMC termination policy (n;) on performance: breakdown of computation
time (BBO and SMC phases along each algorithm iteration) for QG
controls denoted by blue squares in Fig. 2 for various values of ny and
n;. Timeout: 24 h. (a) ng = 1. (b) np = 32. (c) ng = 64.

time, such a value for n; enables the early termination of each
SMC step, whose time share is typically the highest (as shown
in Fig. 4).

Indeed, higher values for n; might severely increase both the
completion time of each SMC step, and that of the forthcoming
BBO steps, as the BBO solver could be overwhelmed with too
many additional constraints to handle (often thousands when

IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. 21, NO. 5, MAY 2025

n; = oo). Conversely, smaller values for n; could yield too few
counterexample scenarios to be added into the problem solved
during the forthcoming BBO steps. This, in turn, makes more
likely that the candidate solutions found by the solver in the next
iterations will be rejected during verification. All this would
likely result in more iterations (see, in particular, the bars of
Fig. 4 referring to n; = 1).

Analogous issues might occur, although with lower severity,
when initializing the algorithm with a single (ng = 1) or too
many scenarios (ny = 64).

VIl. CONCLUSION

In this article, we presented a scenario-based approach that,
by exploiting the synergies among simulation, BBO, and SMC,
allows us to automate the design of QG industrial size control
systems, i.e., control systems for which a user-specified statisti-
cal guarantee on correctness holds over the possible operational
scenarios.

We showed experimentally that, within a few hours of compu-
tation on an off-the-shelf workstation, we can compute QG con-
trols (with very tight quality guarantees) for adynamic Modelica
model of high fidelity and industrial size and complexity. Also,
we successfully computed an entire discretized Pareto front of
optimal QG controls over two conflicting KPIs.

To the best of authors” knowledge, our approach is the only
one viable when no closed form is available for the KPIs of
the system under design. However, if a closed-form expression
is available for the system KPIs, then, obviously, white-box
scenario-based approaches (e.g., [2], [9], [10], [11]) should be
preferred, as they will usually be computationally more efficient
(see, e.g., [32, Sec. 10.6], which shows how a straightforward
white-box method—gradient descent—is typically more effi-
cient than many of the state-of-the-art BBO methods). Ac-
cordingly, our approach should be used only when white-box
scenario-based methods are hindered because no closed-form
expression is available for the system KPIs.
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