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The advent of smart thermostats with real-time sensing raises the question of how to preemptively con-
trol heating, ventilation, and air conditioning (HVAC) systems to minimize energy usage while maintain-
ing occupant comfort. To this end, we empirically compare a standard reactive deadband control to two
new smart thermostat HVAC control methods: (1) a model-free reinforcement learning (RL) approach and
(2) a novel model predictive control (MPC) method, whose solution is optimal with respect to its data-
driven linear model. We evaluated the controls with 500 unique energy models of houses located in
the United States. The models were modified to facilitate the short-term performance simulation
required for residential HVAC systems. Overall, we found the MPC controller offers three distinct advan-
tages over the RL and deadband methods: (1) MPC had the lowest average cost (defined as a custom
weighted combination of runtime and comfort) of the evaluated controllers; (2) the MPC control’s linear
model was able to reliably extrapolate from the sparse sample of training observations, thus enabling it to
adapt quickly to recent data; and (3) in contrast to RL methods, MPC did not subject the houses or occu-

Keywords:

Residential building
Model predictive control
Reinforcement learning
Smart thermostat

pants to the discomfort of system exploration.
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1. Introduction

Approximately a tenth of North America’s total energy usage is
for space conditioning of residential buildings [1-3]. Despite the
magnitude of this energy expenditure, and the associated financial
and environmental costs, residential buildings are typically man-
aged by reactive and heuristic-driven thermostats [4]. Even the
most advanced smart thermostats tend not to meet the definition
of an advanced building controller; i.e., an advanced controller
should balance multiple and often conflicting objectives (e.g.,
lower costs or reducing emissions while improving comfort), adapt
controls to environmental conditions, and include the occupants as
part of the decision [5].

The development of advanced controls for residential buildings
has generally been either model-based, through paradigms such as
model predictive control (MPC) [6-9], or model-free reinforcement
learning (RL) methods (e.g., Q-learning) [10-16]. Model-free RL
methods do not explicitly have a model for state transition and
instead learn their policy (i.e., how to operate) directly through
online exploration or experience replay in cached data [17]. Some
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controllers have relied on a combination of model-based and
model-free methods by first building a data-driven model and used
the trained model for exploration with the model-free method
instead of using the actual system [15,18].

Regardless of the method, previous development and evalua-
tion of control methods have had limitations. Prior work has gen-
erally looked at optimizing specific buildings under tightly
controlled conditions. However, to be a viable solution for mass
adoption, we posit that a thermostat control method should be
able to leverage the sensing data for a specific building to automat-
ically learn and optimize its control. Furthermore, beyond the issue
of automation, the fact that past evaluations have focused on only
a few buildings or spaces [6,13,14,15,19] leads to an incomplete
picture of how well these approaches may generalize (and how
robust they will be) across a variety of building types and climate
conditions. The importance of testing control strategies on a large
and diverse population was illustrated by Pang et al. [20]. They
found large variation in the effectiveness of occupant-centric con-
trol strategies across the United States. While their study did sim-
ulate the variation in location, foundation type, heating system,
and building energy codes, they did not focus on optimizing meth-
ods for each individual house, nor were their models adjusted to
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reflect how residential heating, ventilation, and air conditioning
(HVAC) equipment is operated (Section 2.1.2).

With the latest smart residential thermostats, individual houses
now possess large troves of high-quality historical data that cap-
tures the indoor and outdoor temperature, equipment runtime,
and users’ defined preferences. Through this historical data, it is
possible to build customized solutions for individual houses. In this
paper, we seek to empirically compare a model-free RL approach
and a novel model predictive control method (optimal w.r.t. its lin-
ear model) for smart residential thermostats and compare them to
standard reactive deadband controls. This paper makes the follow-
ing major contributions:

(i) a demonstration of constructing and modifying a large and
diverse sample of energy models that are representative of
houses in the United States for smart thermostat control
research;

(ii) a novel optimal model-based MPC approach is developed
using a mixed integer linear program solver to globally opti-
mize thermostat controls over a finite horizon w.r.t. a
learned linear deterministic model of thermal dynamics;

(iii) a direct comparison of deadband, model-based MPC, and
model-free RL controls trained using typical smart ther-
mostat data; and

(iv) a discussion of the challenges in applying a model-free RL
controller in comparison to a MPC approach.

The remainder of the paper is as follows. In Section 2 we pro-
vide an overview of how our testbed was built and how we defined
our control methodologies and cost function. Section 3 and Sec-
tion 4 presents the results and associated discussion of the con-
trollers and where both model-free RL and the MPC method
succeeded and where the model-free RL approach failed. In addi-
tion, we provide a discussion on how the control methods could
be implemented in the field and what limitations of our analysis
would need to be addressed. Finally, Section 5 summarizes our
findings on testing and developing data-driven control strategies
with existing smart thermostat data and discusses the challenges
of using model-free RL methods as part of a commercially available
thermostat controller.

2. Methodology

Our testing methodology required us to first construct a testbed
consisting of representative building energy models (Section 2.1).
Next, we selected and formalized a series of control methodologies
(Section 2.2); namely, our baseline deadband controller, our model
predictive controller, and tabular Q with batch experience replay
(model-free RL).

2.1. Building simulation testbed

We constructed a testbed to simulate the reaction of a building
to the proposed HVAC controllers. In addition to seeing how the
control strategy affected the comfort of the occupants and HVAC
runtime of a single residence, we wanted to know how the con-
trollers would perform on a wide variety of houses (i.e., different
locations, geometries, sizes, orientations, equipment types, win-
dow areas, envelope constructions, etc.). We built a large collection
of energy models that are representative of single-family building
stock in the United States (Section 2.1.1) and modified the simula-
tions to accurately reflect the temperature response of the building
and the on/off actuation of residential HVAC equipment at five-
minute resolution (Section 2.1.2). The on/off actuation was partic-
ularly important to be able to control individual equipment cycles.
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2.1.1. Building sample

We used ResStock' to generate a unique and diverse collection of
single-family houses located across the United States. We selected
ResStock because of the large number of characteristics from various
data sources that are sampled for each generated model. ResStock
samples based on conditional probabilities of nearly 100 housing
characteristics and over 1400 total options [21]. The characteristics
include building elements such as location, floor area, window area,
envelope construction, vintage, and HVAC type in addition to vari-
ables such as the number of occupants and their schedules, appli-
ance types and schedules, and thermostat setpoints. While these
features lead to models that are more diverse than other archetype
models, the generated models are still a simplification of the com-
plex interactions between humans and buildings as well as the
diversity of housing envelopes and HVAC system properties.

The distributions for the different building characteristics come
from numerous sources, including the Residential Energy Con-
sumption Survey, field studies, and census data [21]. Based on
the sampled characteristics, ResStock constructs OpenStudio®
models and their associated EnergyPlus® models for each house in
the sample.

We modified the housing characteristic sampling to ensure that
houses had at least a centralized heating or cooling system, other-
wise no conditional probabilities were adjusted. This modification
means some houses may only have a single (i.e., heating or cooling)
system and may be uncontrollable during certain times of year.
Having houses with uncontrollable periods during the year will
reduce the amount of improvement achievable with any proposed
control strategy, but it accurately reflects the realities of applying
controls broadly to any house with a smart thermostat.

We constructed 500 distinct energy models using ResStock. All
house models used single-stage equipment and the models used
five-minute timesteps for simulation; otherwise, each model had
a unique combination of features. An example of two different
geometries of houses generated are shown in Fig. 1. The two sam-
ple houses (Fig. 1a and 1b) are seen to have different sizes, layouts,
and foundations.

The housing generation process first sampled the region for
each model and then sampled cities from each region based on
the available weather data. Fig. 2 shows the number of models in
each location across the United States. The size of the bubble indi-
cates the number of houses at each location, while the color of the
bubble indicates the associated Building America Climate Zone
[22].

Fig. 3 shows the number of models generated for each vintage
(age) of the house. The number of models of each vintage are fur-
ther broken down by the floor area of the house. It is apparent that
more modern houses tend to be larger. The average house in the
sample was built in the 1980s and the average house is 2100 ft?
(195 m?). The newest houses in the sample were built in 2009. Pro-
vided new and updated distributions from which to sample, the
houses could be resampled to include the years 2010-2019 in
future investigations.

2.1.2. Energy model modification

While ResStock provided a collection of unique houses to test
the controls on, the models needed to be further refined for our
intended control application. The refinements addressed how the
energy from the HVAC equipment was provided to the thermal
zones by EnergyPlus and how the indoor air temperature
responded to the internal loads.

1 https://github.com/NREL/resstock.
2 https://www.openstudio.net.
3 https://energyplus.net.
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(a)

Fig. 1. Example of two randomly sampled houses from the generated sample of 500 models.
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Fig. 2. The number of models in each location for the generated energy models. The associated Building America Climate Zone is indicated for each location bubble.
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Fig. 3. Number of modeled houses broken down by vintage and by floor areas.

North American residential HVAC equipment typically does not
operate with an adjustable thermal energy rate, but rather oper-
ates using binary (i.e., on/off) control. When the equipment is
turned on, it provides its maximum available capacity. Multi-
stage equipment is similar; however, the stages have a fixed por-
tion of the total available capacity. In contrast, EnergyPlus calcu-
lates and delivers the energy from the equipment to the zone to
precisely meet the setpoint. The equipment in each model built
by ResStock was sized using ANSI/ACCA Manuals ] and S [23,24];

meaning the equipment is appropriately sized for the house size
and location. We suspect our sample of houses will deviate from
the true population as real houses may have improperly sized or
improperly running equipment. This variation may change the
magnitude of the achievable results presented later. The HVAC
equipment of the models consisted of an on/off fan and a single
speed direct expansion (DX) cooling coil (when the house had cool-
ing). For heating, the equipment was either a DX heating coil with
heat pumps, or a furnace used with various heating fuel types.
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Fig. 4 illustrates the default behavior of an EnergyPlus model
over eight days of simulation. The figure shows the binary mapping
of delivered HVAC thermal energy to the zone as on/off (top), the
delivered HVAC thermal energy (middle), and the indoor air tem-
perature response (bottom) of the building. It is observed that
the EnergyPlus simulation calculates and provides just enough
thermal energy to maintain the setpoint. The precise energy calcu-
lation and delivery results in the HVAC equipment nearly always
being on. This HVAC behavior is unrealistic in comparison to how
real houses are controlled (example Fig. 5). A methodology similar
to that of Cetin et al. [25] was implemented for each of the 500
thermal models. At the beginning of each timestep (and before
the predictor in the simulation), the next control decision was
made based on the indoor air temperature from the previous time-
step and the current timestep’s outdoor air temperature. Based on
the control decision, the heating and cooling setpoints for the ther-
mal zone were overridden to be extremely high if heating was
required, extremely low if cooling was required, or left unaltered
if neither were required. The different controllers (Section 2.2)
determined which system (i.e., heating or cooling) to activate dif-
ferently. The adjustments to the setpoints forced the equipment
into a binary on/off state with the maximum available capacity.
The control modifications were implemented using the Python
interface in EnergyPlus; an option available as of version 9.3.

Once the HVAC system was adapted to mimic the binary on/off
nature of real residential systems, a secondary concern was the
temperature response of the energy models when only using the
full HVAC capacity. Fig. 5 shows the on/off cycles (top), the mea-
sured equipment runtime (middle), and the indoor temperature
measurements (bottom) from a real thermostat in the Donate Your
Data dataset [26]. It is visible in Fig. 5 that the indoor air temper-
ature with a real thermostat is never stable at the setpoint — unlike
in the unmodified EnergyPlus model (Fig. 4). We determined that
the models from ResStock did not account for enough thermal
mass of furnishings which caused rapid and dramatic temperature
changes to the indoor air when the equipment was running; unlike
what is seen in Fig. 5. To be able to better approximate a real build-
ing, the temperature capacity multiplier of each model (i.e., the
ZoneCapacitanceMultiplier:ResearchSpecial field in Ener-
gyPlus) was increased. We tested values ranging from one to 10;
ultimately selecting a value of five. Based on our observations
(e.g., Fig. 7) the selection of five as the multiplier provided multi-
timestep equipment cycle lengths of a similar length to real ther-
mostats (approximately 15 min on average) and the average tem-
perature change of around 0.5°C for a cycle when maintaining a
static setpoint.

2.2. Control methods

As previously mentioned, we sought to evaluate different meth-
ods of data-driven control; specifically, a model-based and model-
free method. We developed and evaluated a model predictive con-
trol (Section 2.2.2) and the tabular Q method with batch experi-
ence replay (Section 2.2.3). The data-driven control methods
were compared to themselves and to a baseline deadband con-
troller (Section 2.2.1). All control methods were controlled at the
same five-minute interval as the energy simulation timesteps. In
reality, HVAC equipment in a residential building is able to actuate
faster than five minutes, but with minimum on and off times of the
equipment, few actions actually occur much faster than five
minutes.

2.2.1. Deadband control

Deadband control provided multiple functions in our analysis.
The deadband controls were the baseline control method for eval-
uation, fallback operation in other controllers, and the method
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used when building the training datasets for the data-driven con-
trollers. Deadband control is a standard control method for equip-
ment with on/off actuation. Even with commercially available
smart thermostats, deadband control remains a standard method
to control a residential building’s HVAC equipment. Deadband con-
trols are able to keep the air temperature close to the desired tem-
perature setpoint while also reducing how often the equipment is
turning on/off. Reducing the on/off cycling helps to increase the
longevity of the equipment. A deadband controller has an inherent
trade-off between comfort and runtime. The controller lets the
indoor air temperature move outside of the temperature prefer-
ence band (i.e., the range of indoor temperatures between the
scheduled temperature setpoints) before engaging the HVAC
equipment by the magnitude of the deadband.

We implemented a controller with a single-sided deadband.
This is similar to the deadband strategy found on ecobee ther-
mostats. For heating, when indoor air temperatures were 0.5°C or
more below the heating setpoint the heating system was turned
on. Once the air temperature went above the heating setpoint,
the equipment was turned off. The cooling system used similar
logic except the equipment turned on when the indoor tempera-
ture went 0.5°C above the cooling setpoint and turned off once
the temperature had dropped below the cooling setpoint. For those
houses with air conditioning, we included a 10°C outdoor temper-
ature lockout; preventing the air conditioning from being used and
protecting the compressor. The outdoor temperature at which the
air conditioner (or any compressor) is locked out varies based on
the smart thermostat manufacturer and can typically be further
adjusted by the user. We ran each energy model using the dead-
band control, implemented in Python and connected to EnergyPlus,
for an entire year of simulation.

2.2.2. Data-driven model predictive control

Model predictive controls (MPC) are a popular methodology for
controlling complex buildings or systems when models of the
dynamics are available or can be learned. It has previously been
demonstrated that accurate thermal models can be easily learned
using the data available from smart thermostats [27]. Using the
historical data for each house under deadband control (Sec-
tion 2.2.1), we trained customized thermal models for each house.
A new model was trained and available on the 1% and 15" of each
month using the previous two weeks of historical data. The latest
model was used until a new model was made available. Based on
the findings of Huchuk et al. [27], the customized thermal model
selected was a linear ridge regression model; as shown in Eq. (1).
The model used indoor and outdoor temperatures (T, Toy), the
binary on/off value for heating and cooling (G, Qeor)» @nd direct
horizontal solar irradiance (g, )- All values were provided at the
current timestep t and with history (¢t — m) where m € {1,2,3,4}.
The ridge regression model was implemented in Scikit-learn [28]
and used threefold cross validation to select the strength of the
¢,  regularization (1) for each ~model. Values of

Je {10’3,10’2,10’],1} were selected during training based on

the lowest mean squared error.
With the following trained linear model

4
Tin,t+1 = Z Ugl.mTin.t—m + ﬁz.mTaut.t—m + ﬁlmqheat.t—m

m=0
+ ﬁ4,chool,t—m + ﬁ&mqsolar.[—m} ’ (1)

a mixed integer linear problem (MILP) was formulated in Gurobi®
and solved at every timestep of the yearly simulation for each model.
The MILP, defined as follows

4 https://www.gurobi.com.
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optimized the use of heating and cooling (qeqr, Geo0r) iN Order to min-
imize the total cost over a prediction horizon H. The cost objective
was the y-weighted sum of discomfort (d) and runtime (q); a
detailed description of the choice of y =1 is provided in Sec-
tion 2.2.4. In a real application, the y value trading off equipment
running time and user discomfort could be customized for each
house or individual occupant, similar to what was done by Jin
et al. [29]. However, we opted not to add the complication of mod-
eling a distribution of user trade-off preferences for y and instead
used a fixed value for all houses.

The discomfort values (dpeq, deoor) penalized overheating or cool-
ing when the indoor air temperature was outside of the comfort
band of the heating and cooling setpoint. Defined individually for
a heating and cooling component (see Eq. (2)), discomfort had both
a zero-cost region, a linear cost region, and an extreme discomfort
cost region (with a penalty multiplier of 1000) incurred when the
indoor temperature deviated more than 2\°C from the heating or
cooling setpoint. Similar to the runtime and discomfort trade-off,
both the size of the deviation (i.e., the 2.0°C value) and the extreme
penalty (i.e., the 1000 multiplier) could be customized per house if
desired. We note that our definition of discomfort only considers
air temperature and not all the factors considered in ASHRAE 55
[30]; however, air temperature is the primary control variable for
smart thermostats. We leave a more holistic approach to discom-
fort and the development of potentially multiple additional predic-
tive models as potential future work.

During the optimization, exogenous variables such as outdoor
temperature (T, ) and solar irradiance (g, ) were treated as deter-
ministic. The horizon H was limited to only 12 timesteps (or one
hour) given the practical constraints of running the optimization
every timestep (105,120 instances per year of simulation) for all
500 models. Based on the MILP’s solution, the first predicted control
action was executed and the EnergyPlus model continued to the next
timestep. Just as with the deadband controller, the air conditioning
was locked out when the outdoor temperature was below 10°C.

2.2.3. Tabular Q with batch experience replay
In contrast to the model-predictive control methodology dis-
cussed previously, model-free RL methods offer an attractive alter-
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native for training an HVAC control policy directly from historical
data through a method known as batch (offline) learning [31].
Ostensibly, this permits us to avoid the model training required
in model-predictive control methods (e.g., the linear model we
use in the MPC method described previously), thus also avoiding
control errors induced by inherent inaccuracies and approxima-
tions in a learned model.

We selected a standard tabular Q-learning method (TQBER) [17]
as the basis for our model-free RL method. Given the relatively
simple observation space, there is no need to use more recent
(and more difficult to train) function approximation methods such
as deep Q-learning with neural networks (DQN) [32] discussed in
Section 4.2. The key advantage of Q-learning is that it can be
trained offline using batch experience replay, i.e., it is possible to
train it on historically collected data using a different control policy
so long as the control policy in the historically collected data ade-
quately explores all control actions in all states (i.e., it will ran-
domly deviate from the control policy to explore alternative
controls). For the batch experience replay, we used the same two
weeks of historical (deadband control based) data as the ridge
regression model training received (Section 2.2.2).

Unlike the deadband control data used for the baseline (Sec-
tion 2.2.1) and ridge regression model training (Section 2.2.2), a
new e-deadband controller was used to generate a new historical
dataset. The e-deadband controller took a random action 10% (¢€)
of the timesteps to meet the exploration requirements for conver-
gence of Q-learning. To understand this exploration requirement, it
is important to consider that for offline training on historical data
without a model, a model-free RL method must be able to evaluate
the repercussions of all control actions in each state. Quite simply,
it is impossible to know if there is another better action in a state if
the controller that generated the historical training data only ever
makes the same decision in that state. We selected a 10% value for
random action exploration to minimise the effects of exploration
on equipment runtime and occupant discomfort. While a higher
€ value may lead to better learning performance for TQBER, we
conjecture that it would significantly degrade occupant comfort
and unnecessarily increase runtime - we deemed € = 10% to be
the maximum random exploration that a user would tolerate with
a smart thermostat. The random action selection obeyed the same
temperature lockout on the air conditioner as the other control
methods.

We defined our state space (S) using two values S; and S,. The S;
component of the state was the difference between the indoor
temperature and the heating setpoint (Tin — Tstp heat)- The S, compo-
nent was the difference between the indoor temperature and the
cooling setpoint (Ti;, — Tsp o). The values for both S; and S, were
rounded to the nearest tenth of a degree Celsius. The action space
(A) had three states: off, heat on, and cool on. The rewards (R) were
the same magnitude as the costs in Section 2.2.2, only negated.
Runtime of heating or cooling was assigned a value of —1 and
had discomfort (dpe, and d.,) subtracted. Similar to the model
predictive control strategy, the relative weights of the rewards
could be further customized in other applications.

Using our historical cache of data from a yearly simulation of
each house using the e-deadband controller, a new Q-value table
(containing the learned control policy and cost estimates) was
learned by TQBER using the following iterative update

QSeA) — Q(SiA) + &Rt + $maxQ(Sec, @) — Q(Si,Av)|

A new Q-value table was constructed for the 1% and 15" of each
month using the previous two weeks of data. Eq. 3 was trained
with « = 0.2 and ¢ = 0.9 which were both manually selected. Dur-
ing control, the trained Q-value table was used to decide the best
next action to take, based on which action given S; and S, had
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the highest value. The state (S;,S,) needed to have been visited
at least five times in the training data, else the controller fell back
to the standard deadband control (Section 2.2.1) for that timestep.

2.2.4. Comfort versus runtime trade-off

Past researchers have applied diverse definitions of comfort
when incorporating it into control optimization. Some researchers
chose to make comfort bands (i.e., setpoints) hard constraints in
their problem definition [14]. With that approach, it is possible
to have completely infeasible solutions that the system must be
properly engineered to gracefully handle. Other researchers have
relied on the predicted mean vote [16,33] or the adaptive comfort
model [34] as their definition of comfort. Unfortunately, neither of
these standard models translate well to the residential domain
[35-37]. The inability to transfer these models is attributable to
both a lack of datasets related to the comfort of occupants in their
homes, and the difference in occupant behavior at home. For
instance, the range of activities happening and the demographics
of the occupants in a house is far more varied than in commercial
buildings.

We utilized the existing thermostat setpoints (which were
selected as part of the ResStock sampling) as the basis for the
understanding of the comfort of the occupants and considered
the linear deviation outside of the comfort band (i.e., the tempera-
tures between the heating and cooling setpoints) as discomfort.
We tuned the 7y in our cost function (see Eq. (2)) by looking at a
random sample of houses and how the magnitudes in both runtime
and discomfort changed as y was adjusted. Fig. 6 shows, for only
two of the sampled building models after a year of simulation,
how comfort and runtime were affected by different values of 7.
In both cases (Fig. 6a and b) the MPC controller is more responsive
to changing y compared to the TQBER. For the MPC in particular,
the effect of changing y stabilizes as it is increased above 1.0. Based
on the extension of this analysis to multiple houses from our sam-
ple, we selected y = 1.0. This value seemed to result in only minor
violations of the thermostat setpoints but also still seemed to
achieve HVAC runtime savings.

3. Results

Our initial results confirm that our testbed was performing as
expected (Section 3.1). We then present a detailed breakdown of
the deadband controller since it is highly critical for comparison
in both absolute and relative terms (Section 3.2). The evaluation
of the controllers was conducted based on the total evaluated costs
and on the discomfort and runtime components (Section 3.3). We
investigated the relative per-house difference in controller perfor-
mance between the model-based (MPC) and model-free RL
(TQBER) methods over traditional deadband controls (Section 3.4).
Finally, leveraging our diverse sample, we investigated if houses
with specific characteristics performed differently than others
(Section 3.5).

3.1. Specific control demonstration

The three control strategies (defined in Section 2.2) were simu-
lated for an entire year with each of the 500 thermal models. Fig. 7
shows the indoor and outdoor air temperature, temperature set-
points, and heating and cooling equipment runtimes for three days
for two different simulated houses (Fig. 7a and b). The energy mod-
els are observed to have realistic (compared to Fig. 5) temperature
deviations when the HVAC equipment is turned on. The deadband
controls appear to follow the setpoints and are reactive to changing
setpoints. The MPC is seen to make decisions that differ from the
standard deadband control. For instance, it is able to predict set-
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Fig. 6. Total HVAC runtime (left y-axis) and discomfort (right y-axis) for two different modeled residential buildings with different values of 7.

point changes (through the ability to calculate future predicted dis-
comfort) and avoid discomfort. Simultaneously the MPC’s solution
finds times when the setpoints should be violated just a little to
save equipment runtime. The TQBER method often mimics the
deadband control (as it was a fallback state) but also appears to
make poor decisions overall. These trends allude to many of the
aggregated results we will observe in the coming sections.

3.2. Deadband controller

The deadband controller was the baseline for gauging the effec-
tiveness of both our candidate data-driven control methods. Across
our sample of 500 houses, there was considerable variation in the
amount of runtime and discomfort experienced under the baseline
control. Fig. 8 shows the distribution in heating and cooling run-
time hours for all simulated residential buildings, broken down
by month. The boxes represent the quartiles of the distributions,
while the whiskers are 1.5 times the upper and lower portions of
the interquartile range.” The majority of houses are not continually
running their equipment, meaning there are savings opportunities —
there are no opportunities for advanced control when the system is
constantly required to run.

Fig. 9 shows the distributions in total runtime and discomfort
for all house models broken down by month. The discomfort and
runtime appear to positively correlate, meaning months with more
runtime appear to have more discomfort. The discomfort values
appear to have more outliers compared to the runtime. The differ-
ence in the number of outliers is attributed to the runtime having a
smaller range of potential values. The median amount of discom-

5 All boxplots presented in the later figures have this same form.

fort appears fairly consistent over the year. The stability makes
sense since the deadband control is always allowing a 0.5°C
discomfort.

3.3. Absolute cost for each controller

Fig. 10 shows the distributions for all house models in (a) total
cost and (b) separated out between runtime and discomfort for
each control method over one year of simulation. In Fig. 10a the
MPC is shown to have the lowest costs compared to both the dead-
band and the TQBER controls. The TQBER is observed to have the
highest cost of any of the control methods. The two extreme out-
liers (a total cost of more than 80,000) for all control methods were
found to be two small (1000 ft?) houses in relatively hot climates
(see Section 3.5) that have no central air conditioning. In the break-
down of the cost components, as shown in Fig. 10b, the discomfort
value is seen to be where MPC has a distinct advantage over the
deadband baseline. This ability to improve comfort is visible in
both examples in Fig. 7. The MPC made the transition to setpoints
sooner and would often remain just above the setpoints. Mean-
while, for TQBER, the discomfort is where the majority of the
increased cost appears, with actually some reduction of runtime
visible.

3.4. Relative performance over the deadband control

The absolute costs, while informative, mask the trends on a per
house basis. To better understand the impacts of the controllers
per house, we calculated the percentage change in discomfort
and runtime from the deadband controls for each house. The distri-
butions of the percentage change by month and by year are shown
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Fig. 8. Distribution in the number of heating and cooling hours each month for all house models simulated using deadband control.

for MPC in Fig. 11 and for TQBER in Fig. 12. For MPC, discomfort
was often almost fully eliminated in comparison to the deadband
controls. The variation in discomfort savings is highest in the
shoulder months. In contrast, there is relatively little variation in
the savings in runtime during the year. Unlike the MPC, the TQBER
performed much worse than the deadband controller; particularly
in terms of discomfort. The relative amount of discomfort is the
least in the summer, but the summer is also when the absolute
amount of discomfort (Fig. 9) is the highest.

3.5. Latent factors affecting control

One intention of using a diverse sample of modelled houses was
to be able to see if the latent (i.e., underlying and physical) charac-
teristics of the house made the data-driven control methods more
or less effective. We looked specifically at the floor area (Sec-
tion 3.5.1), the climate zone (Section 3.5.2), and the vintage of
the house (Section 3.5.3).
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Fig. 10. Distribution for each control method across the entire sample for the (a) total cost and (b) separate components of runtime and discomfort.

3.5.1. Performance based on floor area

The floor area of the houses was expected to have some effect
on the ability of the house to be controlled by various control
methods. For instance, larger homes may have lower floor area to
wall (and window) ratios that change their responsiveness to out-
door conditions. Fig. 13 shows the distribution in total cost (the y-
weighted sum of runtime and discomfort) for each controller over
a year of simulation, broken down by the floor area of the building.
The smallest houses appear to have the largest variation of value,
implying that smaller buildings are more difficult to control. We

postulate that these houses are influenced more by exogenous dis-
turbances such as occupants or ambient conditions. The two worst
performing buildings (across all control methods) are both 1000 ft?
in size.

3.5.2. Performance based on climate zone

The location of each house dictates the prevailing climate con-
ditions each building is exposed to. Houses in different locations
would have different opportunities for optimizing the controls
based on changing weather patterns and may face different limits
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on how much saving is possible. Fig. 14 shows the distribution of
total cost based on each control method broken down by Building
America Climate Zone [22]. The two smallest climate zones (Very
Cold and Hot-Dry) have been grouped with their similar climates.
It appears that regardless of the climate zone, MPC is able to reduce
the total cost compared to deadband control. The Mixed-Dry/Hot-
Dry region has a much larger distribution in the values compared

10

to the other climate zones. This variation implies that control in
the Mixed-Dry/Hot-Dry region is harder to optimize across the
population. We note that the Mixed-Dry/Hot-Dry region did have
one of the lowest installation rates of central air conditioners, with
only the Marine climate having a lower installed fraction. This
would lead to high discomfort during the summer months for
some houses; reducing the overall effectiveness of any of the con-
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trollers. However, these results reflect the actual opportunity for
improvement based on the underlying housing distribution.

3.5.3. Performance based on the vintage

Similar to both the size and location of the houses being mod-
elled, we wanted to explore if the age of the house affected its abil-
ity to be controlled. The vintage of the house affects a number of
characteristics such as the materials used, installed HVAC, and
internal loads. Fig. 15 shows the total cost for each controller based
on the vintage of the house that was modeled. The oldest houses
(from before 1950) have the largest variation in the controllers,
while the newest houses have the lowest variation. The median
performances across the vintages for each controller remain rela-
tively consistent.

4. Discussion

Based on our investigation into the various data-driven control
methods, we present three main points of discussion.

4.1. Effectiveness of model-based methods

Compared to both deadband and model-free RL (TQBER), the
model-based MPC had the best performance when both runtime
and discomfort were considered. The deadband control often made
runtime-efficient decisions and only ran the HVAC equipment a
minimal amount (see Fig. 7). The MPC generally reduced the num-
ber of setpoint violations and made the controls more preemptive
to setpoint changes.

One major concern with implementing the MPC strategy is
whether an accurate model of the system can be acquired. It gen-
erally appeared that our models were able to reasonably capture
the dynamics of the systems with our testing methodology. How-
ever, given the deterministic nature of the exogenous variables in
our predictions (i.e., our predictions of weather conditions were
perfect® and occupants did not change their setpoints), the esti-
mated median improvement of 36% over the deadband controller

6 Given the short one hour prediction horizon, weather forecasts could be generally
quite accurate [38].

11

is an upper limit of savings and only with the same costing structure
and weighting values in the optimization.

4.2. Challenges with model-free methods

For our model-free method which we trained offline, we
encountered a number of issues which generally plague the imple-
mentation of RL in real-world applications. The first issue was how
often the controller needed to fall back to the deadband controller
because it had not seen the state often enough in training. Fig. 16
shows the distribution of the fraction of timesteps where the
TQBER controller was falling back to deadband for each house.
On average, over a third (36%) of the control actions per thermostat
defaulted to the deadband control because the state did not meet
the minimum number of observations during training to use the
Q-value from the table. Even with the modest exploration (10%)
in the e-deadband training data, which comes with additional
energy and discomfort for the occupants of the house, being able
to quickly train a model using existing data appears to be infeasi-
ble. The narrow range of observed states is particularly evident in
the visualization of the tabular Q-values for one house model after
two weeks of training (Fig. 17a). The observations based on the two
states (S; and S, ) exist only in a tiny band, and some of these values
are based on less than five samples. If during testing there is any
change in setpoints or shift in values (referred to as distribution
shift), the table quickly becomes inadequate. Our simple state
space does not take into account outdoor temperature nor any
future states - two advantages the MPC method had. Addressing
this lack of predictive features with a more detailed state space
would only further exacerbate the existing data sparsity issues.

We did explore using a function approximation of the Q-values
with a deep neural network. The deep Q network (DQN) [32] lever-
ages all given observational data by learning a deep neural network
function approximator to avoid a blow-up in space and sample
complexity that occurs when a tabular method is used instead.
The learned Q-values (i.e., both tabular and deep) for one house
are shown in Fig. 17. Both used the same two weeks of training
data from e-deadband control. While the function approximation
of the DQN managed to get some extrapolations correct, certain
extrapolations (such as heating to on the right side) would be a ter-
rible control decision in actuality. To be able to properly use DQN,
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the function approximation would need to be more tightly con-
trolled during training or a larger and more diverse dataset is
required.

4.3. Implementing data-driven control in the field

The intention of our work was to determine how best to utilize
typical and existing smart thermostat data for improving the con-
trol over individual houses. We used modeling methods and a test-
ing strategy that replicated near real-world scenarios and could
easily be scaled to hundreds of thousands of devices. Of course,
to utilize these methods in a fleet of real smart thermostats, a num-
ber of additional considerations would need to be made. In a real
system, more safeguards would need to be in place. For instance,
based on our model training methodology, if a controller per-
formed poorly, this could persist for almost two weeks before it
had a chance to be corrected. During seasonal changes, it was pos-
sible a model could be trained with no knowledge of cooling or
heating equipment that during active control may be required.
Evaluation of model training would need to be better monitored
to prevent the use of a bad model for optimization. In our investi-
gation, we purposefully avoided this screening to be able to see
how poor the control experience may be in a simulated environ-
ment; this is not an option in a real house. The developed con-
troller would need to account for more complicated equipment,
such as multi-stage cooling or heating. In the case of multi-stage
equipment, the relative costs of the different stages would need
to be included in the cost function. Finally, the adjustment of the
relative trade-off of comfort versus runtime () should be adjusted
per user or house.

5. Conclusion

With the availability of rich historical data from the latest gen-
eration of residential thermostats, we sought to understand how
the data could be leveraged to improve the standard heuristic con-
trols generally implemented by residential thermostats today. To
test the data-driven controls, we built a large and diverse sample
of residential energy models and simulated a year of operation.
The energy models were modified to accurately recreate the tem-
perature response, equipment actuation, and data provided by
commercially available smart thermostats.

We evaluated three varieties of controllers: a baseline con-
troller, a model-based (model-predictive) controller, and a
model-free (reinforcement learning) controller. The baseline con-
trol strategy was a deadband controller; typical of the controls
found on standard smart or programmable thermostats. Our
model-based method was a model predictive controller using a lin-
ear ridge regression model trained using only the observational
data from the deadband controller. Finally, our model-free method,
a tabular Q with batch experience replay, was trained offline using
the same amount of data as our model predictive controller. Both
data-driven methods were intended to minimize the cumulative
costs of discomfort (based on distance from the users’ comfort
band) and total HVAC runtime. Based on year-long simulations
on a diverse collection of 500 residential models, the model predic-
tive controller was able to generally reduce the combined cost of
runtime and discomfort in comparison to the deadband controller.
The tabular Q method’s performance was poor due to sparse obser-
vational data and the limited amount of exploration we allowed
due to HVAC equipment runtime cost and occupant comfort
considerations.

Ultimately, to achieve decentralized on-device control of smart
thermostats, the controller needs to be robust, reliable in the con-
trol actions, and have good performance across a range of settings.
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We conclude that optimal data-driven MPC methods leveraging
the linear learned models introduced in this work provide a
promising and effective method for the control of smart residential
thermostats across a wide variety of housing stock and climate
conditions.
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