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What price to pay? Auto-tuning a building MPC controller for optimal economic cost

Jiarui Yu , Jicheng Shi, Wenjie Xu, Colin N. Jones

• Constrained Bayesian Optimization of MPC controller in
building control.

• It yields superior performance compared to a computa-
tionally intensive MPC.

• Guidance on selecting from different electricity plans un-
der customized constraints.

• Up to 20% monthly saving compared with the worst con-
tract.
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Abstract

Urbanization and rising energy demand make efficient building control essential. Demand-side management (DSM) programs have
been introduced to help balance consumption and grid stability but also introduce complexity, making it harder for consumers to
identify the most cost-effective options. To maximize savings while maintaining comfort, buildings must adapt to fluctuating energy
prices. Traditional rule-based control struggles with such variability, while model predictive control (MPC) offers a more flexible
and predictive solution. However, MPC’s performance depends on well-tuned hyperparameters, which vary across DSM programs.
Conventional controller design often overlooks this, leading to suboptimal performance due to environmental disturbances, modeling
inaccuracies, and poor adaptation to pricing schemes, ultimately increasing costs.

To address these challenges, we propose a performance-oriented MPC tuning method using the constrained Bayesian optimization
algorithm, CONFIG. This approach ensures global optimality while satisfying black-box constraints. It efficiently identifies the
optimal costs and corresponding hyperparameters, providing consumers with insights into DSM program selection and controller
configuration. We validated the method through a case study on the BOPTEST building simulation platform. An MPC controller
based on a linear data-driven model was designed to reduce commissioning costs and improve computational efficiency. It was then
optimized to match the performance of a computationally intensive MPC controller. Results show that the optimized MPC can
reduce household electricity costs by up to 26.90% compared to a rule-based controller under the same constraints. Additionally, an
analysis of 12 real electricity contracts in Belgium found that selecting the most cost-effective option can lower monthly bills by up
to 20.18%, highlighting the impact of contract selection.

Keywords: Demand-side management, Performance optimization, Constrained Bayesian optimization, Model predictive control

1. Introduction
Rapid urbanization and population growth have significantly

increased global energy demand and carbon emissions, placing
immense pressure on the environment and energy infrastruc-
ture. Buildings account for about 34% of global energy use [1],
with nearly half consumed by HVAC systems [2]. To enhance
grid stability and operational efficiency, price-based demand-
side management (DSM) programs—such as time-of-use, real-
time, and critical peak pricing—have been widely implemented.
These programs encourage consumers to shift energy usage in
response to fluctuating electricity prices, thereby helping balance
grid load and improve operational efficiency.

Despite these benefits, DSM programs introduce challenges
for consumers and building operators. They must select among
a wide range of electricity contracts with different rates, peak
pricing structures, and time-based tariffs [3]. Selecting the most
cost-effective contract is difficult, especially when combined
with the need to optimize building control strategies that mini-
mize costs while maintaining occupant comfort. Existing ser-
vices that support contract selection guidance [4, 5] typically
analyze historical data to predict electricity usage patterns [6]
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and recommend suitable contracts. However, selecting the right
contract alone is not sufficient. Greater cost savings can be
achieved by adapting electricity consumption through controllers
designed for specific pricing structures [7]. Implementing such
an approach requires advanced control strategies, but traditional
rule-based controllers often struggle with the complexities of
dynamic pricing schemes [8].

Model Predictive Control (MPC) has emerged as a promis-
ing solution to these challenges, leveraging its ability to pre-
dict future energy prices and building thermal dynamics [9].
This predictive capability enables superior performance and
greater robustness in managing buildings under various DSM
billing contracts, such as time-of-use pricing [10], critical peak
pricing [11], and real-time pricing schemes [12], by allowing
the controller to anticipate cost variations and adjust energy
use accordingly. For example, Yang et al. [12] developed an
MPC controller designed for highly dynamic electricity prices in
demand-responsive building control. Compared to two conven-
tional controllers, their MPC implementation reduced heating
energy consumption by up to 13.8% and electricity costs by up to
70%, all while maintaining acceptable comfort levels. However,
MPC’s effectiveness depends on carefully selecting cost and
constraint functions, as well as key parameters such as model
structure and coefficients, to achieve optimal performance [13].

Yet, the conventional MPC design process typically follows
two separate stages [14]: building model construction and con-
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Nomenclature
Abbreviations
ANN Artificial Neural Network
ARX AutoRegressive model with eXogenous inputs
BO Bayesian Optimization
CDF Cumulative Distribution Function
CONFIG Constrained Efficient Global Optimization
DS M Demand-side Management
GA Genetic Algorithm
HVAC Heating, Ventilation, and Air Conditioning
i.i.d Independent and identically distributed
MIQP Mix Integer Quadratic Programming
ML Machine Learning
MPC Model Predictive Control
NN Neural Network
PMV Predicted Mean Vote
RL Reinforcement Learning
Variables
β1/2 Weighting parameter in CONFIG
g Performance constraint
ϵ Slack variable for temperature constraints
λ Gaussian process noise variance
U Constraint set for control input

Y Constraint set for indoor temperature
J Performance objective
Θ Sample sequence
θ Tuning parameters in CONFIG algorithm
A(q) Coefficient for previous output
K Total number of iterations in CONFIG
N Total time steps
n Total number of DSM programs to choose from
R Linear penalty coefficient for heating power
S Penalty coefficient for slack variable
td Time delay
u Input heat pump power
y Indoor Temperature
yre f Temperature setpoint
Subscripts
0 Measurement of objective in CONFIG
1 Measurement of constraint in CONFIG
con f ig For CONFIG problem
k Iteration steps for CONFIG
mpc For MPC problem
t Index of time steps for building model

troller design. The modeling stage aims to accurately predict
building dynamics. To reduce engineering effort across diverse
buildings, researchers have explored a variety of modeling tech-
niques. Resistor-Capacitor (RC) models have been used for their
physical interpretability and simplicity [15, 16]. Behavioral mod-
eling approaches capture occupancy and usage patterns directly
from data [17]. Gaussian Process models offer probabilistic
predictions with quantified uncertainty [18], while Neural Net-
works enable high-capacity, data-driven modeling of complex
thermal dynamics [19–21]. These methods construct models
from building performance data by minimizing prediction errors.
After model construction, MPC controllers are designed with
objectives and constraints tailored to different electricity billing
contracts [12], stochastic environments [22], and dynamic es-
timates and predictions [23]. However, real building systems
are subject to various disturbances and complex nonlinear com-
ponents, making it inherently difficult to perfectly estimate pre-
dictive models or control objectives. For instance, data-driven
models often suffer from underfitting or overfitting [24], leading
to poor generalization in real-world scenarios. This estimation
mismatch complicates control decisions, especially when dif-
ferent MPC components are tuned separately. Without a joint
tuning approach, misalignment between model predictions and
control objectives can degrade overall performance. Research
shows that higher prediction accuracy does not necessarily im-
prove control outcomes, as models may fail to generalize [25],
noises and uncertainties [26], or unmodeled dynamics [27]. To
address these challenges, a joint tuning approach that optimizes

all significant hyperparameters is essential for ensuring reliable
and effective real-world performance.

Several studies have explored performance-oriented con-
troller design for building control. For example, [28] applied a
primal-dual contextual Bayesian optimization method to tune a
PI controller, reducing energy use while maintaining comfort.
Similarly, [29] used Bayesian optimization for HVAC setpoint
tuning, and [30] employed an iterative optimization technique
to determine optimal deployment strategies for multi-energy
storage at the cluster level. However, these works did not use
MPC and therefore lacked the predictive capabilities necessary
for DSM pricing environments. More recent efforts have inves-
tigated MPC tuning. [31] used a heuristic search algorithm to
tune the LSTM-based MPC controller, while [32] applied sample
average approximation as a surrogate to evaluate controller per-
formance under uncertainty. These approaches, however, may
struggle with local minima despite using multi-start strategies.
Bayesian optimization has been applied to mitigate this issue
and is effective for optimizing black-box objectives, such as total
energy cost [33]. However, most existing BO-based MPC meth-
ods do not support black-box constraints [33], such as long-term
comfort violation limits, or require manually identified reference
models [34], limiting their scalability.

This limitation is particularly critical in DSM-based building
control, where the goal is to minimize electricity cost under
complex pricing contracts while maintaining long-term comfort.
Due to model inaccuracies and limited prediction horizons, MPC
can only approximate these long-term closed-loop outcomes. In
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practice, comfort satisfaction can only be evaluated through
extended simulation or deployment, making them black-box
functions in the control design process. Although constrained
Bayesian optimization techniques—such as CONFIG [35]—can
handle black-box objectives and constraints, their application
to MPC tuning for DSM-based building control remains largely
unexplored. This raises a critical question: can such methods
reliably deliver cost-effective and comfort-compliant control
across diverse real-world electricity contracts?

To address this gap, we propose a performance-oriented
MPC design framework based on CONFIG [35], an efficient
constrained Bayesian optimization method that ensures global
optimality while satisfying black-box constraints. The proposed
framework is validated through a complex building control task
involving various DSM electricity contracts. The key contribu-
tions of this work are summarized as follows:

1. An MPC design framework is proposed for building con-
trol, which leverages CONFIG to automatically tune hy-
perparameters under black-box objectives and constraints,
providing global optimality guarantees.

2. The framework was validated by optimizing an MPC
based on linear data-driven model for efficient building
control. The optimized MPC achieved superior perfor-
mance compared to a computationally intensive MPC.

3. In the case study, the performance of the optimized MPC
controller was evaluated under 12 real billing contracts
in Belgium, as shown in Table 5, offering guidance for
contract selection. The comfort constraint, defined using
a cumulative distribution function, was satisfied under all
contract scenarios in the closed loop.

2. Problem Statement
This paper presents a hyperparameter offline tuning approach to
optimize the performance of an MPC building controller under
various electricity billing contracts. Let θ be a vector of tuning
parameters for an MPC controller and B ={B1, B2, . . . , Bn} be
the set of potential electricity contracts. The total electricity
cost over a considered time period T is denoted as C⋆ and the
contract selection problem to be solved is

Cmin = min
B∈B

C⋆(B) (1)

We define the control law as π(y; B, θ), which is a function of
the state y and is parameterized by the energy contract B and the
controller parameters θ. Given the control law π, we define the
closed-loop state and input trajectories as z(B, θ) = {(y0, u0), . . . ,
(yT , uT )} over the tuning period T . The details of the control
law implementation as a generic MPC controller are given in
section. 4.3.

We then define the controller tuning problem as

C⋆(B) = min
θ

C(z(θ, B), B) (2)

s.t. g(z(θ, B)) ≤ 0 (3)

where C(z, B) is the total financial cost of the trajectory z under
the contract B, and g measures the comfort of the occupants of
the building.

3. Methodology
3.1. Overview
First, historical data from a building controlled by a local con-
troller is collected to identify a parametric building model. No-
tably, the local controller can be arbitrary, and the collected
data is used solely to model building dynamics, not to predict
electricity usage patterns. Next, as shown in Fig. 1, an MPC
controller is formulated with a predefined cost function (objec-
tive) and constraint functions, which are then integrated into
the building simulator. This study focuses on offline tuning
problems, with online deployment reserved for future work.
Third, building simulation data over the same time span is used
to evaluate the MPC controller’s performance. Key metrics,
such as total electricity bills and indoor thermal comfort, are
input into the CONFIG algorithm, which then determines new
parameters for the MPC controller, forming an optimization cy-
cle. Our performance-oriented optimization approach leverages
digital twin technology [36], enabling detailed simulations and
modeling that provide a reliable representation of real building
behavior without disrupting or altering the physical system.

With this framework, the optimal hyperparameter set and
the corresponding electricity cost for a given billing contract
can be obtained efficiently. Finally, by comparing the optimal
results of various contracts, we provide guidance for consumers
to select the most economical option and offer tailored control
recommendations.

3.2. CONFIG algorithm
Before deploying controllers in buildings, the relationships among
hyperparameters, objectives, and constraints are often unclear.
Consequently, optimizing control parameters becomes a black-
box problem, typically solved using Bayesian Optimization
(BO). BO employs probabilistic surrogate models, such as Gaus-
sian processes, to approximate objectives, enabling efficient
exploration of complex, high-cost parameter spaces. By strategi-
cally selecting the next parameter set based on prior observations
and acquisition functions, BO achieves strong performance with
minimal evaluations.

Within the BO framework, CONFIG [35] outperforms other
methods by effectively balancing exploration, exploitation, and
constraint satisfaction. It provides theoretical guarantees for
global convergence while modeling black-box constraints, en-
abling compliance with complex consumer requirements that
are challenging to embed in controllers. By ensuring global
optimality, CONFIG identifies the best parameter combination
and minimizes costs under specific billing contracts. For these
reasons, we selected CONFIG as the optimization algorithm for
this work.

Fig. 2 illustrates the CONFIG algorithm using a simple one-
dimensional example. In a building control optimization prob-
lem, each point represents a vector of tuning parameters. This
point is fed into a black-box function, which, in this study, is

3



MPC controller 
performance

Control 
sequence

MPC inner 
optimization

Building 
model

Prediction

MPC controller

Building Model

Cost function

Building simulation 
controlled by MPC

MPC formulation

MPC formulation Integrating MPC 
into the building

Performance analysis

Performance feedback for Bayesian optimization 

CONFIG BO

Update 𝜽

Building Simulation 
Tuned 

parameters

Parameters
𝜽, B

Control law
𝝅(𝐲; 𝜽, B)

State trajectory
z(𝜽, B)

C(z(𝜽, B)), g(z(𝜽, B))

Figure 1: An overview of the approach for developing the performance-oriented MPC controller tuning in building control

the building simulation platform. Performance metrics are de-
rived from the black-box function’s outputs and, along with
the corresponding points, form the sampled data. A Gaussian
process (GP) is applied to the sampled data to surrogate the
black-box function’s behavior, providing a mean (the blue line
in the upper figure) and confidence interval (the blue area in the
upper figure). CONFIG selects the next sampling point using the
lower confidence bound (red line) by identifying the point with
the lowest performance metric. This point is then evaluated by
the black-box function, initiating a new iteration. The process
repeats until reaching a predefined number of iterations. While
CONFIG incorporates constraints, they are not depicted in this
example. Further details are provided in sections 3.3 and 3.4.

3.3. Gaussian process regression
For CONFIG BO in our paper, the unknown objective func-
tion is C(z(θ, B), B) and the unknown constraint is g(z(θ, B)).
Gaussian process surrogate functions are employed to model
their behaviors. Specifically, we introduce a Gaussian process
GP(0, ki(·, ·)), i ∈ {0} ∪ {1} as well as an i.i.d Gaussian zero-
mean noise model with noise variance λ. Let h0,k denote the
measurement of the objective C(z(θk, B), B) with sample θk at it-
eration k. Let Θk denote the sample sequence (θ1, θ2, . . . , θk). To
be noted, this measurement is influenced by the independently
distributed σ0 sub-Gaussian noise introduced in the Gaussian
zero-mean noise model. Similarly, for the measurement of the
constraint g(z(θk, B)), we introduce h1,k which is also corrupted
by sub-Gaussian noise. For the Gaussian process, the following
functions for θ and θ′ are introduced,

µ0,k(θ) = k0(θ1:k, θ)⊤(K0,k + λI)−1h0,1:k (4a)

k0,k(θ, θ′) = k0(θ, θ′) − k0(θ1:k, θ)⊤(K0,k + λI)−1k0(θ1:k, θ
′) (4b)

σ2
0,k(θ) = k0,k(θ, θ) (4c)

where k0(θ1:k, θ) = [k0(θ1, θ), k0(θ2, θ), . . . , k0(θk, θ)]⊤, K0,k =

(k0(θ, θ′)θ,θ′∈Θk ) and h0,1:k = [h0,1, h0,2, . . . , h0,k]⊤. Through the
same approach, µ1,k(·), k1,k(·) and σ1,k(·) can be obtained. With
these Gaussian process posterior distribution functions, the ac-

quisition function in CONFIG algorithm can be solved and then
the optimal next sampling parameter set is obtained.

3.4. CONFIG for controller tuning
With the preparations outlined in section. 3.3, the performance
oriented optimization is applied as illustrated in Algorithm. 1. A
weighting parameter β1/2

i,k is introduced to balance the decision
of whether to explore further unknown area or to exploit at the
current spot. K represents the total iterations of the CONFIG
algorithm and Θ denotes the space of hyperparameters to be
explored and evaluated. Then the algorithm posts an auxiliary
problem as shown in Line. (5) of the Algorithm. 1. Specifi-
cally, rather than directly solving the constrained minimization
problem with unknown objective and constraints, the algorithm
solves the auxiliary problem with the original objective and con-
straints replaced by their lower confidence bound surrogates.
Before the auxiliary problem is solved, its feasibility is verified
as shown in Line. 3. If deemed infeasible, an infeasibility warn-
ing for the original problem is declared. A theoretical guideline
for selecting the value of β1/2

i,k to guarantee the global optimality
is introduced and proved in [35].
Algorithm 1 CONFIG for Controller Tuning

1: for k ∈ [K] do
2: if minθ∈Θ(µ1,k(θ) − β1/2

1,k σ1,k(θ)) > 0 then
3: Declare infeasibility.
4: end if
5: Update controller parameters with

θk ∈ arg min
θ∈Θ

µ0,k(θ) − β1/2
0,k σ0,k(θ)

subject to µ1,k(θ) − β1/2
1,k σ1,k(θ) ≤ 0, .

6: Run building simulation to get measurements of C(z(θk, B), B)
and g(z(θk, B)).

7: Update Gaussian process posterior mean and covariance with
the new evaluations added.

8: end for
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Figure 2: An overview of the CONFIG Bayesian Optimization method. The point in the flow chart refers to a vector composed of tuning parameters. Data is a point
together with its performance metric obtained from the black-box function. With obtained Data, CONFIG utilized Gaussian progress (GP) to surrogate black-box
function behavior with Mean and Confidence. CONFIG computes the lower confidence bound of the GP and choose the next point with the smallest performance
metric value on the lower confidence bound.

4. Case study: basic settings
4.1. Simulation platform
The simulation platform selected for this work is the Building
Optimization Performance Tests (BOPTEST [37]). Specifically,
the testcase bestest hydronic heat pump was chosen for this
case study. This represents a residential building located in
Brussels, Belgium, modeled as a single thermal zone following
the BESTEST case 900 test case parameters. The residence is
heated by a 15 kW air-to-water modulating heat pump, which
extracts heat from the surrounding air to warm a floor heating
system. The heat pump’s evaporator is assisted by a fan, and
a circulation pump transfers water from the heat pump to the
floor during operation. Further details are provided in Table. 1.
The power of the heat pump is regulated by a modulated heat
pump signal between 0 and 1, with no functionality at 0 and full
capacity at 1.

4.2. Linear data-driven building modeling
To enhance MPC controller performance, the building model
must accurately capture building dynamics. While various mod-
eling techniques exist, we implemented a linear data-driven
AutoRegressive model with eXogenous inputs (ARX) for two
key reasons.

First, data-driven models offer greater adaptability and lower
commissioning costs [38, 39]. Developing physics-based models
requires extensive knowledge of thermal properties, HVAC dy-
namics, and occupancy behavior, making them time-consuming
and computationally demanding. In contrast, data-driven models
learn system behavior from historical sensor data, reducing man-
ual effort. While physics-based models provide interpretability,
their simplifications can introduce inaccuracies. Properly trained
data-driven models can achieve comparable predictive accuracy
at significantly lower costs [40]. Additionally, they adapt to
changes in building usage, weather, and equipment performance,
enhancing long-term control accuracy [41].

Second, linear models are widely used in the building sec-
tor for MPC due to their effectiveness and efficiency [42]. For
example, [43] demonstrated that a physics-informed linear re-
gression model outperformed ML models in real-world appli-
cations. In buildings equipped with heat pumps, linear mod-
els have shown strong control performance in field demonstra-
tions [17, 39]. In addition, [44] compared various models using
the bestest hydronic heat pump test case and found that a linear
data-driven model achieved comparable performance to a gray-
box model [45] and other nonlinear methods. Linear models also
require less data, reducing commissioning costs compared to
nonlinear approaches. Moreover, MPC based on a linear model
requires low computational resources, making it practical for
daily household energy management. A detailed comparison of
computational requirements is provided in section 4.3.

Given the high cost of advanced controllers for typical house-
holds and the adequate expressive capability of linear models,
a linear data-driven ARX model was chosen for the MPC pre-
diction model, as shown in Eq. (5b). Components of the ARX
model are detailed in section. 4.3.

4.3. MPC controller design
Basic Configuration To focus the MPC controller on reducing
the final electricity cost, we formulate it in an economic way.
First, at time step t, we define pt as the electricity price per
kilowatt, yt to be the indoor temperature and ut to be the control
input, i.e. modulated heat pump signal. Then, with ARX model
coefficients A(q) and B(q), the building model in MPC controller
can be formulated as Eq. (5b). uARX is the input for the ARX
model, which is a vector composed of heat pump input u, outdoor
temperature and solar radiation. td is a constant time delay
for ARX model. For the MPC constraints, we introduce Y
and U to be the feasible set of the tth step indoor temperature
yt and control input ut respectively, as shown in Eq. (5c) and
(5e). In this case study, modulated heat pump input is set to be
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Table 1: Building information, HVAC, schedule and tariff summary

Description

Building information 1. A simplified residential dwelling for 5 occupants
2. A single zone with a floor plan of 12 by 16 meters and a height of 2.7 m
3. 12 rooms in the building
4. Exterior walls: consist of wood siding, insulation and concrete block
5. A single window of 24m2

HVAC 1. Air-to-water modulating heat pump of 15 kW nominal heating capacity
2. Floor heating system with water as working fluid
3. Modulating input signal: 0 (not working) to 1 (working at maximum capacity)

Schedule 1. Occupied by 5 people before 7 am and after 8 pm each weekday
2. Occupied full time during weekends

between 0 and 1, while we set an upper bound umax to limit the
power of the heat pump and to reduce the peak power. We set
different temperature constraints for occupied and unoccupied
scenarios. In this way, [T occupy

lb ,T occupy
ub ] and [T unoccupy

lb ,T unoccupy
ub ]

are two constraints for indoor temperature in occupied hours
and unoccupied hours respectively as shown in Fig. 3. To ensure
feasibility, we use a slack variable, ϵ, for soft constraints. R and
S refer to the penalty coefficients for the linear and slack variable
penalties, respectively. Finally, the basic QP MPC formulation
is shown as Eq. (5), where B is a unit ball in an appropriate
norm. It is evident that since all the elements are parametric,
the performance of the MPC controller can be regarded as a
black-box function of the variables includingU, R, A(q), B(q)
and etc.

QP: J∗mpc(y, u) = min
y,u

N−1∑
t=0

Rptut + ϵ
′
t S ϵt (5a)

subject to:
A(q)y(t) = B(q)uARX(t − td) (5b)
yt ∈ Y ⊕ ϵB (5c)
Y = [T occupy

lb ,T occupy
ub ] if t in occupied hours

Y = [T unoccupy
lb ,T unoccupy

ub ] otherwise (5d)
ut ∈ U (5e)
U = [0, umax] (5f)

Minimum Operating Power Issue After integrating the basic
QP MPC into the building simulation, a minimum operating
power (MOP) issue was identified as shown in Fig. 4. When the
modulated input signal is zero, the electricity power remains at
zero. However, when the input signal increases slightly above
zero, fundamental components such as fans of the heat hump,
would activate, resulting in a spike in the electricity power to
approximately 1 kW. Unlike bang-bang control, which only uses
binary inputs and avoids intermediate states, a typical MPC may
output small non-zero inputs. This leads to frequent switching
from 0 to low values, as seen in Fig. 4. These small activations
trigger the heat pump unnecessarily, incurring system operating

with a minimum power without delivering significant thermal
output, thus reducing overall system efficiency. As a periodic
pseudorandom binary sequence (PRBS) signal is employed to
stimulate the building behavior for building model identification,
the ARX model is unable to capture the associated minimum
operating power implications. Consequently, this issue must be
addressed at the control level.

MPC Design We set up a MPC targeted to solve the MOP
issue as shown in Eq. 6. Instead of directly input ut to the
simulator, we have introduced an extra variable called umpc,t

for time step t. The mapping from ut to umpc,t is defined by
function mask(). Then we introduce two approximation methods
to include MOP issue in the MPC as shown in Table. 2.

MOP: J∗mpc(y, u) = min
y,u,α

N−1∑
t=0

RptPelec,t + ϵ
′
t S ϵt (6a)

subject to:

(5b), (5c), (5d) (6b)

ut, Pelec,t ∈ U (6c)

umpc,t = mask(ut) (6d)

For the MIQP MPC case, the relationship between the mod-
ulated signal, u, and the real electricity power, Pelec, can be
approximated as a mixed-integer constraint, i.e. Pelec = ϕ · u+ γ,
where γ denotes the system minimum operating power and ϕ
represents the power to increase per unit of u increase. This
formulation introduces integer variables, making the control
problem a Mixed-Integer Quadratic Programming (MIQP) prob-
lem. A binary variable α (which can be either 0 or 1) is used to
introduce switching behaviors or on-off decisions. For instance,
constraints like 0 ≤ ut ≤ αumax ensure that ut and umpc are both
zero when α is zero, effectively turning off certain control ac-
tions. These mechanisms allow the optimization to incorporate
both continuous control inputs and discrete decision-making,
enhancing the flexibility and applicability of the control strategy.
To be noted, as the identification of the ARX model remains the
same, uARX is still composed of the modulated heat pump input,
ut, and the other environmental variables. For convenience, the
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Table 2: Approximation methods to include MOP issue in the MPC

Approximation Case Details

MIQP MPC U = {(u, Pelec) | 0 ≤ u ≤ umax ∗ α, α ∈ {0, 1}, Pelec = ϕ · u + γ}
umpc = mask(u) = u

Simplified MPC U = {(u, Pelec) | 0 ≤ u ≤ umax, Pelec = ϕ · u + γ}
umpc = mask(u) = 0 i f u < ulow else u
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Figure 4: Minimum operating power illustration and concept of the Simplified
MPC

MOP problem formulation using the MIQP MPC approximation
is referred to as MIQP MPC in the following paper.

As a MIQP problem is computationally expensive and is
challenging to be solved by open-source solvers like SCIP [46],
especially on low-cost commercial chips. To generalize con-
trollers for wide-spread households, in this case study, we pro-
pose another approximation method called Simplified MPC, as
illustrated in Fig. 4 and Table. 2. In order to circumvent the

issue of minimum operating power, we have applied a mask to
the MPC. The lower bound of the mask solves the power issue,
while the upper bound of the mask limits the peak power used
to decrease the peak power penalty in certain DSM programs,
as well as to reduce the overall energy used. Both bounds are
critical to the Simplified MPC performance and are to be tuned
by our optimization framework. This approach eliminates small
input values, avoids system operating at a minimum power, and
keeps the MPC as a quadratic programming problem, making it
affordable for typical households. Similarly, the MOP problem
formulation using the Simplified MPC approximation is referred
to as Simplified MPC in the following paper.

Complexity Comparison In this study, we formulated the
MPC problem with the CVXPY package [47] and solved it
using the MOSEK [48] and SCIP solvers [46]. MOSEK is a
commercial solver that is more powerful than the free solver
SCIP. We primarily utilized the MOSEK solver, but the SCIP
solver was used to illustrate the advantages of Simplified MPC
over the MIQP MPC. Subsequently, under the ddd pricing case
in Table. 5, we compared the average simulation time per step
in January as shown in Table. 3. For the simulations in the table,
QP and MIQP MPC formulations as mentioned in the previ-
ous sections are used with a horizon of 36, a 10th-order linear
data-driven model, one-dimensional state, and three-dimensional
input. Total simulation time is one month and the control resolu-
tion is 15 minutes.

Most simulations in this study were conducted on a powerful

7



computing cluster (Cluster) with 128 GB RAM. To highlight
the impractical nature of commercial use for MIQP MPC in
building control, we also ran simulations on a personal computer
(PC) with 16 GB of RAM, which has less memory than the
computing cluster but can still be better than a low-cost chip.
Results indicate that solving MIQP is more time-consuming than
solving MIQP for both MOSEK and SCIP. It is noteworthy that
solving the MIQP using SCIP on a PC can become unresponsive
(use up all available RAM) at certain steps for extended periods.
To address this, it is necessary to limit the solving time at each
step, albeit at the cost of obtaining a lower-quality solution
compared to the unrestricted case. In this context, the Simplified
MPC is clearly a better choice than a MIQP MPC if they have
similar performance.

Table 3: Average time for solving one step on three runs for January

Case Average solving time [sec]
Cluster PC

MOSEK QP 0.015 0.011
MOSEK MIQP 0.13 0.089

SCIP QP 0.15 0.233
SCIP MIQP 0.80 ∞

The comparison again highlights the infeasibility of deploy-
ing a complex MIQP MPC controller in general households due
to the mandatory use of an expensive commercial solver. In
contrast, the Simplified MPC controller can be solved with a
free solver, although it is slower than with a commercial solver.
However, building management system inputs are typically up-
dated every 15 minutes or longer, providing enough time for a
free solver to solve the QP MPC problem.

4.4. Tuning Variables
Four hyperparameters were selected for tuning with the Simpli-
fied MPC: T occupy

lb , T unoccupy
lb , umax, and ulow. The lower bounds,

T occupy
lb and T unoccupy

lb , are particularly significant, as the indoor
temperature trajectory tends to align with the lower bounds with-
out a tracking reference in the objective, heavily influencing
individual comfort. umax is crucial for limiting the electricity
power applied, thus contributing to cost reduction. Lastly, ulow

addresses the system minimum operating power problem, as
discussed in the previous section. The tuning set is presented
in Table. 4, and optimal values are selected from the specified
ranges.

Table 4: Details of tuning variables for Simplified MPC

Variable ulow umax T occupy
lb T unoccupy

lb
Range [0, 0.8] [0.8, 1] [21, 23] [15, 18]

4.5. Tuning objective and constraints for CONFIG
Objective Function In this work, we aim to reduce the monthly
electricity bill of a household in Belgium, a concern closely
tied to energy consumption and public interest. Unlike simply
reducing total energy consumption, which is the sum of energy
used, reducing electricity bills is more challenging due to the
dynamic and nonlinear nature of electricity pricing. To demon-
strate the effectiveness of our performance-oriented optimization
method for building control, we specifically target electricity

cost minimization as the primary objective.
To provide a more realistic approach, we researched real

electricity policies implemented in Vlaanderen, Belgium [49].
This region was chosen because its contracts include a capacity
tariff (a charge based on the peak power used every 15 minutes
during the month), which makes the pricing policy nonlinear
and difficult to integrate into controllers. For simplicity, we
divided the charges into three components: time-of-use power
charges, capacity tariffs, and fixed charges. A total of 12 distinct
contracts were used and compared, with the details provided in
Table. 5.

For a given electricity contract B, we introduce upeak to be
the max peak electricity power used in 15 minutes of a month,
pB

elec to be the normal electricity price, pB
capa to be the capacity

tariff, pB
f ixed to be the fixed charge, ut to be the electricity power

used in step t, N to be the total simulation time step and then the
objective of a month for CONFIG algorithm can be defined as
Eq. (7).

h0,k = C(z(θk, B), B)

= (
N−1∑
t=0

ut pB
elec,t) + pB

capa ∗ upeak + pB
f ixed (7)

Constraint Function The optimal control of building sys-
tems is a constrained problem. Therefore, in this work, in ad-
dition to the direct temperature constraints in the controllers,
a constraint based on the Predicted Mean Vote (PMV) is in-
troduced to evaluate the actual performance of the controller.
PMV is a comfort index developed by P.O. Fanger [50] to assess
human thermal sensation in indoor environments. It is widely
used in the field of thermal comfort to evaluate how individuals
perceive indoor thermal conditions. The PMV index ranges from
-3 to +3, with negative values indicating cold conditions, zero
representing thermal neutrality, and positive values indicating
warm conditions.

In this project, a relaxed yet more abstract constraint on the
PMV is implemented. Following the guidance in [51], the PMV
value in a new building must remain between -0.5 and 0.5. But
in practice, a few violations are allowed, decided by building
designers and clients. For the PMV constraint implemented
in the CONFIG algorithm, we have introduced a cumulative
distribution function (CDF) integrated with the PMV values. For
each time step, the PMV value is calculated and after the building
simulation, the PMV values are transmitted to the CONFIG
algorithm. As shown in Fig. 5, a CDF is implemented to fit the
PMV series and it is expected that within the occupied hours,
the absolute PMV value at 80% is smaller than 0.5, meaning that
PMV remains within the range of −0.5 to 0.5 for at least 80% of
the time when occupants are present in the room. For contract
B, we introduce PMVB

CDF to be the absolute PMV value at 80%
during the occupied hours and then the constraint function can
be defined as Eq. (8).

h1,k = g(z(θk, B)) = PMVB
CDF − 0.5 (8)

In this research, only one constraint is implemented. How-
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Table 5: 12 Different electricity contract prices in Belgium, Vlaanderen

Name Single
1 Day and night2

Capacity tariff
3

Fixed charge Pricing case
4

Day Night

Easy Dynamic5 - 0.307 0.270 3.35 11.2 ddd
(with capacity tariff) 0.297 - - 3.35 11.2 dds

Easy Dynamic - 0.329 0.292 - 19.6 dnd
(no capacity tariff) 0.319 - - - 19.6 dns

Easy Static Low - 0.278 0.253 3.35 11.2 sdd
(with capacity tariff) 0.270 - - 3.35 11.2 sds

Easy Static Low - 0.300 0.275 - 19.6 snd
(no capacity tariff) 0.392 - - - 19.6 sns

Easy Static High6 - 0.307 0.270 3.35 11.2 sdd
(with capacity tariff) 0.297 - - 3.35 11.2 sds

Easy Static High - 0.329 0.292 - 19.6 snd16

(no capacity tariff) 0.319 - - - 19.6 sns1
1 Unit: For Single and Day and Night, the unit is e/kWh. For Capacity tariff, the unit is e/kW/month. For Fixed charge, the unit

is e/month. The total monthly electricity bill is: (Single or Day and Night)× time of use power + Capacity tariff × peak power
per month + Fixed charge.

2 Day time: 7:00 to 22:00, Monday to Friday; Night time is from 22:00 to 7:00, Monday to Friday, and both weekends
3 A charge based on the peak power used every 15 minutes anytime during the month.
4 Composed of three letters: First:‘d’-dynamic, ‘s’-static; Second: ‘d’-with capacity tariff, ‘n’-no capacity tariff; Third:‘d’-day

and night, ‘s’-single tariff.
5 Dynamic means price for each month is different. The prices shown in the table are for November of 2023. Please find more

details from different contracts in [49] .
6 Static price is decided by the month to sign the contract. Therefore, we have chosen 2 static contracts to compare. ’1’ denotes

the statics contract with higher price.
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Figure 5: Cumulative distribution function constraint of PMV

ever, both the CONFIG algorithm and the PMV integrated CDF
constraint can handle multiple constraints, such as adding a con-
straint requiring that the absolute PMV value at 50% is smaller
than 0.2.

To calculate the PMV, an open-source Python tool package
called pythermalcomfort [52] is employed.

5. Case study: offline optimization with BOPTEST
This section outlines the simulation settings and results of a
case study for the proposed performance-oriented building MPC

controller tuning framework. Firstly, the simulation settings
are introduced. Then, results are discussed in two aspects: (1)
demonstrating the effects and details of the proposed optimiza-
tion framework under a normal pricing scenario (ddd, as shown
in Table. 5), and (2) conducting a comprehensive comparison of
electricity contracts to provide guidance for customers, showcas-
ing the framework’s efficacy in addressing real-world electricity
contract selection problems.

5.1. Baseline controllers
This case study employs three baseline controllers: a basic lo-
cal loop rule-based controller (Baseline), an MIQP MPC con-
troller (MIQP MPC), and an MPC that does not consider sys-
tem minimum operating power (QP MPC). The rule-based con-
troller (Baseline) is already integrated into the BOPTEST sim-
ulation platform and operates using set points, with a higher
setpoint (21.2◦C) during occupied hours and a lower setpoint
(20.5◦C) during unoccupied hours. This approach prevents
abrupt changes in the indoor temperature, which may not be
achievable due to the limitations of the building structure.

The second baseline controller is an MIQP MPC controller
(MIQP MPC) as shown in Table. 2. This controller is specifically
designed to handle the minimum operating power problem, with
hyperparameters set based on expert building system knowledge.
There is no constraint on the modulated heat pump input signal,
as the mixed-integer nature captures the relationship between the
modulated signal and actual electricity power. The lower bound
of the indoor temperature for occupied hours is set to 21.5◦C
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Figure 6: Electricity cost comparison of three different controller. The proposed Tuned MPC can achieve greater performance after tuning in our proposed
hyperparameter optimizing framework than the MIQP MPC controller.

and 16◦C for unoccupied hours. These hyperparameter values
are not precise, as they are not tuned according to real-world
performances, but they can still satisfy the PMV constraint while
reducing electricity bills to a reasonable extent.

The third baseline controller is a QP MPC without account-
ing for the minimum operating power issue (QP MPC) although
it exists in the simulation. The formulation of the QP MPC
follows Eq. (5) and uses the same temperature constraints as the
MIQP MPC. It can also be seen as an untuned Simplified MPC
with ulow = 0, umax = 1, and randomly set temperature lower
bounds. The trajectory difference between the QP MPC and the
tuned Simplified MPC stems from hyperparameter tuning.

5.2. Experiments design
To improve MPC controller performance, simulations are run
over one-month periods for November, December, January, and
February. This duration was chosen to capture the significant
weather variation during these months, as the ARX model strug-
gles to handle such complexity effectively.

To address the two outlined objectives, we designed two ex-
periments. In the first experiment, we compared the performance
of the optimized Simplified MPC (Tuned MPC) and the three
baseline controllers. Four hyperparameters were optimized as
mentioned in section. 4.4. In the second experiment, we tuned
the same hyperparameter set, however, a total number of 12 pric-
ing cases are compared. This required running the optimization
process 12 times and comparing the best performance for each
pricing case. Finally, a guidance for the local household in a
similar scale as shown in Table. 1 was offered.

5.3. Results and discussions
5.3.1. Details of optimization

Firstly, a comparative analysis of the final electricity costs
was conducted for the baseline controller, the QP MPC, the

computationally intensive MIQP MPC controller, and the tuned
Simplified MPC (Tuned MPC) under the same pricing case
(ddd as shown in Table. 5), as illustrated in Fig. 6. To show
the robustness of our optimization framework, the results for
Tuned MPC are averages for four different initial conditions.
It is evident that in comparison to the baseline controller, all
three MPC controllers significantly reduce the final electricity
costs for different months. The cost difference between the
baseline and the QP MPC reflects the profit brought by the
predictive ability of conventional MPC, while the cost difference
between the QP MPC and the Tuned MPC is the profit achieved
by hyperparameter tuning. In fact, the hyperparameter tuning
contributes to as much cost reduction as the predictive ability of
MPC which illustrates the vitality to perform hyperparameter
tuning on MPC controllers in building control and the superior
effects of our optimization framework.

Besides, the Tuned MPC, in particular, has the potential to
reduce these costs by up to 26.90%. For all months, the costs of
the Tuned MPC are consistently smaller than those of the MIQP
MPC. It can be demonstrated that the proposed Tuned MPC
can achieve greater performance after tuning in our proposed
hyperparameter optimizing framework than the MIQP MPC
controller. However, the computational cost of the Tuned MPC
is much lower than that of the MIQP MPC, as demonstrated in
Table. 3.

In specific terms, Fig. 7 highlights that the MPC controller’s
cost savings stem from its superior prediction capabilities, in-
cluding its enhanced knowledge of temperature constraints and
electricity prices compared to the baseline rule-based controller.
For the two MPC controllers, Tuned MPC achieves even slightly
better performance than the computationally intensive MIQP
MPC with its ability to regulate the heat pump input to a specific
range. Additionally, the simulation time of the Tuned MPC is
nearly 40% less than MIQP MPC as expected in the complexity
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One week segment performance of different controllers in January
(One month total cost , Baseline:345 e, QP MPC:304.25 e, MIQP MPC:273.54 e, Tuned MPC:272.26 e)
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Figure 7: Performance comparison of three different controllers
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Figure 8: Cumulative distributive function of absolute PMV during occupied
hours in January. Constraint: 80% of the absolute PMV values during occupied
hours are smaller than 0.5.

comparison part of section. 4.3. While the indoor temperature
trajectories of Tuned MPC and MIQP MPC are quite similar,
Tuned MPC applies more accurate temperature constraints after
optimization, resulting in further cost savings while maintain-
ing comfort constraints. It is notable that the modulated heat
pump inputs computed by MIQP MPC and Tuned MPC exhibit
a non-continuous, jagged shape. This phenomenon is due to

the minimum operating power issue, where using a small modu-
lated heat pump input becomes inefficient, as the power used for
heating is only a small fraction of the total electricity consumed.

To clearly show the precise temperature constraints enabled
by our proposed optimization framework, we have compared
the comfort index CDF of the three controllers as shown in
Fig. 8. From the CDF of absolute PMV values during the oc-
cupied hours in January, it can be observed that while all three
controllers satisfy the comfort constraint (80% of the absolute
PMV values during occupied hours are smaller than 0.5), the
Tuned MPC is most effective in achieving this result through the
precise tuning of temperature constraints and the mask in the
Simplified MPC. Overall, with significantly lower commission-
ing costs in terms of solver and hardware requirements compared
to the MIQP MPC, the Tuned MPC achieves comparable or even
superior performance.

It should be noted that manually tuning these hyperparame-
ters may seem straightforward, such as lowering the temperature
and limiting the heat pump input. However, trial-and-error meth-
ods are impractical due to the black-box nature of the PMV com-
fort constraint, making it difficult to satisfy precisely. We have
also plotted the posterior means in Fig. 9 where a 4-dimensional
sample set are sliced into two 2-dimensional sets for presentation
purpose. Background color represents the level sets of the poste-
rior mean for the objective and constraint function, respectively.
To be noted, the posterior mean of the two variables is com-
puted when the other two variables are fixed at optimal values.
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Figure 9: Level set plots from a 4-dimensional space sliced to two 2-dimensional spaces. The color represents the level sets of the posterior mean for the objective and
constraint function, respectively. For each plot, the left two dimensions are fixed at their optimal values.

Empirically, feasibility is primarily influenced by T occupy
lb with

improved feasibility observed when the T occupy
lb and T unoccupy

lb
are higher, ulow is smaller and umax is larger. However, as the
optimization problem exists in 4 dimensions, there is no clearly
defined feasible region when viewed in 2D. In fact, as shown
in Fig. 10, a single point in the 2D projection may appear fea-
sible or infeasible depending on the values of the other two
dimensions. This interdependence in feasibility also helps to
explain the discontinuity of the feasible and infeasible points in
the projection. This complexity further highlights the need for
an automatic tuning framework to reduce manual effort, which
is often complex, time-consuming, and prone to suboptimal
outcomes.

5.3.2. Comparison of electricity contracts
After validating the proposed performance-oriented MPC

controller tuning method in building control, we analyzed 12
different contracts as mentioned in Table. 5. We hope our perfor-
mance oriented MPC controller tuning framework for building
control will serve as a guide for the customers in Belgium to
better choose an electricity contract, i.e. a contract that costs the
least.

After tuning the Simplified MPC controller for each contract
and each month, as shown in Table. 6, it is evident that choosing
a proper electricity bill is vital as it could help customers save
up to 53.70 euros a month and that the best bills are reduced
up to 20.18% compared with the worst cases. The results again
illustrate the significance of choosing a proper electricity con-
tract. To be noted, all results for Tuned MPC reflect the optimal
outcomes for different contracts respectively. And the different
costs between Tuned MPC and QP MPC illustrate the vitality of
hyperparameter tuning for MPC in building control.

From the Tuned MPC results, we can also indicate that
it would be beneficial if the customers can choose a different
contract for each month, however, it is impractical as there has
been a minimum of one year duration for all contracts. Therefore,
we need to offer a more general guidance for the customers.
We have found that for both dynamic and fixed tariff contracts
(each 4 rows), the day and night tariff with capacity tariff is
the best combination. Then we have plotted the contracts with
day and night tariff and capacity tariff combination, namely ddd
(dynamic tariff, day and night tariff with capacity tariff), sdd
(lower fixed tariff, day and night tariff with capacity tariff) and
sdd1 (higher fixed tariff, day and night tariff with capacity tariff)
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Table 6: Optimized electricity bills under different pricing methods for different months

Pricing case
Electricity bills (e/month)

November December January February
Tuned MPC QP MPC Tuned MPC QP MPC Tuned MPC QP MPC Tuned MPC QP MPC

ddd 201.41 244.01 255.60 297.60 272.26 304.25 207.42 237.91
dds 211.96 259.16 269.05 314.89 284.96 322.41 217.58 251.00
dnd 212.13 256.28 270.84 316.13 288.37 324.73 224.70 254.03
dns 223.57 271.83 284.22 333.76 302.88 342.90 230.47 267.11
sdd 190.22 228.97 248.95 290.12 272.14 328.13 222.62 252.92
sds 195.08 237.42 257.19 301.15 282.33 348.81 227.22 262.68
snd 201.82 242.00 266.43 308.82 289.97 348.59 235.59 269.01
sns 205.11 251.12 272.28 319.95 299.85 369.31 239.77 278.86

sdd1 201.31 243.78 267.59 310.39 291.28 328.13 236.75 270.37
sds1 212.38 259.22 280.53 329.10 308.17 348.59 246.53 286.75
snd1 213.54 256.22 281.56 329.24 310.13 348.81 246.65 286.35
sns1 222.72 271.89 296.23 347.82 325.84 369.31 259.86 302.81
SP1 33.35 - 47.28 - 53.70 - 52.44 -
SR2 14.94% - 15.96% - 16.48% - 20.18% -

1 SP: Saving potential, worst case bill - best case bill, unit: e/month.
2 SR: Saving ratio, (worst case bill - best case bill)/worst case bill, unit:1.

as illustrated in Fig. 11. For February, ddd is the best while
sdd is the best for the other months. It seems that sdd is the
optimal choice when choosing a electricity contract, however
it is contingent upon the electricity price being sufficiently low
when signing the contract. If electricity prices are high, the final
cost of electricity will be less favorable than that of the dynamic
option, similar to the sdd1. Therefore, given the uncertainty
surrounding the trajectory of electricity prices, customers are
recommended to consider selecting the ddd option.

While the QP MPC may also suggest similar contracts, it can
yield suboptimal recommendations in more complex scenarios.
For instance, in the presence of electrical vehicle charging, the
resulting high peak demand can make capacity charges a signifi-
cant factor. In such cases, a contract with a high capacity tariff

but lower time-of-use rates may seem attractive for QP MPC as
it does not account for peak demand charges, which are partic-
ularly relevant in commercial settings. In contrast, the Tuned
MPC is able to provide more appropriate recommendations even
under such challenging conditions as the total cost including
the capacity charge is set as the objective for the optimization
framework.

6. Conclusion
In this paper, we addressed two key challenges: selecting the
most cost-effective electricity contract from various options and
improving the suboptimal performance of conventional building
MPC controller designs. To tackle these issues, we proposed
a performance-oriented optimization framework using the ad-
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vanced constrained black-box optimization technique, CONFIG.
Leveraging a digital twin like the BOPTEST simulation plat-
form, offline optimization was performed to identify the optimal
set of hyperparameters. This process minimizes the objective
value while ensuring compliance with the black-box comfort
constraints.

A case study on a household in Belgium demonstrates that a
simple MPC controller, when properly tuned, can match the per-
formance of a computationally intensive one. Simulations show
that optimized MPC controllers can reduce monthly electricity
bills by up to 26.90% during heating months while maintain-
ing strict black-box constraints. Additionally, our framework
effectively addresses the economic electricity contract selection
problem, with the most cost-effective contract yielding a 20.18%
savings compared to the least favorable option.

While the framework effectively addresses real-world issues,
it has only been tested through offline optimization experiments
in this paper. Adapting the framework for online optimization
presents an intriguing direction for future work. In offline opti-
mization, performance metrics such as the monthly electricity
bill can be readily calculated, enabling a comprehensive evalu-
ation of the framework’s effectiveness under various scenarios.
In contrast, real-time online optimization introduces additional
challenges, as metrics like the monthly electricity bill remain un-
known and must be estimated or predicted on the fly. Addressing
these challenges would enhance the framework’s applicability
and scalability for dynamic, real-world implementations.
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