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Data-driven adaptive building thermal controller tuning with constraints: A primal-dual contex-
tual Bayesian optimization approach

Wenjie Xu,Bratislav Svetozarevic,Loris Di Natale,Philipp Heer,Colin N Jones

A primal-dual contextual Bayesian optimization framework to tune building controllers is proposed.

It asymptotically achieves the optimal performance while satisfying constraints on average.

It saves up to 4.7% energy compared to alternatives, satisfying thermal comfort constraints on average.

Alternatively, it can reduce the thermal discomfort by 63% within a given energy budget.
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Abstract

We study the problem of tuning the parameters of a room temperature controller to minimize its
energy consumption, subject to the constraint that the daily cumulative thermal discomfort of the
occupants is below a given threshold. We formulate it as an online constrained black-box optimization
problem where, on each day, we observe some relevant environmental context and adaptively select the
controller parameters. In this paper, we propose to use a data-driven Primal-Dual Contextual Bayesian
Optimization (PDCBO) approach to solve this problem.

In a simulation case study on a single room, we apply our algorithm to tune the parameters of a
Proportional Integral (PI) heating controller and the pre-heating time. Our results show that PDCBO
can save up to 4.7% energy consumption compared to other state-of-the-art Bayesian optimization-
based methods while keeping the daily thermal discomfort below the given tolerable threshold
on average. Additionally, PDCBO can automatically track time-varying tolerable thresholds while
existing methods fail to do so. We then study an alternative constrained tuning problem where we
aim to minimize the thermal discomfort with a given energy budget. With this formulation, PDCBO
reduces the average discomfort by up to 63% compared to state-of-the-art safe optimization methods

while keeping the average daily energy consumption below the required threshold.

1. Introduction

With the increasing challenge of climate change, the
high energy usage in the building sector calls for the devel-
opment of energy-efficient control solutions. On the other
hand, it is also critical to meet the comfort requirement of
the occupants [1]. While advanced control methods have
been developed (e.g., model predictive control [2-4] and
reinforcement learning [5-9]) to optimize the energy con-
sumption and/or the comfort of the occupants, simple rule-
based controllers (e.g., bang-bang or Proportional Integral
Derivative PID controllers) still dominate the current prac-
tice [5]. The parameters of these controllers are typically set
manually by building engineers and kept fixed for the life of
the building. However, these hand-tuned simple rule-based
controllers have two main limitations in practice.

The first limitation is sub-optimality. It is generally hard
to explicitly model the effect of given control parameters
on the performance (the energy consumption and thermal
comfort of the occupants) to optimize them. That is, the map-
ping from building control parameters to closed-loop per-
formance typically behaves like a black-box. Consequently,
manually tuned controllers usually operate suboptimally [10,
11], potentially incurring excessively high discomfort or
energy consumption.

The other limitation is non-adaptivity. Given the influ-
ence of external factors, typically the weather conditions,
an optimal building control policy should intuitively be
able to adapt to environmental changes. Previous works
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indeed indicated that adaptive controller parameters can
bring significant energy savings (e.g., in [12]). However, the
parameters of rule-based controllers are conventionally set
during commissioning and then kept fixed.

Meanwhile, with more and more ubiquitous sensing
technology [13], we can monitor the operations of buildings
online. By collecting the temperature and heating power
trajectories, building control performance, including energy
consumption and occupant comfort, can be evaluated on
each day.

Based on the above observations, it is of great practical
interest to be able to adaptively tune building controller
parameters to optimize their online performance. Since we
are interested in minimizing both the energy consumption
and the thermal discomfort of the occupants, tuning these
parameters is a multi-objective problem. Furthermore, the
two objectives are often in contradiction, with improved
thermal comfort typically coming at the cost of additional
energy consumption, making the tuning procedure chal-
lenging in general. Existing research in the multi-objective
building optimization literature often uses a weighted sum
of discomfort and energy consumption as the performance
target when designing or learning building controllers, e.g.
in [2, 5, 14-16]. However, with such a formulation, there is
no systematic way of choosing the weighting factor between
the two objectives. Random weights may lead to undesirable
consequences, such as intolerable discomfort for the occu-
pants or excessive energy usage with very marginal comfort
improvement.

Some research used Pareto optimization [17-19], where
a set of trade-off optimal solutions — on the Pareto front —
are derived. However, this approach is typically sample in-
efficient, since a good approximation of a Pareto front takes
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a significant number of Pareto optimal points. Furthermore,
Pareto optimization typically does not consider the perfor-
mance during the optimization process and as such cannot
be deployed to tune the parameters of real-world building
systems online, where the online performance during tuning
also needs to be guaranteed. We refer the reader to [20] for
a detailed review of simulation-based optimization methods
applied to building performance analysis.

In this work, we formulate the building controller tuning
problem as an online constrained optimization problem,
where one metric — the energy consumption or the thermal
discomfort — is set as the objective and the other as the
constraint. This is more desirable than the weighted-sum for-
mulation since the optimal solution of a constrained problem
always respects the constraints and the preference towards
comfort or energy saving can be easily personalized by
modifying the constraints. On each day, we solve an online
problem to get a new set of controller parameters and apply
them to the building. However, solving this constrained
problem poses several new challenges.

Constraint violation management. 1t is generally diffi-
cult, if even possible, to strictly satisfy the comfort or energy
constraints at all times since the effect of the control pa-
rameters on the energy consumption or the thermal comfort
is hard to predict accurately. However, thanks to the soft
nature of these constraints, some violations are acceptable
in practice. Interestingly, short-term constraint violations
can be beneficial to efficiently identify the optimal set of
parameters, as shown in previous works [21, 22]. Despite
the benefits of short-term constraint violation, we still want
to ensure constraint satisfaction in the long term.

Cumulative constraint satisfaction. While the thermal
comfort of the occupants has to be monitored every day,
an energy consumption constraint only makes sense when
it is accumulated over certain periods. That is to say, despite
tuning the parameters of the controller every day, we want
the cumulative energy consumption to be small during a
season or a year, for example, rather than on each day.
Indeed, it is expected that the system has to consume more
energy on cold days than on warm ones to optimize the
comfort of the occupants.

Time-varying constraint tracking. Due to changes in
energy prices or occupant behaviors, the preference for
energy saving or comfort may change. Existing learning-
based methods (e.g., [5]) may need to train a controller from
scratch again, which can be very time-consuming and data-
intensive. It is desired that the tuning algorithm can respond
to such changes of preference rapidly.

Bayesian optimization (BO), as a sample-efficient method
to optimize black-box functions [23, 24] by constructing
a stochastic surrogate model, is a promising method to
solve the building controller tuning problem. Specifically,
to address the energy consumption modeling problem for
building control [25], we use Gaussian process to learn the
black-box mapping from control parameters to the closed-
loop energy consumption and discomfort due to its high sam-
ple efficiency. BO has already been applied to many different

energy systems (including building) optimization problems,
such as model calibration [26, 27], chiller plant controller
tuning [28], process control [29], battery charging [30],
and turbine design [31]. However, existing applications
of Bayesian optimization-based methods either have no
constraint consideration at all or can not guarantee long-term
constraint feasibility. Therefore, they are not readily applica-
ble to address all the aforementioned constraint challenges.
In addition, environmental disturbances such as ambient
temperature and solar irradiation need to be incorporated
since energy consumption and occupants’ comfort also
highly depend on them.

One of the most popular constrained BO methods, Con-
strained Expected Improvement (CEI) [32, 33], encodes
the constraint information in the acquisition function. This
method is however not able to guarantee the satisfaction
of the desired constraints. To deal with hard safety-critical
constraints, Safe BO restricts the sampling inside a safe set
where feasibility is guaranteed with high probability [34].
More recently, [35] proposed a primal-dual algorithm to
solve the constrained Bayesian optimization problem, with
theoretical bounds on the cumulative regret and soft viola-
tion. As an extension to handle time-varying disturbances,
Primal Dual Contextual Bayesian Optimization (PDCBO)
was recently developed by us [36].

In this paper, we propose to use the PDCBO method
to automatically and adaptively tune the parameters of a
Proportional Integral (PI) controller, the daytime setpoint
temperature, and the pre-heating time for building thermal
control with time-varying ambient conditions. PDCBO has
been shown to asymptotically achieve the optimal perfor-
mance while satisfying constraints on average by adapting to
the time-varying environmental changes, which are modeled
as contexts in [36]. Specifically, our contributions are:

1. The adaptive building controller tuning problem is
modeled as an online constrained black-box optimiza-
tion problem and is then solved with PDCBO method.

2. Simulation results show that PDCBO can simultane-
ously optimize the energy consumption and keep the
discomfort level below a user-defined upper bound on
average in the long term, contrary to other state-of-
the-art constrained BO methods.

3. When the discomfort threshold is time-varying, PD-
CBO is again the only method able to rapidly adapt to
the threshold changes and track the constraints well.
This highlights the capability of PDCBO to automat-
ically explore the allowable discomfort level in order
to reduce energy consumption.

4. When we instead aim to minimize the discomfort
subject to the daily average energy consumption being
within a given budget, simulation results show that
PDCBO [36] reduces the average discomfort by about
63% compared to other safe BO method.
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Nomenclature

Symbols

n Index of day

E, Energy consumption on day n

D, Discomfort on day n

Dtr Discomfort threshold

Tambient Forecasted average ambient temperature on day n
I, Forecasted average solar irradiation on day n
0 Controller parameters

z Contextual variables

J(0,z) The energy consumption model function
g(0,z) The discomfort model function

v/ Noise in the energy consumption on day n
V8 Noise in the discomfort on day n

o, Standard deviation for v/

o, Standard deviation for v$

Hn {(Er’ Dr’ TTambiem’ I‘r’ T;nit’ 61—):;} }

Tint Initial room temperature on day n
t Time in a day

u(t) Normalized heating power at time ¢
T(t) Zone temperature at time ¢

Tiepoine  Setpoint temperature

e(t) Temperature error T, — T(1) at time ¢
K, Proportional gain of Pl controller

K; Integral gain of Pl controller

T, () Comfort range lower bound at time ¢
T,.x(t) Comfort range upper bound at time ¢

€ Constant drift in the PDCBO algorithm
Abbreviations

PDCBO Primal-dual Contextual Bayesian Optimization
GP Gaussian process
Pl Proportional-Integral

2. Problem Statement

We consider an online constrained building controller
tuning problem where the parameters are modified each day.

Controller structure We consider a PI controller to
govern the heating of a room, which is currently a common
practice in building automation systems. The control law is
given as,

t
u(t) = er(t) + K; / e(r)dr,
0

where K, is the proportional gain, K; is the integral gain,
e(t):= Terpoind(t) — T'(?) is the difference between the tem-
perature setpoint and the measured temperature T at time ¢,
and u(?) (after truncated to the interval [0, 1]) is the control
input. In our case, the latter represents the heating power of
the room. To incorporate the different thermal requirements
during daytime and nighttime — e.g., to leverage the fact that
the building is vacant at night —, we adopt a lower setpoint
during the night than at daytime.

Tuning variables Our tuning variables include the pro-
portional and integral gains of the PI controller, and the
daytime setpoint temperature. To incorporate pre-heating
behaviors, we also include the switching time from nighttime
mode to daytime mode as a tuning variable. On the other
hand, we fix the nighttime setpoint to 22.5°C, which is
inside the comfort range of 20°C to 23.5°C in ASHRAE
55-1992 [37] and thus a reasonable choice, and the switching
time from daytime mode to nighttime mode at 6 PM, which
is a typical end-of-work time. We use 6 to denote the tuning
parameter, which is the concatenation of all tuning variables.

Contextual variables We consider the most critical envi-
ronmental factors, namely the forecasted average daily ambi-
ent temperature and ambient solar irradiation, as contextual
inputs of PDCBO. We also include the initial temperature at

the start of each day (midnight) as an additional contextual
variable. We use z, to denote the concatenated contextual
variables on the day ».

Since the true average ambient temperature and solar
irradiation can not be obtained before selecting the new
control parameters in reality, we can use the forecast aver-
age ambient temperature T;mbiem and forecast average solar
irradiation I,,, on each day n. The initial room temperature
T;““ is also measured. The contextual variables are given as
z, = (T:mbient’ In’ Trilnit).

Discomfort quantification Similar to what is done in
many existing learning-based building control works (e.g.,
[5]), we define and quantify the discomfort of the oc-
cupants as the cumulative temperature deviations from
the potentially time-varying comfortable temperature range

[Tnin (> Tinax (D]

0, if T (1) < T < Ty (0,
T =T, (), ifT > T, ()
Toin® =T, if T < Ty (1),

Cdiscomfort (T7 t) =

We use D,, to denote the cumulative discomfort on day
n, namely the integration of cg;q.omfort OVer day a:

D, = / Caiscomfort (T'(1), 1)dt. (1)
day n

Similarly, we compute the energy consumption over a
day as:

E,= / p(nydt, 2
day n

where p(f) is the power at time ¢, which is proportional to
u(t). Since both E, and D,, are unknown functions of 6 and
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z,, corrupted by noise, we introduce Gaussian processes to
model them as follows:

E,=J0,.z,)+V],
D, =g,,z,) + V5,

(3a)
(3b)

where J is assumed to be sampled from the Gaussian
process GP(uy, ky(-,-)) with prior mean y; and prior co-
variance k ; (-, -) and g is constructed similarly. Furthermore,
vio~ N, 63) and v ~ WN(0, 0';) are independent
identically distributed Gaussian noises.
Constrained optimization problem. On the day n, we
aim to adaptively select a set of parameters 6, by solving
the following online constrained optimization problem,

min J@,z,), (4a)
subject to: g(0,z,) < D', (4b)

where O is the set of candidate control parameters (e.g.,
a hyperbox) and D' is the maximum amount of allowed
comfort violations. Both the objective and the constraint are
unknown black-box functions of the control parameter 8 and
the contextual variable z, which need to be learned online
during a period. Alternatively, we get the energy-constrained
discomfort minimization formulation by setting g to be the
objective and J to be below a threshold in the constraint as
shown in Eq. 5.

min £, z,), (5a)
subject to: J(0,z,) < EM, (5b)

where E' is the energy budget.

Performance metric. Although the problem (4) is for-
mulated as an online problem with instantaneous objective
and constraints, we measure the performance of the algo-
rithm using the whole closed-loop trajectory {(4,, z,,)} ;’:’: T
Overall, the metric is the cumulative objective function
during a period N, that is ZnNzl J(8,, z,), while respecting
the constraints g(8,,, z,) < D' on average . To compare the
performance of each algorithm, we introduce two running
average metrics,

1
Ey¢ == E, (62)
n k=1
1 n
D¢ := - ) D,. (6b)

3. Methodology

Fig. 1 demonstrates an overview of the proposed method-
ology. On each day n, we collect the contextual information
z,, and use the algorithm detailed in the following sections
to choose 6,. We then run the simulation for the next day
with this set of parameters and calculate E, and D, using
the power input and temperature trajectories obtained from

simulation or real-world operation. We then update the
Gaussian Processes (GPs) with the new data, obtain the
context of the next day, and sample new control parameters.

In this paper, we update the control parameters only once
per day, since thermal processes in buildings, such as room
temperature evolutions, typically have slow dynamics. That
is to say, the step response from heating input to room tem-
perature change typically takes a long time, in the scale of
hours. A cycle of the temperature evolution is fully finished
within one day and the impact of the controller parameters
can be seen after one day. However, if we update the control
parameters more frequently (e.g., per hour), the temperature
may not have settled and the real performance of the cur-
rent set of controller parameters can not be well measured.
Therefore, we decided to adjust the controller parameter only
once per day in this paper. Nevertheless, the methodology to
be presented can be easily adapted to the scenario where the
parameters are updated more frequently (e.g., once per 12
hours).

Note that, given the online setting, this methodology
could also directly be applied to a real building, bypassing
the need for simulation studies. In this section, we will focus
on the Prob. (4). The same algorithm can be similarly applied
to Prob. (5).

3.1. Preliminaries

Gaussian process regression We learn J and g using GP
regression, which is a sample-efficient method to approxi-
mate nonlinear functions. Denoting the set of historical data

H, = {(Era D, T;ambient’ I, Tfinit’ 91)2;}

and x := (0, z), we can derive the posterior distribution of
J on day n as a Gaussian random variable with mean and
variance given as [38]

py(xIH,) = k) (x,xp ., (K + 03D Ayy + py(x), (Ta)
o5 (x|M,) = k;(x, x) (7b)
— k(% X1y Ky + 05D k(X g %),

where Ay; = E|.,_; — p;(xy.,_1). The posterior Gaussian
distribution of g can be similarly derived. We refer the read-
ers to [39] for more details on Gaussian process regression.

Bayesian optimization (BO) Bayesian optimization is
a derivative-free black-box optimization method (see [40])
which iteratively

1. Samples a point to evaluate the black-box function;

2. Uses all the historical samples to construct a surrogate
model of the black-box function with GPs.

3. Finds a new sample that is promising to improve the
objective by solving an auxiliary problem constructed
with the surrogate model.

For unconstrained Bayesian optimization, a popular way
to construct this auxiliary problem in step 3 is minimizing
the lower confidence bound [41]" of the objective, which is

I'Note that the work [41] uses the upper confidence bound instead of
the lower one since they consider the problem of maximizing J instead of
minimizing it.
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Figure 1: Overview of the proposed controller tuning method. On each day, we get the average temperature and average solar
irradiation prediction from given weather forecasts. With the forecasted contexts and the Gaussian process surrogate model,
PDCBO selects a new set of optimized controller parameters to run the black-box building simulator or conduct a physical
experiment. We then collect the new discomfort and energy consumption data and update their GP posteriors. At the same time,

we update the dual variables with the constraints information.

defined as

s (x|H,) — By

o, (x|H,), ®)
where ﬂ,l,/ Zisa positive weighting coefficient that balances
exploitation and exploration. The larger f,, is, the more likely
points with large posterior variance — i.e., uncertainty —
will be sampled.

3.2. PDCBO

PDCBO is based on the lower confidence bounds con-
structed from the posterior distribution of the energy con-
sumption and thermal discomfort:

1/2

_Jn(e’ Zn) = ﬂ](ea Zn |Hn) ~— FPn O-J(99 Zn |Hn)s (93)
200, 2,) = 1, (0, 2,1H,) — /%6, (0, 2,1H,),  (9b)

where z, is the observed context at step n and ﬂ,i/ s
the positive coefficient which balances the tradeoff between
exploitation and exploration, where exploitation is captured
by the posterior mean and the exploration is captured by the
posterior standard deviation.

Note that while [36] proposed a rigorous way to select
f, — which increases at each time step — it can typically be
set to be a constant in practice.

We then relax the constraint in the problem (4) and write
out the corresponding Lagrangian:

L£@O,z,,4)=J0,z,)+ 180, z,), (10)

where A is the corresponding dual variable. Following clas-
sical ideas from the constrained optimization literature [42],
we consider the corresponding max-min problem,

m/?xngn[i(e, Z,, A). (11
Since both J and g are black-box functions, we use (9) to ap-
proximate them and solve the inner minimization problem.
For the outer maximization problem, on the other hand, we
apply a standard dual ascent step, as detailed in Algorithm 1,
where 7 is the step size and € is a small constant shift.

Algorithm 1 PDCBO for building controller tuning

1: Require: Running horizon N, initial dual variable A,
2: forn € [N]do
3 Observe the context z, = (T2mbient J ity
4 Primal update:
6, € argmin {J,(0,z,) + 4,8,(0.z,) }

b

Dual update:
Ang1 = [4, + n(gn(en’ z,) — Dthr) +el*

6: Update the control parameters to 6,,, run the closed-
loop simulation/experiment, and append the new data
(E,, D, Tambient | Tinit 9 )toH,.

Update the GP posteriors of J and g.
8: end for

b

In sharp contrast to existing weighted-sum formulations
in model predictive control [2] or reinforcement learning [5]
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based building control methods, where the weight is static,
the weight 4, in Alg. 1 is adaptively adjusted each day
according to the measurements of the constrained metric.
Intuitively, if the constraint threshold is violated during one
day, the weighting factor will be increased to penalize the
constraint more in the next step. Such adaptivity of the
weight leads to the automatic balance of energy consumption
and discomfort. In the dual update, we also add a con-
stant drift ¢ to prevent the dual variable from being too
small, which would mean the optimization problem does
not consider any constraint anymore and might incur severe
violations.

In this paper, we solve the auxiliary problem in the
primal-update step in line 4 with a grid search algorithm
over the set ®. This is feasible since we are dealing with
low dimensions — # € R* —, and evaluating both lower
confidence bound functions is computationally inexpensive.

3.3. Theoretical Guarantees
We now restate theoretical guarantees for the perfor-
mance of Alg. 1, as shown in [36].

Theorem 1 (Theorem 6.1, [36]). For kernels with sublinear
maximum information gain term (see [41]) and sufficiently
large N, by properly setting n and € as shown in [36], we
have,

N
X (IO, 2) = O z,).7) = O (0% + VN,

n=1

12)

where 0*(z,) is the optimal solution of the Prob. (4) with
contextual variable z,, yj{J ( yi, resp.) is the maximum infor-

mation gain, which measures the complexity of the unknown
black-box function J (g, resp.) [41]. And,

N
Zn:l g(an’zn) < Dthr

~ < 13)

Theorem 1 guarantees that the cumulative gap between
the parameters selected by our algorithm and the ground
truth time-varying optimal parameters is upper bounded by
(9(()/1{, + yf\,)\/ﬁ ). Furthermore, the threshold constraint
on g is satisfied on average as shown in (13). We refer
the interested reader to the theoretical paper [36] for more
details. Specifically, for the commonly used squared expo-
nential (SE) prior covariance functions, the cumulative sub-
optimality bound reduces to O((log N )4+! \/N ) [41], which
is sublinear. Therefore, the average suboptimality converges
to zero, i.e., PDCBO achieves asymptotic optimality on
average.

Specific to the building application considered in this
paper, Theorem 1 highlights that PDCBO can asymptotically
achieve the optimal building control performance while
satisfying constraints on average.

4. Implementations and Results

In this section, we present some implementation details,
state-of-the-art baselines, and then provide simulation re-
sults, comparing the performance of PDCBO, state-of-the-
art constrained BO methods, and fixed control parameters.
We consider both the discomfort-constrained energy min-
imization problem and the energy-constrained discomfort
minimization problem.

Figure 2: NEST building, Duebendorf, with the UMAR unit in
white circle. (© Zooey Braun, Stuttgart.

4.1. Implementation details

Building simulator In this work, we consider the control
of the temperature of a single room located in the ‘Urban
Mining and Recycling” (UMAR) unit, pictured in Fig. 2.
It is equipped with radiant heating/cooling panels, where
hot/cold water is circulated when a valve is opened. We use
a digital twin of the room, based on a Physically Consistent
Neural Network (PCNN) [43], as our simulator for evalu-
ation. Despite relying on Neural Networks (NNs), PCNNs
respect the underlying physical laws by design while simul-
taneously achieving state-of-the-art modeling accuracy. In
our case, the physical consistency ensures that heating a
room increases its temperature, as expected, in contrast to
what might happen with classical NNs [44]. This ensures
our algorithm does not pick up spurious behaviors due to
modeling inconsistencies. On the other hand, PCNNSs attain
superior prediction accuracy compared to classical physi-
cally consistent models [43, 44].

Choice of parameters All the GPs use a squared expo-
nential kernel, a common choice in BO applications (e.g.,

[21]):

d N
k(x,y):agEexp{—2<x’l y’) } (14)
i=1 i

where o-éE captures the variation of the function to be mod-
elled, /; is the lengthscale that captures the variation rate in
the i-th input variable, and d is the dimension of the input
variable. We selected those hyperparameters as shown in
Table 1 by doing maximum likelihood estimation (MLE)
over an initial set of building operational data [39]. Concern-

ing the parameters specific to PDCBO, we manually tried
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Table 1
The choice of hyperparameters for squared exponential kernel,
where the heating start time is in the unit of minute.

o2 Lengthscale in  Lengthscale in Lengthscale in Lengthscale in
SE P (log-scale) | (log-scale) daytime setpoint  heating start time
J 56.7 5.9 3.1 2.7 1290.6

g 5461 6.0 8.8 5.2 1188.0

different values and set the dual update step size # = 1 and

the lower confidence bound weight ﬁtl 2 _ 3, which works
well in this application. In this case study, e is manually set
to be 0, which does not significantly impact the constraint
violations for this particular application.

Generation of contexts The initial temperature of the
room is an internal state of the simulator. Ambient temper-
ature and solar irradiation are from the real-world weather
dataset recorded at the NEST building of Empa in Zurich.
In this paper, we use perfect forecast information, i.e., the
true average daily ambient temperature and solar irradiation
of the next day, as contextual inputs. When deploying our
method online to the real world, however, real-world tem-
perature and solar irradiation forecasts could be used.

Comfort range and energy price We adopt a much
tighter comfort range (21°C to 24°C during the night-
time and 23° C to 24° C during the daytime) than the rec-
ommended comfort ranges [37] (e.g., 20°C to 23.5°C in
ASHRAE 55-1992). Therefore, we allow larger cumulative
temperature deviation to capture different levels of com-
fort requirements. To incorporate time-varying electricity
prices, we penalize the day-time energy consumption twice,
which approximately matches the real-world electricity tariff
data [45].

Simulation In our experiments, 300 days are simulated
to compare the performance of each controller during the
heating season. Since the building needs to be cooled rather
than heated over the summer and due to data missing issue,
the days in our simulation may not be consecutive — we
artificially stitch non-consecutive days together, using the
last simulated room temperature of the previous day as initial
value for the next one.

Note that control parameters need to be continuously
adapted due to the time-varying contexts. So we use these
running average metrics during the tuning process, instead of
choosing one fixed solution over the whole running horizon.

The algorithms are implemented in python and we used
GPy [46] to implement GPs. The code and data can be ac-
cessed on https://gitlab.nccr-automation.ch/wenjie.cuhk/
pdcbo_room_temperature_controller_tuning.

4.2. State-of-the-art baselines
We compare PDCBO with two other state-of-the-art

Bayesian optimization algorithms: SafeOPT [12] and CEI [32].

Both baseline algorithms also use Gaussian process to
learn the mapping from the control parameters to the daily
energy/discomfort.

SafeOPT SafcOPT aims to not violate the constraints
during the whole sampling process and thus is very cautious.

In each step, SafeOPT constructs a posterior safe set, which
contains the points that are feasible with high probability (or
equivalently, with upper confidence bound smaller or equal
to zero). Then the algorithm samples a point inside the safe
set that either expands the boundary of the safe set or can
improve the objective, based on some criterion that balances
exploration and exploitation.

CEI In each step, CEI selects the sample that max-
imizes the acquisition function of Constrained Expected
Improvement, which is defined as the multiplication of the
expectation of improvement with respect to the best feasible
solution sampled so far and the probability that the point
is feasible. CEI algorithm encodes the constraint implicitly
in the acquisition function but does not explicitly consider
feasibility. Therefore, CEI algorithm can be very aggressive
and may violate the constraints severely.

Extension to Contextual Setting For fair comparison
purposes, we extend both SafeOPT and CEl to the con-
textual settings. Specifically, similarly to the procedure de-
scribed in Sec. 2 (Eq. (4) and Eq. (5)) and Sec. 3.2 (Eq. (7)),
we augment the input space of the Gaussian processes with
contextual variables for both SafeOPT and CEI. In each
step, we derive the GP posterior distribution conditioned
on the current observed contextual variables and apply the
same algorithms of SafeOPT or CEIl under non-contextual
settings.

Comparisons Intuitively, SafeOPT is overly cautious by
strictly restricting the sampling process in a safe set while
CEl is overly aggressive without explicit consideration of
feasibility. In contrast, our PDCBO is neither too cautious
nor too aggressive by dynamically adjusting the dual vari-
ables according to the constraints.

4.3. Discomfort constrained energy minimization
4.3.1. Adaptivity Gain Compared to Static Parameters
To demonstrate how adaptivity of control parameters
benefits the energy saving and discomfort reduction, Fig. 3
shows samples of the daily energy consumption and ther-
mal discomfort of the PDCBO algorithm with discomfort
threshold 9 Kh. Remarkably, our method simultaneously
reduces the energy consumption by 17.9% and the discom-
fort by 48.9% on average in this example. To account for
the fact that more energy is naturally needed to maintain the
indoor temperature in a reasonable range when the ambient
temperature is lower, we plot both metrics against the mean
ambient temperature in a day. For comparison purposes,
we also plotted samples corresponding to fixed controller
parameters that are manually set by experience. For better
visualization, we also plot the linear regression results for
both sets of samples. It can be seen that PDCBO can reduce
both the energy consumption and the discomfort compared
to static parameters. Interestingly, in the low ambient tem-
perature regime (< 10° C), the discomfort reduction is more
significant while in the high ambient temperature regime,
the energy reduction is more significant. This matches our
intuition that uncareful heating (e.g., not enough heating
power) is more likely to lead to severe discomfort on cold
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Figure 3: Comparison of energy consumption and discomfort
with respect to the average ambient temperature. In this set
of results, static parameters consumes 25.5 kW h energy, with
8.1 K h discomfort on average. In contrast, PDCBO has a lower
energy consumption of 20.9 kW h, with much smaller thermal
discomfort of 4.1 Kh.

days and thus, there is more room for discomfort reduction
on cold days. Meanwhile, on warm days, overheating can be
an issue with static control parameters and thus there is more
room for energy reduction.

To understand how the parameters are chosen by PD-
CBO, the coefficients K, and K; and the switching time
from nighttime setpoint to daytime setpoint are also plotted
against the average ambient temperature in Fig. 4. There
is a trend to switch the setpoint earlier when the ambient
temperature is low, which matches our intuition that pre-
heating is needed to avoid low temperatures during working
hours on cold days. Interestingly, in the low-temperature
regime, PDCBO tends to favor parameters with small P and
large I, contrary to the high-temperature regime. Intuitively,
low ambient temperatures have a large ‘cooling’ effect on
the room and, therefore, a large integral term is needed
to accelerate the heating towards the set-point to reduce
discomfort and also cancel out the severe offset caused
by low ambient temperature. On the contrary, in the high
ambient temperature regime, the ambient effect is less severe
and small integral term can be adopted to avoid the overshoot
and save energy. Meanwhile, a large proportional term can
help reduce the offset issue in the high ambient temperature

Switching Time from Nighttime to Daytime Setpoint

10 -1 L ] - L 1] ... ..’...“ L]
3
T
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Figure 4: PDCBO samples of switching time, proportional
gain K, and integral gain K; with respect to ambient average
temperature. Both the proportional gain and integral gain are
normalized against a base value so that they are unitless.

regime. Remarkably, such an adaptation policy is automati-
cally found by our PDCBO algorithm.

4.3.2. Comparison with SafeOPT and CEI

Fig. 5 shows the daily running average energy consump-
tion and thermal discomfort obtained by the three methods
over 300 days with three different discomfort thresholds
D" = 5,10, or 15 Kh per day, where 1 Kh represents 1
Kelvin temperature deviation from comfortable range for 1
hour. Tab. 2 and Tab. 3 give the concrete final average statis-
tics over the 300 days. As can be seen, PDCBO can keep the
average discomfort below the user-defined threshold in the

Wenjie Xu et al.: Preprint submitted to Elsevier

Page 8 of 15



Adaptive Constrained Tuning of Building Controllers

Discomfort threshold: 5 Kh Discomfort threshold: 5 Kh

N
N
1

per day [kWh]
N N
o -

1 1
Average discomfort
per day [Kh]

N
o
1

10 A

Average energy
consumption

0 100 200 300 0 100 200 300
Day Day
Discomfort threshold: 10 Kh Discomfort threshold: 10 Kh

22 - 20 -

21 A

20 A

consumption
per day [kWh]

Average discomfort
per day [Kh]

Average energy

precan—

0 100 200 300 0 100 200 300
Day Day
Discomfort threshold: 15 Kh Discomfort threshold: 15 Kh

22 A
20 A

21 A

20 A

consumption
per day [kWh]

Average discomfort
per day [Kh]

Average energy

19 -

0 160 260 360 0 l(I)O 2(I)0 3(I)0
Day Day

CEl —— SafeOPT —— PDCBO (Ours) == Discomfort Threshold

Figure 5: Average energy consumption E.® and discomfort D" per day with discomfort threshold as 5Kh, 10K h and 15K h per
day. Note that the day-time energy consumption is doubled to reflect the real-world energy tariff.

Table 2 Table 3
Average energy consumption with different discomfort thresh- Average discomfort with different discomfort
olds, where the saving percentage represents the saving of thresholds, where violation percentage is defined as
energy consumption as compared to SafeOPT method. max { Average discomfort—Discomfort threshold 0} over 300 days
Discomfort threshold ’ :
Di fort Threshold (Kh 5 10 15
Scomior reshold (Kh) Discomfort Threshold (Kh) 5 10 15
SafeOPT (kWh) 201 201 200 orT <t > ¢
CEIl (kWh) 103 192 1901 _5afeOPT (Kh) > ; ;
. violation percentage (%) 0 0 0
saving percentage (%) 41 42 46 CET(Kh 73 183 178
PDCBO (kW h) 200 19.7 194 _ CEl(Kh) ' ' '
. violation percentage (%) 2469 823 184
saving percentage (%) 06 19 32
PDCBO (kW h) 64 95 140
violation percentage (%) 28 0 0

long-term (except minor violation when the threshold is as
small as 5K h), contrary to CEI, which incurs severe comfort
violations (up to more than 240%). On the other hand,
PDCBO can achieve significant energy savings compared to

SafeOPT. Indeed, our method uses the allowed maximum
discomfort budget and exploits it to achieve more energy
savings. The saving percentages increase when the allowed
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Figure 6: Three-day sample trajectories of the room temper-
ature and heating power. Here, CEl chooses some parameters
that simply stops heating during the daytime to save energy,
which causes severe discomfort.

discomfort budget increases. In sharp contrast, SafeOPT is
overly cautious and can not achieve all the potential energy
savings given the allowed discomfort threshold.

Fig. 6 gives three-day sample trajectories of the temper-
ature and the heating power after running for 70 days, with
discomfort threshold at 5 K h. This confirms that SafeOPT
is very cautious and does not explore the energy saving
potential of lowering the temperature setpoints. On the other
hand, CEI samples parameters aggressively, leading to large
thermal discomfort. As a good compromise, PDCBO iden-
tifies control parameters that can simultaneously reduce the
energy consumption and manage the discomfort well.

4.3.3. Impact of discomfort threshold

To visualize the impact of different thermal comfort
thresholds, Fig. 7 presents the average daily energy con-
sumption and comfort violations (i.e., the cumulative tem-
perature violations from a comfort range) obtained by the
three methods with a threshold changing from 5 Kh to
25 Kh. Note that the absolute value of the cumulative
temperature deviation highly depends on the comfort range
adopted. As given in Sec. 4.1, the comfort range we adopt
is tighter than the standard range. Therefore, we can set the
threshold of discomfort (quantified by cumulative tempera-
ture deviation) to be from a larger range to capture diversified
comfort requirements. We also note that PDCBO consis-
tently respects the discomfort threshold constraints in all
cases in the long-term (except the minor violation when the

Average Energy Consumption

200{%_ 0

19.5 A

Average energy
per day [kWh]

19.0 ~

5 10 15 20 25
Discomfort Threshold [Kh]

Average Discomfort

Average discomfort
per day [Kh]

5 10 15 20 25
Discomfort Threshold [Kh]

CEl —v— PDCBO (Ours)
—a— SafeOPT == Discomfort Threshold

Figure 7: Sensitivity analysis to show the impact of different
discomfort thresholds on the final average energy consumption
(E5y as defined in Eq. (6a)) and the final average discomfort

per day (Diz)% as defined in Eq. (6b)) over 300 days. Note that
the daytime energy consumption is doubled here to reflect the

real-world electricity price tariff.

discomfort threshold is 5 K h) while simultaneously leverag-
ing the increasing allowed discomfort budget to reduce the
energy consumption. Compared to SafeOPT, PDCBO saves
up to 4.7% energy, as we increase the discomfort threshold
to 25 Kh. Meanwhile, when the discomfort threshold is
small, CEI uses less energy than PDCBO but at the cost of
severe comfort violations (Tab. 3), which can be strongly
undesired by room occupants. Tab. 2 and Tab. 3 give the
concrete numbers of discomfort and energy consumption, to-
gether with violation/saving percentages. It can be seen that
when the discomfort threshold takes the value 15K h, CEI
significantly violates the discomfort threshold constraints
by about 18.4%, while our PDCBO achieves 3.2% energy
saving as compared to SafeOPT method with discomfort
below the threshold on average. However, when a large
thermal discomfort is tolerable — when the constraint is
easier to meet at 25 Kh —, CEI can perform slightly better
than PDCBO.

Remarkably, the average discomfort incurred by PD-
CBO significantly increases with larger discomfort thresh-
olds D' while the average energy consumption decreases,
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Figure 8: Discomfort tracking results. (a) Average energy and discomfort per day with time-varying discomfort threshold. The
average on day 1 is taken from day 7,(r) to ¢, where 7,(7) is the day when the discomfort threshold on day 7 starts. (b)(c)(d) Average
ambient temperature/energy consumption/discomfort during the four periods with different discomfort thresholds. Standard

deviations are represented as the black lines.

demonstrating that our method can efficiently exploit the
increased allowed thermal discomfort to save more energy.
Such adaptivity to different requirements for comfort is crit-
ical since the occupants’ preference for thermal comfort [47]
and energy consumption can be diverse in practice. On
the contrary, the other two baseline methods are either too
cautious (SafeOPT) or overly aggressive (CEI) and cannot
adapt to different discomfort thresholds properly.

4.3.4. Discomfort threshold tracking

We now consider the scenario where the discomfort
threshold is time-varying, which can happen in practice. For
example, when occupants change, new occupants may be
willing to trade off more temperature deviations for more
energy savings, or vice versa. Fig. 8a shows the evolution
of the average energy consumption and thermal discomfort
with a time-varying discomfort threshold. The discomfort
threshold is changed on days 75, 150, and 225. Every time
the threshold changes, we reinitialize the calculation of the
running average for the discomfort and energy consumption.

However, we keep the algorithm continuously running, only
modifying the constraint. For reference, Fig. 8b depicts the
average ambient temperature during the four periods with
different discomfort thresholds. We observe that periods
1 and 3, as well as periods 2 and 4, have similar ambi-
ent temperatures. Consequently, we focus our analysis on
comparing periods 3 and 1 and between periods 4 and 2,
respectively.

Interestingly, PDCBO closely tracks the change of dis-
comfort threshold (Fig. 8a, right) and exploits the more
and more allowable temperature deviations to gradually
reduce energy consumption, (comparing period 3 to 1 or
period 4 to 2 in Fig. 8c). The high energy consumption
in period 1 is due to two reasons. First, it has a much
lower ambient temperature than in period 2 and period
4. Second, it has the lowest discomfort threshold, which
requires more heating. Also note that the energy increase in
period 3 (from about day 150 to day 225) as compared to
period 2 is due to the decrease of ambient temperature (see
Fig. 8b). In contrast and similarly to what was observed in
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Figure 9: Average energy consumption and discomfort with limited average energy consumption budget as 9kWh, 12kWh and

15kWh per day shown in dashed red.

the previous sections, the CEI method is overly aggressive
and fails to respect the time-varying discomfort threshold
most of the time. SafeOPT, on the contrary, is overly cautious
and fails to exploit the time-varying discomfort threshold
to reduce the energy consumption. When the discomfort
threshold changes, we reset the running averages of energy
consumption and discomfort. And due to the sudden change
of discomfort threshold, the dual variable has a sudden jump,
which can lead to the severe change of the instantaneous
energy consumption/discomfort, reflected in some spikes of
these two reset running average metrics.

4.4. Energy constrained discomfort minimization
In this section, we consider the regime where energy
consumption is limited to a low budget due to, for example,
the energy crisis [48], and the pressure of achieving carbon-
neutrality targets on time [49], and we want to maximize

Table 4

Average energy consumption with different energy budgets,
where the violation percentage represents the violation of
energy consumption as compared to the energy budgets.

Energy budget (kW h) 9 12 15
SafeOPT (kW h) 8x 107 8x10™ 8x 107
violation percentage (%) 0 0 0
CEIl (kWh) 27 27 219
violation percentage (%) 152.2 89.3 46.3
PDCBO (kW h) 98 114 141
violation percentage (%) 8.7 0 0

the comfort of the occupants with this limited budget. As
compared to Problem (4), it is more relevant to bound the
average energy consumption for energy constraint (which
directly relates to the electricity bill) during a period.
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Table 5

Average discomfort with different energy budgets, where re-
duction percentage is defined as the percentage of discomfort
reduction as compared to SafeOPT.

Energy budget (kW h) 9 12 15
SafeOPT (Kh) 31.3 31.3 313

CEl (Kh) 42 39 42
reduction percentage (%) 86.7 87.5 86.5
PDCBO (Kh) 168 148 116
reduction percentage (%) 46.5 52.9 628
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Figure 10: Sample trajectories of room temperature and
the corresponding heating power with limited average energy
consumption budget as 9kWh, 12kWh and 15kWh per day.

Fig. 9 shows the evolution of E,"® and D;"® for the
three analyzed methods. Tab. 4 and Tab. 5 show the con-
crete statistics of energy consumption (with budget viola-
tion percentage) and discomfort (with discomfort reduction
percentage). It can be observed that PDCBO manages to
keep the average energy consumption below the predefined
energy consumption threshold in the long term for different
energy budget constraints except minor violation when the
energy budget is as low as 9 kW h.. In sharp contrast, CEI
fails to respect the energy budget constraint and can incur
an average energy consumption that is more than twice the
prescribed energy budget in the long term. On the other
hand, the budgeted energy consumption is well exploited by
PDCBO to efficiently reduce the discomfort by respectively
46%, 53%, and 63%, for the three different energy budgets
compared to the overly cautious SafeOPT method that tries
to keep strictly low energy consumption all the time, which
essentially turns off the heating.

To understand the impact of the energy budget, Fig. 10
shows sampled temperature trajectories (after running for
about 200 days) of PDCBO with three different thresholds.
It can be observed that as we gradually increase the budget,
the trajectories become better and better and incurs less and
less discomfort.

5. Conclusion and discussion

In this paper, we presented a data-driven primal-dual
contextual Bayesian optimization (PDCBO) approach to
automatically tuning the parameters of a PI controller, the
daytime setpoint of the temperature, and the pre-heating time
to minimize the energy consumption of a room subject to a
thermal discomfort constraint, or minimize the discomfort
subject to an energy budget constraint. We showcased how
PDCBO is able to simultaneously adapt to the time-varying
ambient conditions and optimize the objective while satisfy-
ing constraints on average.

When minimizing the energy consumption subject to
a thermal discomfort constraint, simulation results show
that PDCBO can decrease the energy consumption by up
to 4.7% compared to state-of-the-art safe Bayesian opti-
mization methods while keeping the average discomfort
below the given tolerable threshold. Additionally, it can
automatically track time-varying tolerable thresholds. On
the other hand, the other two constrained Bayesian optimiza-
tion methods are either too cautious (SafeOPT) or overly
aggressive (CEI) and cannot adapt to different discomfort
thresholds properly.

When we instead optimize the thermal comfort of the
occupants subject to a limited energy budget, PDCBO could
reduce the average discomfort by up to 63% compared to
SafeOPT, with an average energy consumption below the
given budget. On the other hand, although it achieves lower
discomfort, CEI severely violates the energy budget con-
straint.

One promising direction to further increase the sample
efficiency of BO controller tuning could be to exploit the
grey-box nature of the energy/discomfort functions (see
Eq. (2) and Eq. (1), which are integrations of a black-
box function) to accelerate the tuning of a building con-
troller. Another direction is considering multi-zone build-
ing controller tuning, where the layout and geometrical
information of the zones may be exploited to improve the
tuning efficiency using the recently proposed grey-box BO
method [50].
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