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Giuseppe Pinto, Ursula Eicker, Mohamed M. Ouf

A R T I C L E I N F O A B S T R A C T

Dataset link: https://github .com /kkaspar10 /
Occupant _Thermostat _Int/

As space heating accounts for 54% of annual residential electricity consumption in Quebec, demand response 
programs specifically target load shifting through the automated control of thermostat setpoints during peak 
hours. On a district scale, varied thermostat preferences and setpoint override behaviors can have an impact 
on the success of the demand response program. This study examines two unique occupant types (Average, 
Tolerant) in terms of thermostat setpoint preferences as well as three different occupant Levels-of-Detail (LoDs) 
and analyzes their effects on the energy flexibility provided during demand response periods. For our baseline 
scenario, LoD 1, a static setpoint schedule is used and there is no control of the heat pump, while LoD 2 and LoD 
3 incorporate thermostat setbacks during demand response events. LoD 2 assumes the occupant is comfortable 
within 2 °C from the setpoint while LoD 3 allows the occupant to override the DR setbacks. We estimate the 
flexibility services provided by a ten-house residential community through the automated control of heat pumps 
during a three-month winter period, and we implement and simulate our study in CityLearn using reinforcement 
learning-based control for district-level energy management. When comparing LoD 3 to LoD 1, electricity cost 
was reduced by approximately 12% and net electricity consumption was reduced by approximately 17% during 
demand response periods. Likewise, we find that LoD 2 could overestimate savings in net electricity consumption, 
cost, and peak demand by 5% compared to LoD 3. The number of hours where the indoor temperature deviated 
more than 2 ◦C from the setpoint occurred for less than 5% of the timesteps on average for the 10 buildings 
for LoD 3 while still achieving significant net electricity consumption reductions, thus highlighting that we can 
provide energy flexibility services to the grid while balancing occupant thermal comfort. Finally, the agents 
learned optimal decision-making that reduced the number of overrides across the training episodes for both 
Average and Tolerant occupants. We thus present a multi-agent framework as a means for addressing various 
occupant setpoint preferences and override behaviors for the control of heat pump systems at the neighborhood 
level.
1. Introduction

1.1. Background

Buildings of the 21st century, increasingly equipped with renewable 
energy generation, electrical storage systems, smart appliances, meters, 
and sensors, are not only significant consumers of electricity but now 
hold the potential of providing grid services through energy flexibility. 
As the electrical grid becomes inundated by the electrification of the 
transportation, building, and industrial sectors, morning and evening 
peaks in energy demand cause strain on the electrical grid and some-
times require back-up power plants (e.g. gas plants in Ontario [1]) to 
supplement usual production. The building sector, however, can pro-
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vide energy flexibility through Demand-Side Management (DSM) for 
enhanced stability and reliability of the grid.

As approximately 94% of the energy production in Quebec comes 
from hydropower [2] and space heating represents approximately 54% 
of annual residential electricity consumption [3], energy flexibility can 
be exploited through load shifting of space heating loads in the residen-
tial sector. Furthermore, approximately 77% of residential buildings in 
the U.S. [4] and approximately 54% in Canada [5] are single-family 
homes, so there is untapped potential in aggregating the smaller loads 
of a neighborhood or district to create substantial impact on energy 
flexibility. Demand Response (DR) programs offer buildings a way to im-
plement DSM, and these programs rely on customers to either a) change 
their behavior during peak-hours to reduce energy consumption; b) shift 
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Nomenclature

Abbreviations

AMY Actual Meteorological Year
COP Coefficient of Performance
DHW Domestic Hot Water
DLC Direct Load Control
DR Demand Response
DSM Demand-Side Management
EUI Energy Use Intensity
EULP End-Use Load Profiles
FF Flexibility Factor
HVAC Heating, Ventilation and Air Conditioning
KPI Key Performance Indicator
LoD Level of Detail
LSTM Long Short-Term Memory
MAPE Mean Absolute Percentage Error
MDP Markov Decision Process
MILP Mixed Integer Linear Programming
MPC Model Predictive Control

PAR Peak-to-Average
RBC Rule-Based Control
RL Reinforcement Learning
RMSE Root Mean Squared Error
SAC Soft Actor-Critic
SP (Thermostat) Setpoint
WWR Window-to-Wall Ratio

Symbols

𝑎 agent action
𝑐 electricity cost
𝑒 net electricity consumption
𝑝𝑎𝑣𝑔 average daily peak
𝑝𝑚𝑎𝑥 maximum peak demand
𝑟 agent reward
𝑠 agent environment state
𝑇in Indoor Air Temperature
𝑇SP Thermostat Setpoint Temperature
energy-intensive activities to off-peak hours; or c) incorporate and man-
age on-site renewables that help reduce demand during peak hours [6]. 
Various DR programs exist to encourage participation in DSM, includ-
ing price-based strategies that encourage energy-efficient behavior in 
exchange for financial incentives as well as Direct Load Control (DLC)
by the utility [7]. The availability of smart devices such as thermostats, 
dishwashers, and electric vehicles can also allow for additional levels of 
control and coordination of building energy consumption. While man-
ual adjustments of the thermostat can be effective, an automated control 
algorithm seeking to reduce energy consumption while maintaining oc-
cupant comfort could lead to increased participation in the DR programs 
and thus services provided to the grid in exchange for financial re-
munerations for the customer. The following sections thus present the 
state-of-the-art regarding thermal comfort for occupants as well as the 
control of building energy systems for residential buildings.

1.2. Occupant thermal comfort in buildings

When automatically controlling building heating systems, it is 
paramount to characterize and quantify occupant thermal comfort. P.O. 
Fanger’s Predicted Mean Vote (PMV)-Predicted Percentage Dissatisfied 
(PPD) model presents a quantitative framework for evaluating thermal 
comfort based on parameters such as air temperature, humidity, air ve-
locity, and clothing insulation, and remains an industry standard for 
estimating occupant thermal comfort in buildings [8]. However, Du et 
al. [9] found that the accuracy of the PMV model was less than 60% 
and performed even worse in cooler sensations while Gilani et al. [10]
similarly noted that Fanger’s PMV-PPD model overestimated thermal 
sensation by 33% for buildings with an HVAC system. Likewise, the 
ASHRAE Standard 55 acknowledges that the ideal operative tempera-
ture ranges (approximately 21-24 ◦C when wearing full clothing) still 
only result in thermal comfort for approximately 80% of the occupants, 
thus 20% of the occupants experience whole body or partial body ther-
mal discomfort within this range [11]. While these standards remain 
applicable in many settings, they were not originally intended for res-
idential use. There is thus a shift towards occupant-centric approaches 
as a way to increase the quality of the indoor environment by analyzing 
and considering a variety of occupant thermal comfort ranges, especially 
for applications in residential buildings.

Smart thermostat data have been leveraged to inform occupant ther-
mal comfort and are particularly useful for studying the ranges in 
occupant thermal comfort preferences in the residential sector. Pro-
2

grammable smart home thermostats enable users to establish temper-
ature setpoint schedules for their heating and cooling systems while 
offering the convenience of manual adjustments when required. When 
a user temporarily changes the setpoint directly without modifying the 
program, this action is referred to as a setpoint override, usually lasting 
between 2-4 hours depending on the user’s setting. Automated thermo-
stat control represents an avenue that could allow for significant energy 
savings, though doing so requires an understanding of both thermostat 
setpoint preferences as well as occupant-thermostat override behaviors. 
Several studies have been performed that address occupant thermostat 
preferences or occupant override behavior in North America. Huckuk et 
al. [12] presented a comprehensive examination of ecobee’s smart ther-
mostat data across 10,000 homes in the U.S. and Canada while noting 
the importance that climate plays in regional setpoint preferences, thus 
underlying the importance of further analyzing local setpoint prefer-
ences and override behaviors. In a Quebec-specific study, Panchabikesan 
et al. [13] used the ecobee data to create four clusters of heating set-
point profiles, though did not address thermostat overrides made by the 
occupants. Kane and Sharma [14] studied the amount of time occupants 
were present at home prior to making a setpoint override and analyzed 
the changes in energy consumption due to the overrides, while Huchuk 
et al. [15] found that occupant overrides led to negative energy conse-
quences for just 2% of the timesteps. In a DR application, Sarran et al. 
[16] studied thermostat overrides during summer cooling DR events and 
identified several factors that may have led to overrides, such as quickly 
changing indoor air conditions and the magnitude of pre-cooling set-
point changes prior to the DR event. Using an agent-based approach, 
Vellei et al. [17] created a novel dynamic thermal comfort model which 
firstly simulates skin temperature and body core under uniform condi-
tions and then uses these parameters to estimate the thermal sensation 
and thermal comfort of the occupants. This study modeled an occupan-
t’s probability of a thermostat override given various occupancy rates 
and at-home activities but considers only occupants with a default set-
point temperature of 21◦C. Many studies, such as Hazyuk et al. [18]
and Razmara et al. [19], assume thermal comfort so long as the in-
door air temperature of the building remains within a band (e.g. 2◦C) of 
the setpoint temperature. While this assumption is reasonable for many 
commercial or institutional building applications, it could result in an 
overestimation of occupant thermal comfort and does not consider a res-
idential application where the occupant could decline or override DR
signals. Analyzing the effects of varied occupant preferences and over-
ride behaviors at the neighborhood or district scale on energy flexibility 

remains a key gap in literature.
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1.3. Methods for the automated control of building energy systems

Most commercial and residential buildings with a building energy 
management system function via Rule-Based Control (RBC), whereby 
the temperature setpoint of the building is dictated by pre-determined 
schedules. RBC falls short in that it is unable to account for factors such 
as extreme or sudden weather changes, varied occupant thermal pref-
erences, changing occupancy patterns, and changes to building energy 
consumption patterns. Model Predictive Control (MPC) was thus devel-
oped, which leverages physics-based building models to make forecasts 
for energy consumption, renewable energy production, and occupancy, 
among other variables [20]. The goal of the MPC control schemes can 
vary, though the optimization function often involves minimizing en-
ergy cost [21], minimizing energy consumption [22], or maximizing 
consumption of on-site renewable energy production [23]. For exam-
ple, Zhang et al. [24] was able to achieve approximately 18% reduction 
in energy consumption through MPC-based control of office cooling 
systems in comparison to a standard on/off RBC. While MPC can be 
powerful, its application in the industry remains limited as barriers to its 
adoption include expert knowledge and time required to build reliable 
physics-based models, dependency on advanced and costly softwares 
and solvers such as MATLAB [25] and CPLEX [26], and computational 
complexity to run the optimization [27].

To avoid the cumbersome nature of constructing physics-based mod-
els and running intense optimization solvers, data-driven approaches 
have been leveraged to facilitate the coordination of building energy 
systems, renewable energy production, and on-site energy storage. Re-
inforcement Learning (RL), a branch of machine learning, has gained 
recent popularity due to the agent-based system’s adaptability to chang-
ing conditions and ability to infer relationships and optimal decision-
making from data rather than from physics-based models [28]. RL
centers around an agent taking an action and receiving a reward (or 
penalty) for its action depending on the objectives. At each timestep, 
the agent tries to maximize the reward function and receives feedback 
on its performance using the updated conditions of the environment, 
thus learning optimal decision-making through trial and error [29]. A 
potential drawback of using RL is that it can take additional time for 
the agent to discover and learn optimal decision making, and it is not 
guaranteed that an agent will always be capable of making optimal 
decisions [29]. However, the advantage is that the agents make deci-
sions without performing system-wide optimization at every timestep, 
thus making the approach less computationally intensive compared to 
heuristic optimization methods [30]. One study tested an RL approach 
against a Mixed Integer Linear Programming (MILP)-based optimization 
scheme and found comparable results for minimizing electricity cost for 
a building cluster, which is promising given the efficiency of building 
and training the RL agent compared to MILP [31].

To perform the analysis of building energy management, several 
popular emulators exist such that algorithms and applications can be 
tested and optimized in a simulated setting. CityLearn is an open-source, 
Gymnasium environment that serves as an emulator for simulating the 
control of building energy systems, including storage and HVAC systems 
[32]. While other emulators such as Boptest [33] and Gym-Eplus [34]
focus on single buildings, CityLearn allows for the control and coordi-
nation of multiple buildings to assess the effects on the grid of energy 
management applications, and has been leveraged in this study to an-
alyze more realistically the potential energy flexibility of a residential 
neighborhood under DR signals.

1.4. Literature gap and research objectives

To extend the lifespan of our current grid infrastructure while we 
upgrade the province-wide network, DR via DLC can be implemented 
to best optimize energy consumption and related costs, renewable en-
3

ergy use, thermal comfort, and user satisfaction. We noted previously 
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the growing research related to DR through thermostat setpoint flexi-
bility, and we identified three key gaps in the literature as (a) a lack 
of variation in thermostat setpoint preferences and profiles; (b) a com-
parison between allowing and not allowing occupants to override the 
thermostat during DR events; (c) neighborhood-level control of build-
ing energy systems as opposed to single-building analysis.

The aim of this study is thus to address these key gaps, and as such 
the primary objectives are to:

1. Determine more realistic flexibility services provided through the 
automated control of residential heating systems

2. Analyze the ability of the energy management scheme to handle 
varied thermostat setpoint profiles

3. Compare three different levels-of-detail in which we model and con-
sider the occupant in the DR scheme

To achieve these goals, we expand on the existing CityLearn RL en-
vironment by including representative and varied occupant thermostat 
preferences as well as occupant thermostat override models to explore 
a realistic application of DR participation.

2. Methodology

2.1. Overview

This study analyzes the flexibility provided by a ten-house residen-
tial community through the automated control of heat pumps under DR
signals during the heating season in Montreal, Quebec. We implement 
our study in CityLearn, and the source code is available on GitHub1 for 
reproducibility. For our study we include two occupant types, herein 
referred to as Average and Tolerant occupants based on different thermo-
stat temperature setpoint preferences. We consider the role of occupants 
in the control scheme by comparing three different Levels of Detail (LoD)
in which we incorporate the occupants into the control scheme as shown 
in Table 1 and Fig. 1.

LoD 1 represents the simplest LoD in which we use fixed setpoint 
schedules for each occupant type with no control of the HVAC system, 
thus representing our baseline scenario. The ideal heating load needed 
to reach the setpoint at each timestep is fed into the Long Short-Term
Memory (LSTM)-based Building Thermal Dynamics Models to determine 
the resulting indoor air temperature of the building, and this helps us 
establish the reliability of our LSTM models for the subsequent LoDs. In 
the case of LoD 2 and LoD 3, the heat pump heating supply power is var-
ied according to the CityLearn RL agent action. Firstly, each house has 
a representative RL agent in CityLearn which determines the heat pump 
heating supply power given the current state of the environment. Based 
on the heating supply power of the heat pump, the new indoor air tem-
perature of each home after one hour is calculated using LSTM-based 
building thermal dynamics models. For LoD 2, this new indoor air tem-
perature is sent back to the agent to continue with the next timestep. In 
LoD 3, the occupant-thermostat override models are used to determine 
whether a setpoint change is made based on the indoor air temperature 
of each home. The thermostat setpoint is either updated corresponding 
with the schedule or with the occupant change that was made. In the 
event that the setpoint is overridden, the new setpoint determined by 
the occupant initiates a ‘Hold’ whereby the setpoint is changed for the 
next four hours before reverting back to the setpoint schedule. As in LoD
2, the RL agent then makes a decision based on this information what 
the heat pump supply power should be for the next one-hour timestep. 
Finally, LoD 2 and LoD 3 incorporate thermostat setpoints that reflect 
a DR scenario to incentivize energy-efficient behavior by the agent as 
well as note the effects of the occupant overrides on the effectiveness 
of the DR scenario. By comparing the three LoDs, we are able to show 
1 https://github .com /kkaspar10 /Occupant _Thermostat _Int/.

https://github.com/kkaspar10/Occupant_Thermostat_Int/
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Table 1

Occupant representation across three LoDs for comparison.

rati
Fig. 1. Control configu

the effects of introducing realistic occupant behavior into the control 
scheme in LoD 3 as well as provide a methodology for how the auto-
mated control of heat pumps could be structured using an independent 
multi-agent approach.

The coming sections of the methodology address firstly the occupant-
thermostat override models as outlined in Section 2.2 followed by the 
process taken to develop the building models used in this study as de-
4

scribed in Section 2.3. Section 2.4 details the control environment we 
on for the three LoDs.

use in this study, and Section 2.5 lists the metrics used to evaluate the 
control performance.

2.2. Occupant-thermostat override models for DR

Thermostat data from 701 houses in Quebec was queried from 
ecobee’s Donate Your Data dataset, including readings at 5-minute in-

tervals from December, 2016 to December, 2021 [35]. A summary of 
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Table 2

Data available for each timestep.

Variable Description

𝐼𝑑𝑒𝑛𝑡𝑖𝑓 𝑖𝑒𝑟 House ID
𝑑𝑎𝑡𝑒𝑡𝑖𝑚𝑒 Timestamp at 5-minute intervals
𝐻𝑉 𝐴𝐶𝑀𝑜𝑑𝑒 HVAC system state (e.g. ‘Heat’)
𝐶𝑎𝑙𝑒𝑛𝑑𝑎𝑟𝐸𝑣𝑒𝑛𝑡 Thermostat event (e.g. ‘Home’, ‘Away’, ‘Hold’)
𝑇in Indoor air temperature
𝑇SP Setpoint temperature

Table 3

Average indoor air temperature during a setpoint 
increase and decrease for both clusters.

Cluster Tin during 
setpoint increase

Tin during 
setpoint decrease

Average 21.0 ◦C 22.0 ◦C
Tolerant 19.2 ◦C 20.4 ◦C

the variables extracted from this dataset is shown in Table 2, which in-
cludes the thermostat setpoint and indoor air temperature readings, the 
current state of the HVAC system (e.g. ‘Heat’, ‘Off’), as well as specific 
events or settings (e.g. ‘Home’, ‘Away’). Only readings from November 
to March inclusively were used in this study as we analyze just the po-
tential of energy flexibility during the heating season in Quebec.

For each home’s thermostat, the user specifies the setpoint at various 
times of day and programs different settings, such as ‘Home’, ‘Work’, or 
‘Vacation’, each with a unique schedule applied to specific hours of the 
day and days of the week. In the ecobee data, the thermostat program 
for each timestep is listed under a column called ‘Calendar Event’, which 
also includes the setting ‘Hold’. A ‘Hold’ event indicates that the program 
setting was manually changed by the occupant for a certain duration of 
time, usually lasting between 2-4 hours by default [36]. The timestep at 
which a ‘Hold’ was initiated, thus overriding the program via a manual 
change, is herein referred to as a thermostat override, which is discussed 
further in Section 2.2.2.

2.2.1. Thermostat setpoint schedules

We use k-means clustering based on the average indoor temperature 
during a setpoint override to consider different thermostat preferences 
and behaviors in this study. K-means clustering led to two distinct clus-
ters, identified by maximizing the Silhouette score [37]. Table 3 shows 
the average indoor air temperature when a setpoint override was made 
(both increases or decreases to the setpoint) for the two clusters, with 
the average setpoint temperature at each hour of the day presented in 
Fig. 2 for the two clusters. The cluster with the indoor air temperature 
preferences of approximately 21-21.5 ◦C is herein referred to as the Av-

erage cluster, as these setpoints are typical for the region, whereas the 
cluster herein referred to as the Tolerant cluster showed average set-
points between 19-20 ◦C, slightly cooler than the Average occupants. 
We use the hourly setpoints shown in Fig. 2 as the baseline thermostat 
setpoint schedules for all LoDs.

For LoD 2 and LoD 3, we consider a scenario whereby the base-
line setpoint schedule is decreased during certain periods to reflect DR
events, as shown in Fig. 2. We model the setpoint changes based on 
Quebec’s Rate Flex D Demand Response program [38], which consists 
of between 25-33 events from December 1 to March 31 in which partic-
ipants receive significant decreases in electricity rates during off-peak 
periods and conversely steep rates during the DR events, as shown in 
Table 4. Each event in this program lasts either three hours (6:00-9:00 
AM) or four hours (4:00-8:00 PM), and we implement 25 events during 
the three-month period. For the 2020, 2021, and 2022 weather datasets, 
we identified the 25 periods (either 6:00-9:00 AM, or 4:00-8:00 PM) in 
which the average outdoor air temperature was the coldest, thus select-
ing these as our DR events. During the event, we modify the setpoint 
schedule as shown in Fig. 2 by reducing the setpoint by 2◦F (approxi-
5

mately 1.1 ◦C) for the entirety of the DR event. This reduction falls in 
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Table 4

Electricity rate under Hydro-
Quebec’s Rate Flex D Demand 
Response Program [38].

Period Cost

Off-Peak 0.04582 $/kWh
During DR Event 0.53526 $/kWh

Table 5

Hours corresponding to each scenario.

Scenario Hours

Morning/Evening 6:00-9:00 AM, 5:00 PM-12:00 AM
Night 12:00-6:00 AM
Mid-Day 9:00 AM-5:00 PM

line with acceptable occupant setback adjustments during a DR event 
[39]. Finally, for just LoD 3, the occupants could override the setpoint 
reductions during all DR events according to the override models de-
scribed in the following sections.

2.2.2. Probability of a setpoint override

As shown previously in Fig. 1, the occupant-thermostat override 
models for both the Average and Tolerant occupants consist of two sep-
arate models: a) the probability of a setpoint override at each timestep, 
as discussed in this section, and b) the magnitude of the change of the 
setpoint as described in Section 2.2.3. Occupants override thermostats 
for various reasons, including thermal discomfort as well as changing 
the thermostat directly before leaving for vacation or work rather than 
changing the program settings. Thermostat overrides represent less than 
1% of all data, so a deviation of the thermostat setpoint from the default 
schedule is an unlikely occurrence. As such, we based our methodology 
off of the work found in [40] where we use discrete-time logistic re-
gression curves to approximate the probability of an override at each 
timestep. A more detailed explanation of the models described in Sec-
tion 2.2.2 and Section 2.2.3 can be found in our previous work [41].

To develop the discrete-time logistic regression curves, the proba-
bility of a setpoint increase in the next hour is determined for each 
occupant type as well as each time of day across a range of indoor air 
temperatures from 14.5 to 23.5 ◦C. We then model the probability of 
a setpoint increase during ‘Morning/Evening’, ‘Night’, and ‘Mid-Day’ 
hours using discrete-time Markov logistic regression for each cluster, 
with Table 5 outlining the hours corresponding to each scenario. These 
three scenarios were chosen as the time of day affected the frequency 
of thermostat overrides. A fourth scenario considered the probability of 
a setpoint decrease due to occupants’ discomfort, which is less likely to 
occur in winter though possible in the event of inefficient operations. 
The form of the logistic regression equation is shown in Equation (1), 
with 𝑇in representing the input variable and p representing the proba-
bility of a setpoint increase or decrease (override = 1, in either case) for 
the given model. Coefficients a and b were determined in the training, 
and the final plots are shown in Fig. 3. All p-values for a and b coeffi-
cients were less than 0.05, thus indicating a good fit, and a summary of 
the coefficients and p-values can be found in the Appendix Table 13.

𝑝(𝑜𝑣𝑒𝑟𝑟𝑖𝑑𝑒 = 1) = 1
1 + 𝑒−(𝑎+𝑏𝑇in)

(1)

2.2.3. Magnitude of the setpoint change

Fig. 4 shows the distribution of the magnitude of setpoint changes at 
the time of a thermostat override, with an average of approximately 
±0.5 ◦C. We thus trained random forest models to predict whether 
the magnitude of the setpoint change would either be small (less than 
0.5 ◦C) or large (greater than 0.5 ◦C) during a thermostat override. A 
Pearson Correlation revealed 𝑇SP, (𝑇SP)t-1, and (𝑇in − 𝑇SP)t-1 were the 
variables most correlated to the magnitude of a setpoint override, and 

thus these variables were used as inputs to the random forest models. 
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Fig. 2. Thermostat setpoint temperatures for Average and Tolerant occupants according to the normal schedule and during DR events. (For interpretation of the 
colors in the figure(s), the reader is referred to the web version of this article.)

rre
Fig. 3. Probability of a setpoint override as a function of the cu

Fig. 4. Distribution of the magnitude of the setpoint change during an override.

The average accuracy was 80%, the average recall was 85%, and the av-
erage precision was 77%, and the classification accuracy was balanced 
between the two classes. We present the full confusion matrix of the 
model testing in Appendix Fig. 15 alongside with the final model pa-
rameters in Appendix Table 14.

2.3. Case study buildings

In addition to the occupant-thermostat override models, we employ 
6

EnergyPlus models as described in detail in Section 2.3.1 as well as 
nt indoor air temperature for Average and Tolerant occupants.

thermal dynamics models discussed in Section 2.3.2. The data used to 
produce or train the models is shown in Fig. 5. For our study, a ten-
house neighborhood was selected due to this being the average number 
of houses typically on one transformer in Quebec [42]. The province of 
Quebec is situated within ASHRAE Climate Zones 6A and 7A, typically 
characterized by cold, long winters. The simulation duration thus spans 
three consecutive months during the heating season, running from Jan-
uary 1st to March 31st, for a total of three consecutive years. The data 
from 2020 and 2021 were used to develop and train the RL agent mod-
els which was then subsequently tested on the data from 2022, thus 
resembling a deployment scenario where prior data informs training 
and calibration prior to deployment. NASA’s Langley Research Center 
(LARC) POWER Hourly API [43] was used to obtain both the .epw files 
for EnergyPlus as well as the weather states for the CityLearn agent 
environment. The decision-making for the control of the HVAC systems 
takes place at hourly timesteps, and for this study we exclude additional 
energy storage systems and renewable energy generation to isolate the 
interplay between the control agent actions and occupant behavior on 
comfort and performance.

2.3.1. Home EnergyPlus models

We utilize the resstock-amy2018-2021-release-1 version of the End-
Use Load Profiles (EULP) for the U.S. Building Stock [44] dataset to a) 
provide input data for building energy models in our control environ-

ment, CityLearn, using the methodology outlined in [45]; b) generate 



Energy & Buildings 324 (2024) 114830K. Kaspar, K. Nweye, G. Buscemi et al.

Fig. 5. Databases used to generate and train models.
training data for the building thermal dynamics models based on the 
work by Pinto et al. [46]. This dataset is the 2021 release of approxi-
mately 500,000 OpenStudio energy models and their simulation results 
using the 2018 Actual Meteorological Year (AMY) weather data, where 
the energy models are assumed to be representative of the U.S. residen-
tial building stock in 2018.

While the EULP dataset is based strictly on U.S. building stock, we 
identify the Chittenden County, Vermont as a close match to Quebec in 
terms of climate and construction types and filter our building selection 
pool in the EULP dataset to this location. We use a cluster-frequency-
based sampling of the 117 occupied single-family detached buildings 
available in the dataset to select a 10-building subset following the 
methodology in [45]. The cluster model is based on metadata simi-
larities across buildings where the metadata fields include orientation, 
decade of construction, number of occupants, infiltration rate, ceiling, 
slab and wall insulation, Energy Use Intensity (EUI), and Window-to-
Wall (WWR) ratio, and the ten buildings and relevant characteristics 
are summarized in Table 6. Because each building in the EULP dataset 
is representative of a number of homes specified in the metadata, we 
calculate that our clustering leads to these 10 buildings representing 
approximately 25% of residential buildings in Chittenden County.

We convert the OpenStudio models of the ten selected buildings de-
scribed in Table 6 into EnergyPlus models to generate the training data 
for the LSTM-based building thermal dynamics model for each build-
ing as well as other input data for CityLearn. To curate the training 
data for the building thermal dynamics models described further in Sec-
tion 2.3.2, we first modify the thermostat setpoint schedule in each 
as-provided EULP building energy model such that half the buildings 
are assigned either Tolerant or Average occupant type and their associ-
ated setpoint schedule, and each building cluster in Table 6 has a mix of 
both occupant types. For 2020, 2021, and 2022, we use the EnergyPlus 
Weather (.epw) data from the beginning of January to the end of March 
and run eight simulations to obtain building ideal heating loads as well 
as the effect of heating below and above the ideal loads on the indoor 
dry-bulb temperature. A description of the eight simulations is presented 
7

in the Appendix, with the goal being to vary the heat pump heating sup-
ply load (under-heating and overheating) such that the LSTM is able to 
be trained on a wide range of varying conditions and heat pump actions. 
We visually summarize the results from these eight simulations for the 
2020 data in Appendix Fig. 16 to assert the validity of the as-provided 
EULP energy models as well as the quality of the LSTM training data. 
Finally, we query the results of all 2020 and 2021 generic internal heat 
gain/loss equipment simulations for all buildings to extract features that 
make up the building thermal dynamics model training data, including 
the following variables: direct and diffuse solar irradiance, outdoor dry-
bulb temperature, occupant count, heating energy, month, day of the 
week, hour, and indoor dry-bulb temperature (target variable).

2.3.2. Building thermal dynamics models

Co-simulating in conjunction with a software like EnergyPlus can re-
quire extensive computational and technical resources. As a result, we 
develop models that capture the indoor air temperature dynamics of 
the buildings as heating supply power changes at each timestep. Long 
Short-Term Memory networks [47], LSTMs, are a powerful type of neu-
ral network widely used for processing sequential data and time series 
analysis. LSTMs introduce a new type of neuron called the LSTM cell. 
This cell has several gates that control the flow of information, which 
allows the LSTM to selectively forget or remember information from 
previous timesteps.

The sliding window method used in LSTM training partitions histor-
ical data into sequences with a lookback of 12 hours. Each sequence 
represents a window of observations, such as indoor temperature mea-
surements over consecutive hours. For training, each sequence is paired 
with its corresponding target observation, forming input-output pairs. 
This approach captures temporal dependencies crucial for LSTM models 
to learn patterns and make accurate predictions. By sliding the window 
along the time axis, multiple input-output pairs are generated, covering 
the entirety of the historical data. Through this iterative process, the 
LSTM model learns to predict the indoor temperature value at a given 
timestep (t), leveraging the lagged input sequence leading up to the pre-
viously t-12 timesteps. This enables the model to effectively capture tem-

poral dynamics and furnish reliable forecasts based on past observations.
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Table 6

Building clusters and characteristics of selected buildings.

Cluster 
ID

Bldg. 
ID

Geometry Orient. Built Num. 
Occ.

Infiltration 
(ACH50)

Insulation (R-Value) EUI 
( kWh

m2 )
WWR Occ. Type 

(Assigned)
Ceiling Slab Wall

1 1 W 2000s 2 6 30 - 19 122 0.11 Tolerant

2 NE 1990s 1 10 30 - 15 289 0.05 Average

3 SW 2010s 3 8 - - 19 235 0.13 Tolerant

4 SW 1980s 2 15 30 - 19 359 0.07 Average

2 5 S 1980s 2 15 30 - 11 329 0.08 Average

6 S 1940s 1 8 13 - - 310 0.11 Tolerant

3 7 W 1940s 1 25 7 - - 478 0.13 Tolerant

8 NW 1970s 2 20 19 - 7 349 0.15 Average

4 9 S 1990s 3 10 30 10 19 221 0.05 Average

10 E 2000s 1 8 30 10 11 291 0.04 Tolerant
One LSTM was developed for each building and the hyperparameter 
setting for train the networks are summarized in Appendix Table 15. 
The performance of the neural network was evaluated using the Mean
Absolute Percent Error (MAPE) and Root Mean Squared Error (RMSE)
metrics displayed in Table 16 and Table 17 respectively in the Appendix. 
We found an average MAPE of 1.39% and an average RMSE of 0.75 °C 
for the 10 buildings in Closed Loop testing, which is in line with findings 
in [48] and [49]. Fig. 6 shows an example of the indoor air temperature 
predictions of the trained LSTM model for Building 3 during a 7-day 
period compared to the indoor air temperature when simulated with 
EnergyPlus, thus showing our model is able to reasonably capture the 
building’s thermodynamic evolution as a result of the hourly heat pump 
action.

2.4. Control environment

Our CityLearn environment is made up of the ten buildings described 
in Table 6 where each building is made up of controllable and non-
controllable loads. Each building is equipped with distributed energy 
resources that consume electricity from the grid including a heat pump 
to meet space heating loads and an electric resistance heater to meet Do-
mestic Hot Water (DHW) heating loads. We summarize these resources 
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in Table 7 where the heat pump is sized to meet the maximum hourly 
Fig. 6. LSTM predicted temperature compared with EnergyPlus simulation.

space heating load with a 1.3 factor of safety and an ideal cycle Coef-
ficient of Performance (COP) ∈ [2.23, 3.18] driven by outdoor dry-bulb 
temperature and a target temperature between 45 ◦C-48 ◦C. We have 
sized the heater to meet the maximum hourly DHW heating load with a 

1.1 factor of safety and efficiency ∈ [0.85, 0.95]. These sizing consid-
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Table 7

Building distributed energy resource specification in CityLearn environment.

Bldg. ID 1 2 3 4 5 6 7 8 9 10

Heat pump (kW) 23.23 18.67 40.41 46.77 36.57 30.38 44.90 37.44 28.94 17.53
Heat pump max. COP 2.42 2.52 2.87 3.18 2.23 2.61 2.63 2.61 2.75 2.47
Heater (kW) 21.34 6.46 9.73 19.32 17.52 15.97 17.80 35.13 6.49 19.70
Heater, 𝜂 0.88 0.92 0.87 0.92 0.87 0.87 0.91 0.90 0.86 0.93

ggr
Fig. 7. Average daily electricity consumption profile disa

erations ensure that the capacities of the resources are adequate for 
observed space and DHW heating loads.

The space heating load is controllable through managing the heat 
pump power which affects the building indoor dry-bulb temperature. 
In contrast, the DHW heating loads are non-controllable and the as-
simulated loads from EnergyPlus must be met at all timesteps. Other 
non-controllable loads are plug loads including lighting and any elec-
tric household appliances that are met directly by the grid.

Fig. 7 shows the variance in the average daily electricity consump-
tion profiles across all ten buildings for the sized resources when all 
loads are uncontrolled i.e., ideal loads are maintained by the resources. 
The space heating load makes up 86.6±3.8% of the average daily load 
compared to only 4.6±1.4% and 8.8±2.7% represented by DHW heating 
and plug loads.

In LoD 1 there is no controlled resource and the results from this 
simulation serve as the baseline. For LoD 2 and LoD 3, we use the Soft
Actor-Critic (SAC) RL algorithm [50] to control the heat pump power in 
order to deliver adequate heating energy to each building to maintain
indoor temperature in the comfort range for the occupant while provid-
ing flexibility measured by the criteria discussed in the next section.

For each RL agent, we have the action space, observation space, 
and the reward function. The control action, 𝑎𝑡 , defines the propor-
tion (∈ [0, 1]) of the heat pump nominal power available at any given 
timestep as chosen by the agent. We adopt a decentralized approach 
where each building’s heat pump is controlled independently as this al-
lows us to tailor the control policy to unique comfort preferences. The 
observation space shown in Table 8 presents the environment states 
available to each agent. To generate a 6-hour prediction of the outdoor 
dry-bulb temperature, the methodology in [51] was used whereby the 
actual outdoor dry-bulb temperature for 6 hours ahead of each timestep 
was obtained and noise of ±2.5% of the reading was added. The obser-
vations are transformed to aid learning by applying cyclical transforma-
tion, one-hot encoding and min-max normalization to periodic, discrete, 
and continuous observations respectively.

Equation (2) shows the reward function calculated at each timestep 
as a function of the indoor air temperature and the setpoint tempera-
ture, with Table 9 providing the exponents for each building that are 
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used in Equation (2). Subsequently, Fig. 8 represents a visualization of 
egated by load type with peak load and hour annotated.

Table 8

Agent observation space used for LoD 2 and LoD 3.

Observation Unit Transformation

Temporal

Day - One-hot
Hour - Cyclical
Weather

Outdoor Dry-Bulb Temperature ◦C Min-max norm.
Outdoor Dry-Bulb Temperature (+6 hr) ◦C Min-max norm.
Building

Net Electricity consumption kWh Min-max norm.
Indoor Air Temperature ◦C Min-max norm.
Thermostat Setpoint Temperature ◦C Min-max norm.
Indoor Air/Setpoint 𝛿 ◦C Min-max norm.
Electricity Rate $/kWh Min-max norm.
Electricity Rate (+1 hr.) $/kWh Min-max norm.
Electricity Rate (+2 hr.) $/kWh Min-max norm.
Electricity Rate (+3 hr.) $/kWh Min-max norm.

LoD 3 Only

Occupant setpoint override 𝛿 ◦C Min-max norm.

Table 9

Reward function exponents used in Equation (2) where 𝑎 and 𝑏 values mini-
mize discomfort for each building.

Bldg. ID 1 2 3 4 5 6 7 8 9 10

𝑎 1.0 1.8 2.0 1.0 1.0 2.0 1.2 1.6 1.0 1.0
𝑏 1.0 1.8 2.0 1.0 1.0 2.0 1.2 1.6 1.0 1.0

the reward function to better illustrate which agent actions lead to in-
creased rewards for the agent. Fig. 8(a) shows the case in which 𝑇in is 
more than 2 ◦C less than the setpoint temperature, which results in a 
penalty equal to the deviation between 𝑇in and 𝑇SP raised to the ex-
ponent a. In this case, the indoor air temperature is too far below the 
setpoint and thus could negatively affect the occupant comfort, hence 
the penalty enforced. Fig. 8(b) shows the case where 𝑇in at or less than 
2 ◦C from the setpoint temperature, which is the ideal scenario during 
the heating season, thus the reward is equal to 0 (the maximum possi-

ble value in our reward structure). The third case in Fig. 8(c) represents 
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Fig. 8. Calculation of the agent reward as a function of the indoor air (𝑇𝑖𝑛) and setpoint (𝑇𝑆𝑃 ) temperatures as follows: (a) 𝑇𝑖𝑛 < (𝑇𝑆𝑃 −2 ◦C); (b) (𝑇𝑆𝑃 −2 ◦C) ≤ 𝑇𝑖𝑛 <
𝑇𝑆𝑃 ; (c) 𝑇𝑆𝑃 ≤ 𝑇𝑖𝑛 ≤ (𝑇𝑆𝑃 + 2 ◦C); (d) 𝑇𝑖𝑛 > (𝑇𝑆𝑃 + 2 ◦C).

Table 10

KPIs used to evaluate the performance of the RL controller.

KPI Description Equation

Net electricity consumption, (𝑒) Total electricity consumption of the cluster 𝑒 =
∑𝑇

𝑡=0e𝑡

Electricity cost, (𝑐) Electricity cost of the cluster during the test period 𝑐 =
∑𝑇

𝑡=0 price𝑡×e𝑡

Average daily peak, (𝑝𝑎𝑣𝑔) Average daily peak electricity demand of the cluster 𝑝𝑎𝑣𝑔 =
∑

Daily peak demand

90 days

Maximum peak demand, (𝑝𝑚𝑎𝑥) Maximum electricity demand of the cluster during the testing period 𝑝𝑚𝑎𝑥 =max(𝑒𝑡)

Ramping Change in electricity demand from one timestep to the next ramping =
∑𝑇

𝑡=0 𝑒𝑡 − 𝑒𝑡−1
1 - load factor Improvement to the ratio of the average load to the peak load 1 - load factor = 𝑝𝑎𝑣𝑔

𝑝𝑚𝑎𝑥

Flexibility Factor (FF) [52] Ability to shift load on days with DR events 𝐹𝐹 =
∑𝑇

𝑡=0 𝑒
𝑁𝑜𝑛−𝐷𝑅
𝑡

−
∑𝑇

𝑡=0 𝑒
𝐷𝑅
𝑡∑𝑇

𝑡=0 𝑒
𝑁𝑜𝑛−𝐷𝑅
𝑡

+
∑𝑇

𝑡=0 𝑒
𝐷𝑅
𝑡

Occupant discomfort Number of unmet setpoint hours
(LoD 3 Only) Number of thermostat overrides
when the setpoint is between 0 and 2 ◦C greater than the setpoint, which 
is penalized proportional to the deviation from the setpoint, as this re-
sults in inefficient operations in the heating season. Likewise, the last 
case shown in Fig. 8(d) represents the worst-case scenario where the in-
door air temperature is more than 2 ◦C greater than the setpoint, and is 
thus penalized more severely.

Finally, we make use of the 2020 and 2021 weather, thermostat set-
points, pricing, and ideal heating load data to train the control agent 
by sequentially alternating between the two years for ten episodes. The 
2022 version of these data are then used to evaluate (test) the trained 
agent.

𝑟 =

⎧
⎪⎪⎨⎪⎪⎩

−|𝑇𝑖𝑛 − 𝑇𝑆𝑃 |𝑎, if 𝑇𝑖𝑛 < (𝑇𝑆𝑃 − 2 ◦C)
0, if (𝑇𝑆𝑃 − 2 ◦C) ≤ 𝑇𝑖𝑛 < 𝑇𝑆𝑃
−|𝑇𝑖𝑛 − 𝑇𝑆𝑃 |, if 𝑇𝑆𝑃 ≤ 𝑇𝑖𝑛 ≤ (𝑇𝑆𝑃 + 2 ◦C)
−|𝑇𝑖𝑛 − 𝑇𝑆𝑃 |𝑏, if 𝑇𝑖𝑛 > (𝑇𝑆𝑃 + 2 ◦C)

⎫
⎪⎪⎬⎪⎪⎭

(2)

2.5. Evaluation metrics

To evaluate the efficacy of the automated control scheme, we evalu-
ate and compare the simulations performed in the three LoDs using the 
Key Performance Indicators (KPI) outlined in Table 10. We present the 
results from the three LoDs across the entire simulation duration to note 
the effects on electricity cost, net electricity consumption, average daily 
peak, maximum demand, ramping, and load factor. We subsequently an-
alyze the net electricity consumption and flexibility factor specifically 
during the DR events for LoD 1 as a comparison to the DR applica-
tions presented in LoD 2 and LoD 3. Finally, we quantify the levels of 
occupant discomfort for the three LoDs via the number of unmet set-
point hours (LoD 2 and LoD 3) and the number of thermostat overrides 
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(LoD 3).
3. Results

3.1. Visual inspection of results

To ensure that our inter-operating models were behaving as ex-
pected, we firstly visualized the setpoint temperature, indoor air temper-
ature, and heating demand together as shown in Fig. 9. The figure shows 
a sample four days of the testing period with six DR events, where Build-
ing 1 has Tolerant occupants as shown by the temperature setpoints of 
approximately 19-20 ◦C and Building 5 has Average occupants as shown 
by the temperature setpoints of approximately 21-22 ◦C. In Fig. 9(a) and 
(b), we see the default setpoint schedule used in LoD 1 in black while 
the setbacks during the six DR events can be seen in LoD 2 in blue. The 
dashed red lines of LoD 3 show the periods where the occupant over-
rides the setpoint due to discomfort, and otherwise follows the same 
schedule as LoD 2. Fig. 9(c) and (d) show the indoor air temperature 
during the same period. Our reward function is structured to keep the 
indoor air temperature at or within 2 ◦C below the setpoint tempera-
ture, so the indoor air temperatures we see for LoD 2 and LoD 3 are as 
expected. We see that at approximately timesteps 425, 435, and 485 for 
Building 1, the indoor air temperature for LoD 3 falls well below com-
fort levels, which triggers an increase to the setpoint that we see in 9(a), 
thus our override models are working as expected. We also see that dur-
ing the same periods where the indoor air temperature decreases (e.g. 
timesteps 425, 435, and 485 for Building 1), the corresponding heating 
demand shown in from Fig. 9(e) is also low, whereas the high indoor 
air temperature seen for Building 1 at around timestep 495 corresponds 
with an increase in heating demand at the same time. Likewise, we see 
in Building 5 that the indoor air temperatures of LoD 2 and LoD 3 re-
main consistently lower than LoD 1, as reflected in the heating demand 

as well, thus confirming that our models are behaving as expected.
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Fig. 9. Indoor air temperature, setpoint temperatures, and corresponding heating demand for fours days of the testing period for Building 1 with Tolerant occupants 
and Building 5 with Average occupants.

Fig. 10. KPI results for LoD 2 and LoD 3 compared with the baseline LoD 1.
3.2. Results summary

We subsequently analyzed the cumulative results of the 10-house 
neighborhood for the three-month testing period, which are presented 
in Fig. 10. LoD 1 serves as the baseline, and we compare the results of 
LoD 2 and LoD 3. We firstly see that with the agent being encouraged to 
keep the indoor air temperature slightly below or at the setpoint tem-
perature, as well as the setpoint adjustments made during the high-price 
DR periods, the cost of electricity was reduced by 15% and 10% respec-
tively for LoD 2 and LoD 3 in comparison to LoD 1 for the three-month 
duration. We also see that the total electricity consumption was reduced 
by 11% and 8% for LoD 2 and LoD 3 respectively. There were just slight 
reductions in the average daily peak by approximately 6% and 3% for 
11

LoD 2 and LoD 3 respectively; however, the maximum peak electricity 
demand during the three-month period was increased in both LoD 2 and 
LoD 3 with respect to the baseline. Likewise, ramping and 1 - load factor 
were increased in both LoDs, thus the electricity demand curve became 
more variable and less flat under the two control scenarios compared to 
the baseline.

3.3. DR events analysis

In Fig. 11, we look more closely at the electricity consumption specif-
ically during the DR events to note the effects of the reductions to the 
setpoint temperature during these periods. For LoD 2, each building had 
an average reduction of 22% in net electricity consumption during the 
DR periods compared to 11% when looking at the total testing period, 

while for LoD 3 each building had on average an approximately 17% re-
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Fig. 11. Total electricity consumption during DR Hours for LoD 2 and LoD 3 with respect to LoD 1.
Table 11

Flexibility Factor results for LoD 
1, LoD 2, and LoD 3 during the 
days with DR events.

LoD 1 LoD 2 LoD 3

FF 0.26 0.33 0.32

duction in electricity consumption during the DR periods compared to 
an 8% reduction when looking at the entire testing period. As such, our 
targeted setpoint reductions during the DR periods were very effective 
at shifting electricity consumption during these peak periods. Likewise, 
all buildings saw reductions in the electricity consumption during the 
DR periods except for Building 8 in LoD 3, which saw an increase in 
net electricity consumption of approximately 2%. We see more signifi-
cant reductions in net electricity consumption for LoD 2 when compared 
to LoD 3, which is expected as the occupant overrides are not consid-
ered for LoD 2. More importantly, we saw that the occupant overrides 
caused a difference ranging from less than 1% up to 34% depending 
on the building considered in the amount of net electricity consump-
tion used, thus showing the range of impact that including the occupant 
overrides in LoD 3 had when comparing directly to LoD 2.

We also include in Fig. 12 the average hourly net electricity con-
sumption load curves of the district for days with DR events as well as 
days without any DR events. Of note, the days with DR events were se-
lected as the days with the lowest temperature forecasts, and as such had 
higher overall electricity consumption compared to the non-DR days. 
From the figure, we see that on days without the DR events (represented 
by the dashed lines) the shape of the curve for LoD 2 and LoD 3 aligns 
similarly to our curve for LoD 1; however, the net electricity consump-
tion drops significantly for LoD 2 and LoD 3 during the DR hours (6-9 
AM, 4-8 PM) on days that include the DR events, where we have im-
posed thermostat setbacks. As such, the models were able to effectively 
reduce the net electricity consumption during the targeted DR events.

Lastly, we look at the Flexibility Factor which we calculated using 
the equation shown in Table 10, and the results are shown in Table 11. 
We calculated the flexibility factor considering only the days in which 
a DR event occurred. A higher flexibility factor means more electricity 
is shifted to off-peak periods, where 1 is the maximum score and -1 
is the minimum score. Once again, we see that the DR setpoints and 
control schemes of LoD 2 and LoD 3 achieve an increase to the flexibility 
factor when compared to the baseline LoD 1, with little difference seen 
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between LoD 2 and LoD 3.
Fig. 12. Average net electricity consumption by hour for days with DR events 
and days without DR events.

3.4. Occupant thermal comfort

We quantified and analyzed occupant discomfort using two metrics: 
firstly, the total number of unmet setpoint hours (>2 ◦C deviation from 
the setpoint) for LoD 2 and LoD 3 as well as the number of thermostat 
overrides for each household for LoD 3. Fig. 13 shows a heat map of the 
number of hours in which the deviation from the setpoint is equal to the 
value in the box. The darker colors are concentrated around -1.5 to 0 ◦C, 
thus indicating that the indoor air temperature often fell slightly below 
the setpoint temperature but rarely deviated more than 2 ◦C from the 
setpoint, as was encouraged by our reward function. We see visually as 
well that the indoor air temperature remained closer to the setpoint for 
timesteps of LoD 2 when compared to LoD 3, and this confirmed with 
the number of unmet setpoint hours displayed in Table 12. However, the 
number of unmet setpoint hours cannot be taken directly as a proxy for 
occupant thermal discomfort because allowing for the overrides (which 
adjust the thermostat by up to 1.5 ◦C) causes fluctuations in the setpoint 
that do not occur in LoD 2, thus resulting timesteps where the indoor air 

temperature has yet to reach the desired new setpoint. As such, while 
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Fig. 13. Difference between indoor air temperature and setpoint temperature by frequency.

Table 12

Total number of unmet setpoint hours during 2160-hour (three-month) testing periods and 
percent of total hours.

Building 
ID

Unmet SP Hours Unmet SP Hours (%) Number of Overrides 
during DR (LoD 3)

Total Overrides 
LoD 3

LoD 2 LoD 3 LoD 2 LoD 3

1 14 122 0.6 5.6 33 106

2 22 99 1.0 4.6 6 35

3 18 61 0.8 2.8 7 65

4 31 42 1.4 1.9 7 29

5 16 25 0.7 1.2 10 47

6 22 168 1.0 7.8 19 105

7 52 83 2.4 3.8 13 79

8 39 37 1.8 1.7 10 36

9 53 207 2.5 9.6 18 101

10 31 111 1.4 5.1 20 89
the setpoint may deviate further from the indoor air temperature on 
average for LoD 3 when compared to LoD 2, we note the added level of 
control and adjustment to the thermostat as an important factor.

Also presented in Table 12 is the number of overrides by the occu-
pants for LoD 3. While the DR events represented about 4% of the total 
timesteps, approximately 21% of the total occupant overrides occurred
during the periods of DR, likely due to the decreased setpoints during 
these periods.

Finally, Fig. 14 shows the number of occupant overrides and the 
magnitude of the overrides throughout the 10 training episodes (each 
training episode being one cycle through the 2020 and 2021 winter heat-
ing seasons). The darker red and blue colors indicate the larger overrides 
that occur, predominately in the first few episodes, and subsequently we 
see that the later episodes show overrides of smaller magnitude and fre-
quency. We also note that by using the methodology of one agent per 
household, the agent is able to minimize the overrides over time and 
learn the setpoint preferences regardless of Occupant Type (Average or 
Tolerant), thus presenting a suitable multi-agent methodology for han-
dling occupants of differing preferences and override behaviors.

4. Discussion

With many interesting results to deliberate on, we firstly discuss our 
choice of methodologies for the respective LoDs. LoD 2 represents a 
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common assumption in literature (see for example [19], [21]) whereby 
occupant comfort is assumed so long as the indoor air temperature is 
maintained within certain temperature bounds, usually between 1-3 ◦C
of the setpoint. In our case, the RL agent reward is structured to keep 
the indoor air temperature of each building up to 2 ◦C less than the set-
point temperature without penalty, as described in detail in Section 2.4. 
Because there is no interaction from the occupant included in this LoD, 
energy-efficient behavior is thus inherent within this reward function, 
though it is possible that this configuration overestimates the real en-
ergy savings that we could expect in a real-world application. We see 
this in the results of the KPIs, where LoD 2 shows reductions in elec-
tricity cost, net electricity consumption, and average daily peak of 3% 
more than LoD 3, which is not surprising given that there are no occu-
pant overrides. When looking specifically at the periods of DR events, 
on average LoD 2 reduced the net electricity consumption by 5% more 
than LoD 3. However, some individual houses showed discrepancies be-
tween LoD 2 and LoD 3 as large as 30%, as shown in Building 2. This 
insight is important for understanding the efficacy of various DR pro-
grams and the implications behind assumptions we make with regard 
to occupant thermal comfort and thermostat override behavior. Impor-
tantly, we also demonstrate that even with realistic occupant overrides, 
we were able to achieve approximately 17% reductions in net electric-
ity consumption during the DR events for LoD 3. We thus show that 
it is possible to allow occupants to override the thermostat setpoints as 
well as achieve energy savings, and targeting setpoint reductions during 

peak periods could be one way to do so.
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Fig. 14. Number of occupant overrides and magnitude of the override for the 10 training episodes.
When we compare our method to an MPC-based optimization, we 
note the advantages of the RL method. By using the multi-agent rein-
forcement learning approach, our agents learned optimal decisions that 
considered their occupants’ thermostat preferences and maintained the 
indoor air temperature at or slightly less than the setpoint temperature. 
Because the agent learns through trial and error via the reward function, 
this approach does not require a physics-based model of the home for 
optimal decision making and thus can be less computationally intensive 
than MPC. It is difficult to directly compare results from one study to an-
other due to varying control parameters and regional cost differences, 
but [53] showed the FF to be equal to 0.27 and 0.37 for two different 
MPC approaches while controlling the heating system of a single home 
in the Netherlands, thus showing that our results of 0.32 fall within a 
similar range.

The RL approach also becomes increasingly more practical when de-
ployed at scale, as an agent can be assigned to each individual house 
rather than developing, testing, and calibrating physics-based models 
for each home in the district. Furthermore, while we do use LSTM mod-
els to simulate the indoor air temperature at each timestep, this is only 
to have an estimation for the changing indoor air temperature as a 
result of the heat pump action and the readings are not used for op-
timization or forecasting purposes. If implementing our methodology 
in practice, the LSTMs would no longer be needed as the actual read-
ing from the thermostat of the indoor air temperature would be used. 
However, a drawback of the RL method is that sufficient training data 
is needed for the agents to be able to learn optimal decision making 
prior to deployment. In this case, we show that two seasons’ worth of 
data was sufficient, but the MPC method means that the model could 
be immediately deployed. Despite these differences, the RL approach 
proves optimal when considering a larger scale of houses and occupant 
preferences as the agents can learn each house’s optimal decisions, and 
showing this represents the key contribution of our work.

While the RL methodology used in this study showed promising re-
sults, we note several limitations in the approach we took for this study. 
Firstly, the results from LoD 2 and LoD 3 show increases to ramping 
and 1 − load factor. As mentioned in Table 10, ramping represents the 
change in electricity demand from one timestep to the next while 1 −
load factor represents the improvement to the ratio between the av-
erage and peak loads, thus these factors characterize the slope of the 
demand curve. When referring back to Fig. 9, we can see that during 
periods of many setpoint overrides (e.g. timesteps 485-495 for Building 
1), the heating demand also oscillated significantly. At timestep 485, 
the indoor air temperature dips down to below 16 ◦C, causing several 
subsequent increases to the thermostat setpoint. Because of the lag in 
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time from the setpoint change to the more optimal indoor air temper-
ature, the setpoint is increased up to 22 ◦C at timestep 489 while the 
indoor air temperature of the home does not reach this temperature 
until several hours later at timestep 494, at which point the setpoint re-
stores to the original schedule at just below 20 ◦C. This means that now 
the agent is penalized for the indoor air temperature being slightly too 
high, and thus we see an oscillating pattern of increases and decreases 
as the agent tries to restore the indoor air temperature to ideal settings. 
This is likely a contributing factor as to why the ramping and 1 − load 
factor were increased for LoD 2 and LoD 3. Of note, the reward func-
tion used did not explicitly seek to flatten the demand curve over each 
timestep. However, it is an important consequence of the methodology 
that while we achieved promising results for other principal KPIs, addi-
tional work could focus on flattening the aggregate load demand curve. 
We did not include future setpoint schedules in our environment state 
variables (e.g. the thermostat setpoint in one hour or two hours as dic-
tated by the schedule), which could be one way to help the agent both 
meet the current heating needs of the building as well as plan for future 
needs simultaneously.

In this study, we also only address the winter heating season during 
which there is a considerable difference between outdoor air tempera-
ture and indoor air temperature. As such, the estimated percentages in 
electricity savings as a result of the minor decreases to the thermostat 
setpoint may not translate to as significant of savings in a region with 
more mild temperatures. Furthermore, thermostat setpoint preferences 
and override behaviors are likely to change in shoulder seasons and sum-
mer cooling seasons, and thus additional occupant-thermostat override 
behavior models would need to be developed to apply this methodology 
in other climates.

Additionally, the reward function used in this study maintains occu-
pant comfort by penalizing large deviations from the setpoint. Incorpo-
rating occupant thermostat overrides into the reward function, such as 
penalizing for each timestep when an override occurs, was considered 
but not applied in this study. This could potentially further exacerbate 
the oscillating effect of the agent actions as the agent accumulates ad-
ditional override penalties. However, because our reward function does 
not directly penalize the overrides, it is necessary that the occupant man-
ually changes their thermostat program in the event that their setpoint 
preferences have changed over time, rather than the agent learning their 
new setpoint preferences. Future work could focus on the agent select-
ing the thermostat setpoint directly rather than adjusting the heat pump 
heating supply power, which could enable the agent to learn setpoint 
preferences over time.

Finally, this study does not focus on occupancy as a potential factor 
as the EULP buildings (and associated occupant parameters assigned to 

each building) resulted in very high occupancy rates of approximately 



K. Kaspar, K. Nweye, G. Buscemi et al.

90% or more for all buildings. However, Pinto et al. [46] exploited un-
occupied periods to achieve additional energy savings with automated 
HVAC control. Obtaining more realistic occupancy data and leveraging 
unoccupied periods could also lead to even higher performance, which 
is another key element that could be pursued in future work.

5. Conclusions

This study controls the HVAC heating systems of 10 residential build-
ings in Quebec for neighborhood-level energy management. We con-
sider within the control scheme two distinct occupant types: Average 
and Tolerant, and three Levels-of-Detail for the occupants in the control 
scheme. LoD 1 represents our baseline scenario with no control of the 
HVAC system, while LoD 2 assumes that the occupant is comfortable if 
the indoor air temperature is within 2 ◦C of the setpoint temperature. 
LoD 2 and LoD 3 include reductions to the thermostat setpoint during 
simulated DR events for reduced electricity consumption during these 
periods compared to LoD 1. Our highest LoD, LoD 3, also incorporates 
occupant-thermostat override models in which the occupant can over-
ride the thermostat at any timestep, including during the DR events. To 
the best of the authors’ knowledge, this study represents the first time 
that data-driven occupant-thermostat override models have been incor-
porated into an HVAC control scheme, thus adding a level of detail not 
seen in previous works. The second major contribution of this work lies 
in incorporating multiple occupant types in a multi-agent approach to 
show how we might handle a real-world scenario where each household 
may have unique thermostat setpoint preferences and override behav-
iors.

We conclude that using a multi-agent approach, the agents are able 
to learn to keep the indoor air temperature near the setpoint temper-
ature for both the Average and Tolerant setpoint schedules. The most 
significant savings came in the total electricity consumption, where 11% 
and 8% reductions were achieved for LoD 2 and LoD 3 respectively. 
Likely due to the setpoint reductions, LoD 2 and LoD 3 also achieved 
22% and 17% reductions respectively in electricity consumption when 
looking specifically at the DR periods, with LoD 2 likely overestimating 
the amount of electricity savings while LoD 3 presents a more real-
istic scenario where the thermostat overrides are allowed. We found 
that approximately 20% of the total overrides occurred during the DR
events, which represented 4% of the total timesteps, thus showing the 
significance that lowering the setpoints had on the override occurrence. 
Finally, we see that while we were able to achieve our objectives for sev-
eral key metrics, including reducing electricity cost and consumption, 
both ramping and 1 − load factor increased under LoD 2 and LoD 3, and 
thus our control scheme did not help flatten the load curve of the dis-
trict. While our RL reward function did not specifically target these KPIs, 
future work could be focused on how to also achieve better aggregate 
load shaping. However, the methodology used in LoD 3 still managed 
to balance both energy efficiency and occupant thermal comfort while 
integrating realistic occupant override behavior, and underscores the 
importance of integrating more realistic occupant behavior models to 
best estimate the return of DR programs.
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Appendix A. Occupant-thermostat override model testing results

Table 13

Equations of logistic regression curves and resulting p-values to evaluate the fit 
of the curve.

Occupant 
Type

Probability 
of...

Scenario a b p-value, a p-value, b

Average Increase

Morning/
Evening

17.8 -1.03 0.012 0.012

Night 26.3 -1.56 0.040 0.040

Mid-Day 15.1 -0.96 0.010 0.010

Average Decrease - -28.2 1.03 0.021 0.022

Tolerant Increase

Morning/
Evening

12.1 -0.82 0.007 0.007

Night 21.1 -1.43 0.035 0.035

Mid-Day 15.2 -1.02 0.016 0.015

Tolerant Decrease - -23.2 0.97 0.010 0.010

Table 14

Random forest model parameters.

Parameter Setting

Number of trees 300

Max. depth of tree 10

Min. samples for to split internal node 2

Min. samples for leaf node 2

https://github.com/kkaspar10/Occupant_Thermostat_Int/
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Fig. 15. Confusion matrices for the classification of the magnitude of a setpoint override for a) Average occupants making a setpoint increase; b) Average occupants 
making a setpoint decrease; c) Tolerant occupants making a setpoint increase; d) Tolerant occupants making a setpoint decrease.
Appendix B. Training and validation of building models

B.1. Validation of building energy system

Fig. 16(a) shows the difference between total mechanical and ideal 
system supplied heating energy where the difference is 18.4±11.8% on 
average and 34.8% at maximum. The mechanical system delivers more 
energy compared to the ideal system due to the efficiency constraints of 
the mechanical system causing the indoor dry-bulb temperature to stray 
farther away from the setpoint thus needing more energy to maintain 
the setpoint. This is evident in Fig. 16(b) where we compare the number 
of unmet hours from using mechanical system, ideal system, or generic 
internal heat gain/loss equipment (supplying ideal load) to satisfy the 
heating loads in the buildings when using a 2 ◦C throttle range. There 
are no unmet hours when the ideal system is used compared to the me-
chanical system that results in six unmet hours on average from six of 
ten buildings. Only one building has unmet hours when the ideal system 
is replaced with the generic equipment. Nevertheless, the recorded un-
met hours from using any of the system approach to meet heating load 
are well below the ASHRAE Standard 90.1 limit of 300 hours for every 
8,760 hours (one year) [54]. Given the minimal difference in supplied 
energy by either mechanical or ideal system and the satisfactory num-
ber of unmet hours when switching from mechanical to ideal to generic 
equipment, we assert that we maintain the integrity of the as-provided 
energy model despite our modifications.

We show the distribution of indoor dry-bulb temperature differ-
ence between under-heating or overheating with generic internal heat 
gain/loss equipment and ideal system in the final four EnergyPlus simu-
lations in Fig. 16(c). For all buildings, the difference is centered around 
zero with a majority of hours having a difference of less than 1.0 ◦C. On 
average under-heating and overheating result in 0.39±0.38 ◦C deviation
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from the ideal temperature. The distribution of temperature change 
between consecutive hours from under-heating or overheating with re-
spect to ideal heating energy with heat generating equipment is shown 
in Fig. 16(d) with an absolute average of 0.56±0.52 ◦C. We assert that 
the indoor dry-bulb temperature and thermostat setpoint difference dis-
tribution as well as the temperature change distribution between con-
secutive hours have adequate variance that can be used to model the 
temperature dynamics of all of the buildings.

B.2. Generation of LSTM training data

The first simulation (energyplus.simulation.1) uses the as-provided 
mechanical HVAC system in each building model as a reference point for 
subsequent simulations. A second simulation (energyplus.simulation.2) 
where the mechanical HVAC system is replaced with an ideal load sys-
tem is then run to determine the ideal heating load that satisfies the 
indoor dry-bulb temperature setpoint, and the result from this simula-
tion is validated against that of energyplus.simulation.1. The validation 
ensures that the as-provided building energy model integrity is not tam-
pered with when replacing mechanical systems with ideal load systems. 
Our check for integrity is that for the ideal load case, heating energy 
delivered to the building is equal or slightly less than that for the me-
chanical case. Indoor dry-bulb temperature in the building using the 
ideal load system should be similar to that from using the mechanical 
system.

The remaining six simulations make up the LSTM training dataset 
where we replace the ideal load system with generic internal heat 
gain/loss equipment to simulate under-heating and overheating with 
respect to the building’s ideal heating loads. The first of these six 
simulations (energyplus.simulation.3) supplies the ideal load from ener-

gyplus.simulation.2 to validate the operation of the generic equipment 
compared to the ideal load system, as the effect on temperature should 

closely match. The next simulation (energyplus.simulation.4) free-floats 
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Fig. 16. EnergyPlus simulation summary for January-March 2020.
the temperature by supplying no heating energy to the building while 
the remaining simulations (energyplus.simulation.5-8) vary the percent-
age of ideal load for each simulation timestep between 80% and 120% 
with a 60% probability that the ideal load is varied. To estimate the 
building’s internal temperature trend at a given instant t, temporal vari-
ables, meteorological variables, and the internal temperature related to 
previous timesteps were selected, along with the thermal load provided 
at t. The temporal variables were coded using sine and cosine trans-
formation to enhance the continuity effect of the data. The selected 
variables, translated in time through the sliding window technique, are 
then merged with the internal temperature to provide the model with 
supervised input and output couples.

B.3. LSTM hyperparameters and testing results

Table 15

LSTM hyperparameter configuration. All models share 
the same number of epochs (70), batch size (168), and 
optimizer (Adam).

Building 
ID

Hidden 
Size

Num 
Layer

Dropout Learning 
Rate

1 64 3 0.4 0.003042

2 56 3 0.0 0.003054

3 24 3 0.0 0.005248

4 16 2 0.1 0.007600

5 56 2 0.0 0.004720

6 40 3 0.2 0.004380

7 24 3 0.4 0.006086

8 64 3 0.2 0.007294

9 48 2 0.0 0.004284

10 56 3 0.4 0.002717
17
Table 16

MAPE Metrics.

Building 
ID

MAPE 
Train

MAPE 
Validation

MAPE Test 
in OL

MAPE Test 
in CL

1 24.73 50.66 3.87 1.21

2 7.26 16.33 1.63 1.31

3 7.45 6.88 1.93 1.18

4 816.63 33.68 4.58 1.98

5 9.02 5.94 1.38 0.94

6 64.62 66.82 1.57 1.17

7 29.94 52.36 1.91 1.52

8 8407.41 24.70 2.81 1.78

9 5.56 6.79 4.64 1.25

10 43.95 28.11 3.80 1.56

Table 17

RMSE Metrics.

Building 
ID

RMSE 
Train

RMSE 
Validation

RMSE Test RMSE CL

1 0.92 1.07 0.34 0.97

2 0.47 0.46 0.35 0.43

3 0.29 0.32 0.30 0.48

4 1.06 1.20 0.62 1.28

5 0.41 0.32 0.27 0.39

6 0.71 0.88 0.31 0.41

7 1.50 1.80 0.40 0.50

8 0.62 0.78 0.46 0.73

9 0.43 0.38 0.40 1.30

10 1.01 1.20 0.44 1.00
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