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HIGHLIGHTS

e Novel multi-agent Al-based technique for demand response in buildings is proposed.
e A deep reinforcement learning strategy is developed for grid-responsive buildings.

e Attention mechanism is leveraged for information sharing and building coordination.
e Proposed demand response strategy exhibits efficient electrical demand reduction.

e Adaptive learning capabilities are also demonstrated with presented case studies.

ARTICLE INFO ABSTRACT
Keywords: Integrating renewable energy resources and deploying energy management devices offer great opportunities to
Demand response develop autonomous energy management systems in grid-responsive buildings. Demand response can promote

Deep reinforcement learning
Multi-agent
Buildings

enhancing demand flexibility and energy efficiency while reducing consumer costs. In this work, we propose a
novel multi-agent deep reinforcement learning (MADRL) based approach with an agent assigned to individual
buildings to facilitate demand response programs with diverse loads, including space heating/cooling and
electrical equipment. Achieving real-time autonomous demand response in networks of buildings is challenging
due to uncertain system parameters, the dynamic market price, and complex coupled operational constraints. To
develop a scalable approach for automated demand response in networks of interconnected buildings, coordi-
nation between buildings is necessary to ensure demand flexibility and the grid’s stability. We propose a MADRL
technique that utilizes an actor-critic algorithm incorporating shared attention mechanism to enable effective
and scalable real-time coordinated demand response in grid-responsive buildings. The presented case studies
demonstrate the ability of the proposed approach to obtain decentralized cooperative policies for electricity costs
minimization and efficient load shaping without knowledge of building energy systems. The viability of the
proposed control approach is also demonstrated by a reduction of over 6% net load demand compared to
standard reinforcement learning approaches, deep deterministic policy gradient, and soft actor-critic algorithm,
as well as a tailored MADRL approach for demand response.

1. Introduction Department of Energy developed the Grid-interactive Efficient Buildings
(GEB) program [2], which intends to incorporate technologies for grid-

In the United States, buildings account for a significant portion of responsive buildings. One way to approach the goal and lessen build-
electricity demand (74%) and primary energy consumption (40%), as ings’ reliance on the electrical grid is to use on-site renewable energy
well as associated greenhouse gas emissions [1]. In order to achieve sources (RESs) and storage devices. However, to deal with the un-
demand flexibility, energy efficiency, and resiliency, the U.S. certainties associated with RESs to prevent instability and ensure
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resource availability, their integration into the current grid infrastruc-
ture must be done with care. Building control is further complicated due
to the need for load shifting as an adaptive response to grid signals [3].
With the development of smart energy management, demand response
has been acknowledged as a viable approach to encourage less elec-
tricity usage when wholesale market prices are high or when the grid’s
reliability is jeopardized [4]. Therefore, participating in demand
response programs provides solutions for networks of buildings to
enhance load controllability and promote economic efficiency while
alleviating the stochastic power inputs from RESs [5]. Within a network
of grid-responsive buildings, there is an additional obstacle caused by
the unknown, intricate energy management strategies used by other
buildings. To overcome the challenges mentioned above, there is an
urgent need to coordinate multi-building systems to participate in de-
mand response programs with complicated system structures and dy-
namic electricity prices.

Several techniques have been proposed to optimize the energy con-
sumption of grid-responsive buildings in order to match the power grid’s
demand, with model-based approaches being the most extensively
studied among them. For instance, model predictive control (MPC) has
significantly contributed to energy management and demand response
programs [6]. MPC is an intricate approach and has received substantial
research attention owing to its ability to optimize specific control ob-
jectives while adhering to environmental constraints. MPC-based tech-
niques have been demonstrated to optimally control cold storage to
maintain indoor thermal comfort while participating in demand
response [7]. High penetration of RESs in power networks that are
subject to demand response constraints can also be addressed with MPC
approaches [8]. Another model-based approach involves modeling the
demand response problem as a scheduling problem formulated as
mixed-integer linear programming (MILP) problem, which requires
knowledge of system dynamics for various appliances utilized in energy
management systems [9]. Tailored optimization strategies for demand
response modeled as MILP problems have also been investigated to
improve the performance of solution algorithms [10]. However, such
model-based techniques require accurate modeling of the system dy-
namics governed by complex physical processes. System parameters
necessary for accurate modeling are often hard to obtain in practice due
to concerns like privacy and the degradation of energy systems over time
[11]. In addition to the reliance of model-based approaches for demand
response on extensive information like an accurate forecast of uncertain
parameters in the system [12], they are also prone to modeling errors
and may not necessarily be adaptive [13]. Due to challenges associated
with time-varying system parameters and constructing energy models
unique to each building [14], adopting model-based approaches for
demand response may not be viable as the problem size increases.

Compared to the model-based techniques, reinforcement learning
(RL) has demonstrated significant promise for demand response
modeled as a sequential decision-making problem [15]. RL has the
advantage of requiring no prior knowledge of the system dynamics and
can be adopted in a model-free manner allowing for easier imple-
mentation in a practical setting compared to conventional optimization
approaches. Moreover, deep reinforcement learning (DRL), which
combines the function approximation abilities of deep learning with RL,
has been successfully employed in developing several demand response
programs [16-19]. DRL can help realize multiple control objectives,
which can be exploited to perform joint operations like maintaining
thermal comfort in buildings while reducing power consumption with
demand response [20]. Simultaneous consideration of objectives like
revenue management, user satisfaction, and peak load reduction can
also be performed with DRL-based techniques [21]. In a residential
setting wherein varying energy resources and operating models are
employed by each building, autonomous demand response can be per-
formed with DRL-based load management without the need for under-
lying knowledge [22]. Uncertainties associated with various factors like
load demand, renewable generation, weather, and dynamic electricity
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pricing can also be addressed with DRL-based demand response algo-
rithms [22,23]. In the cooperative setting of grid-responsive buildings,
conventional single-agent DRL techniques may exhibit limitations with
respect to high dimensionality and choosing appropriate reward func-
tions. To avoid disparate and inconsistent individual objectives, multi-
agent deep reinforcement learning (MADRL) provides a flexible and
robust approach for incorporating multiple energy systems [24]. A
multi-agent setting can also help speed up learning and improve the
performance of individual DRL agents by information sharing and con-
current learning [25].

MADRL is increasingly being used in energy management systems to
deal with challenging cooperative learning tasks [26-28]. Autonomous
demand response for systems with multiple energy components has also
been explored with multi-agent variants of state-of-the-art DRL algo-
rithms [24,29-31]. There are several research challenges associated
with developing a MADRL-based technique for demand response in grid-
responsive buildings. The first challenge lies in deriving efficient energy
management policies that promote cooperation to reduce the overall
load demand. Load shaping in grid-responsive buildings has seen sig-
nificant performance improvement with tailored MADRL approaches in
comparison with their single-agent counterparts [ 32]. However, tailored
techniques may inhibit applications to general real-world buildings,
while the adoption of conventional DRL algorithms in a multi-agent
setting may lead to high peak loads caused by uncoordinated policies.
Moreover, a shift in peak loads may also occur instead of flattening as
the dynamic electricity pricing is dependent on the incurred loads [15].
Another difficulty resides in addressing the non-stationarity problem
associated with the multi-agent setting caused by information sharing
among agents and their interaction with the power grid. It is important
to ensure that the stability of individual agents is not affected by con-
current learning and dynamic environmental factors. Ensuring the
scalability of the MADRL approach with large amounts of information
sharing among agents caused by an increasing number of buildings is
crucial. Finally, managing the computational resource utilization during
the learning and deployment of the multi-agent approach is an addi-
tional research challenge.

In this work, we propose a novel MADRL-based control framework
that utilizes centralized training to enhance cooperative policies for
economical demand response programs and load shaping in grid-
responsive buildings. A compact representation of observed informa-
tion is utilized by individual building agents to prevent scalability issues
and reduce the amount of computation. We employ the attention
mechanism in the multi-agent setting to improve coordination and
facilitate stationarity among the agents. Centralized training of the
critic, which estimates cumulative discounted rewards by assigning
relevance among the shared information along with each agent utilizing
local information, has been demonstrated to achieve efficient perfor-
mance in cooperative settings [33,34]. In order to adjust to uncertain
disturbances by learning from historical trajectories, we use a central-
ized learning process that adapts dynamically to time-varying factors
and interactively learns to select which agents to pay attention to at each
time step. The applicability and efficiency of the proposed attention-
based MADRL approach are demonstrated through two case studies on
both simulated and real-world grid-responsive buildings. The simulated
case study comprises of prototype buildings situated in a hot and humid
environment in New Orleans and is conducted to validate the learning
capabilities of the proposed controller. An extensive analysis of the de-
mand response techniques applied to real-world buildings subject to
high penetration of RESs located at Cornell University’s Ithaca campus is
also performed to substantiate their performance efficacy in terms of
load reduction.

The main contributions of this work are as follows:

e A novel multi-agent approach for demand response in grid-
responsive buildings that employ an actor-critic based deep
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Fig. 1. An overview of the individual agent or building interacting with the power grid considered for the proposed MADRL control framework for demand response
in grid-responsive buildings. An agent capable of making real-time demand response decisions is assigned to each building and includes an actor for producing
decisions and a critic for estimating the cumulative value of the building state and applied controls at each timestep.

reinforcement learning technique to produce efficient energy man-
agement policies resulting in reduced overall electrical demand.
Computationally efficient multi-agent architecture and learning
strategy which utilizes a novel integration of extracting compact
representation from local observations with the attention mechanism
to promote coordination among buildings.

Extensive computational experiments with the proposed multi-agent
deep reinforcement learning strategy applied to buildings in warmer
climates that utilize pre-simulated data obtained with EnergyPlus in
addition to real-world buildings that use historically recorded data
under harsh climate conditions. A comparative study with state-of-
the-art baseline methods for demand response in grid-responsive
buildings is also presented.

The remainder of this paper is structured as follows. Problem
formulation for autonomous demand response as a sequential decision-
making problem and the proposed attention-based MADRL control
technique are described in Section 2. Two case studies with various
demand response techniques applied to grid-responsive buildings are
presented in Section 3. Finally, conclusions are drawn in Section 4. A
brief background on DRL and MADRL is also presented in the Appendix,
along with additional information on the case studies presented in this
work.

2. Multi-agent attention-based method for demand response

In our networks of grid-responsive buildings, demand response
programs incorporate incentive payments to encourage using less elec-
tricity during high wholesale market prices or when the grid’s reliability
is jeopardized [4]. To satisfy the residents’ thermal comfort and diverse
energy loads, energy devices are stored and released by the building
agents preemptively. Under this setting, we propose a novel MADRL
control technique that leverages the attention mechanism to enhance
coordination between buildings for demand response. This MADRL
control method is hereafter referred to as the multi-agent attention-
based controller (MAAC). In this framework, we assign an agent to in-
dividual buildings and embed an actor and a critic within each agent for

all grid-responsive buildings. To encourage cooperation between agents,
we adopt the centralized training framework to help each building
capture relevant information from the grid. During the execution phase,
each agent’s actor will use the trained deep neural networks (DNNs) to
select actions based on only local information to decrease the compu-
tation time and achieve real-time, autonomous demand response. Uti-
lizing online learning algorithms, the agents learn the optimal policies in
a short period via interactions with the environment. Fig. 1 shows an
overview of the individual agents or buildings interacting with the grid.
The design and implementation details of the MAAC controller are
described in the following subsections.

2.1. Multi-agent Markov decision process formulation

We formulate the demand response problem in grid-responsive
buildings as a finite multi-agent Markov decision process (MMDP)
with discrete time steps. The grid-responsive building operation cast as
MMDP is constructed with CityLearn [35] which facilitates the evalua-
tion of controllers to reshape aggregated electricity demand by con-
trolling the storage of energy in each building. The electric grid supplies
power following a dynamic pricing structure to N buildings. Each
building has a pre-simulated cooling load, heating load, and non-
shiftable load consumed by appliances. Moreover, every building is
equipped with photovoltaic (PV) arrays, the energy supply subsystem,
including heat pumps and electric heaters, and the energy storage sub-
system, which consists of batteries, chilled water tanks, and domestic
heat water (DHW) tanks. Each building receives thermal energy supply
from storage tanks and energy supply units, such as heat pumps and
electric heaters, at every time step. In CityLearn, the energy supply de-
vices are sized to meet the energy demand of the building at any given
time throughout the simulation to satisfy the presumption that the
building temperature setpoints are always satisfied and enable pre-
simulated energy loads of the buildings [35]. Individual agents corre-
sponding to the grid-responsive buildings assume no knowledge of the
energy model attributes or the system transition dynamics. Although
historical data is used to simulate the operation of the grid-responsive
buildings, we ensure no data leakage to maintain the stochasticity of
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Fig. 2. Systematic workflow for computing the state-action value for each agent in the MAAC-based control algorithm.

the system dynamics. At any time step, the agents observe the current
environment state and execute joint actions accordingly. Individual
actions obtained with each agent are incorporated by the corresponding
building, followed by obtaining reward signals in response to the agent’s
actions. The system then transitions to the next state, with rewards
returned to the agents that learn by updating value functions and pol-
icies to maximize the discounted cumulative reward. To ensure that our
simulation environment accurately captures the complex interplay be-
tween buildings and the electric grid, we model the power and infor-
mation flows between grid-responsive buildings in an interactive way
using CityLearn. By integrating real-time prices and energy system in-
formation from other buildings, each building in the simulation can
make informed decisions that help manage demand across the district.
This coordinated effort leads to a more stable grid and enables the
seamless integration of renewable energy sources and efficient demand
response strategies. By capturing these grid-interactive features, our
simulation environment ensures a thorough and accurate representation
of the complex interplay between buildings and the grid.

The observable state x! of building i at time step t consists of its local
state, the shared global state, and the relevant state information from
other agents. All buildings share outdoor weather data as well as their
future forecasts at various intervals. Specifically, outdoor temperature,
outdoor relative humidity, and direct and diffuse solar radiation are
considered. Moreover, we assume carbon intensity emitted during
electricity production at the current time step as a global state variable.
Each building also receives dynamic electricity prices C; from the elec-
tric grid. In terms of local state space, we record information on the
thermal data, which comprises of indoor temperature and its setpoint
and indoor relative humidity for each building. The electricity con-
sumption levels, including cooling and heating consumption and the
non-shiftable electricity consumption by appliances, are also observed at
each time step. Power generated by the PV panels also constitutes the
local building state. Lastly, the local state space also includes the state of
charge of each building’s storage device. Within each building, storing
domestic hot water and chilled water for sensible heating and cooling

are provisioned. Storage of energy sourced from the electric grid and
renewables is also facilitated in the buildings with electrical batteries.
Each agent can store or utilize energy associated with these storage
devices to address the energy demand. The i’th agent’s control action

u at time step t. We further

then Comprises ul; = (ui,cooling7 i,heating7 u;baztery)
constrain the energy transfer levels in [ — 1, 1] using the known capacity
levels of all storage devices.

The reward function is defined as ri = —sign(e;;)-C;-e? -min(0,E,),
where e;; and C; denote the net electricity demand of building i and cost
of electricity, respectively. This reward function not only considers
electricity costs incurred by the building but also promotes all the grid-
responsive buildings to minimize the overall load E; = S"Y | e;,. Utilizing
both local and global components in the reward function incentivizes
the building to minimize individual energy costs while coordinating
with each other to achieve a global optimum. Squaring each individual
e forces the building to shape the load curve and prevent drastic change
due to the dynamic pricing. It is worth noting that the reward is positive
if the building is self-sufficient. Furthermore, the reward is negative if
the building draws power from the district while the district is also
consuming electricity from the main grid.

2.2. Attention-based value function estimation

To encourage information sharing and demand response coopera-
tion, it can be helpful to concatenate all information into a single vector
and pass it to the fully observable centralized critic. However, it only
works well when the number of agents in the communication network is
small [36]. When more agents are included, the vector can become
large, and the communication overhead is long. Moreover, since not all
information is relevant for every agent at each time step, computational
resources can be wasted to perform irrelevant calculations. With the
help of the attention mechanism, the centralized critic can dynamically
select which relevant agents to pay attention to at each time step instead
of considering all of them at all time steps. When multiple buildings
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Algorithm 1 Learning algorithm for the MAAC controller

Input: Weather data, electricity price, cooling/heating load, non-shiftable load, attributes of

energy device, attributes of PV panels
Initialize the environment with NV agents

Initialize policy networks g, critic networks prk for k=1, 2, and the empty replay buffer D
Set target parameters equal to local parameters 8; « 6;,9; < P, P, < P,

for 7 in episode length do

Observe state x} for each agent i

Each agent i executes action u{~mg, (x})
Observe new state x/., ,, reward r{

Store (x{, ul,r{, x},,) in replay buffer D
if D76 = Bgize and t = Typgqre then
forj in Nypdate 40

Update target networks with:

end for
end if
end for

Randomly sample a batch of transitions, B = (x,u,r, x") from D
Compute targets for all the critic networks:

yi=nt ylEu/wTrgi(x/) [Q(ipk(x,. u)]
Update all critic networks by one step of gradient descent on the MSBE loss function:

N
Lo = ) Byl o) = )7 wherek = 1,2
i=1

i=
Update policy networks by one step gradient ascent on:
J(6;) = ]Exw’D["link=1,2{Q<lpk(xi'ﬂei(xi))}]

fepu+(1—p

Fig. 3. Learning algorithm utilized for the online training phase of the proposed MAAC-based control strategies for demand response in networks of inter-

connected buildings.

participate in demand response, the demand response environment is
nonstationary on the demand side since all buildings are simultaneously
influencing the energy demand with individual actions [15]. Addition-
ally, rebound effects may occur when all buildings are trying to delay the
energy demand during peak hours. Specifically, the uncoordinated
uniform delay will shift the peak demand to the period when the elec-
tricity price is lower in expectation, leading to even higher peaks and
thus causing vulnerability issues [37]. The improvement in information
sharing and coordination by incorporating the attention mechanism can
prevent such effects and ensure grid stability.

We parameterize the policy and state-action value functions for each
agent with neural networks. A deterministic policy is approximated with
an actor network denoted by 7y, with the parameters 6; and computation
of controls at any time step u' = 7y, (x') with the local observable state x.
Similarly, the critic network Qy, is parameterized by ¢;. The attention
mechanism is utilized for each agent i to query other agents for infor-
mation about their observations and actions and include that informa-
tion in calculating its state-action value. Therefore, the contributions
from other agents are calculated dynamically at each time step, enabling
the critic of each agent to learn the most important information by
selectively paying attention to other agents. A detailed workflow for
computing the state-action values for each agent is shown in Fig. 2.
Concretely, the Q-value for agent i is computed as follows:

Qf/,(xy u) = fiei, yi) (@)

where f; is a two-layer feedforward neural network while e; denotes the
embedding computed as e; = gi(x;, u;) by encoding the local state-action
pair with a single-layered feedforward neural network g;. On the other
hand, y; denotes the total contribution from other agents defined in Eq.

(2) with v; = LeakyReLU(W,¢;) and leaky rectified linear unit as the
nonlinear activation function.

Yi = Zaijvj 2
Jiiti
The attention weight @; compares the embeddings using the query-
key system [38] and applying SoftMax to compute the similarity value
between the embedding pairs,

;= CXP((Wkef)T(qu") ) 3
ij Zjilexp((Wkei)T(qui) )

where W, transforms e; into a “query” and W transforms e; into a “key.”
It should be noted that the state-action value for each critic is a function
of agent i’s observations and actions as well as contributions from other
agents. To this end, the parameters associated with the query, key, and
values, as Wy, Wy, and W,, respectively, are shared among all N agents.

2.3. Implementation of the MAAC algorithm for demand response

The learning algorithm employed for demand response in grid-
responsive buildings utilizes the architecture for actor and critic net-
works described above and is presented in Fig. 3. To reduce the variance
of value estimates [39], we use two critic networks for each building
denoted by Qi/»k’ where k = 1, 2. This prevents overestimation of the
state-action value estimates and inhibits suboptimal policies. Moreover,
copies of all policy and critic networks are also utilized as target net-
works to stabilize the training process. For each agent i, the target actor
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and critic networks are represented with G:pk and 7y, respectively, for
which the parameters are initialized to be same as that of the local
networks. Over the duration of the demand response simulation, the
transition tuples (xi,ul,ri,x ), Vi € [1,N] are recorded and stored in
the experience replay buffer &. An experience replay is used to facilitate
the temporal decorrelation of experience samples that are produced
successively [40]. During each update step, a batch of experiences of size
Bsize is randomly sampled from the replay buffer. The sampled batch of
transitions are then used to update the policy and critic networks. Due to
the sharing of the set of parameters associated with query, key, and
value, all critics are updated to minimize a regression loss function with
combined information as shown in Eq (4) with the targets y; defined in
Eq. (5). Likewise, the individual policies are updated to maximize the
parametric reward function for each agent’s policy in Eq. (6) by per-
forming a gradient ascent step.

Ly = i Epcuns' o {(Qiﬁk (x,u) —y; )2} (4)
i=1

Yi =11+ 1Ey 5, () [dﬁk (X,’u/)} v

J(6) = Evop {minkzl.z{Qi/,k (i, g, (xi)) } } (6)

The critic networks are updated by minimizing the mean squared
Bellman error, and it is noteworthy that the local critic networks take in
(x;, u;), whereas the next-state action being passed to the target is
computed by the target policy instead of the local policy. It should also
be noted that both the critic networks Q;W k =1,2 are updated with
separate targets and corresponding loss functions as shown in Eq. (4)
and (5). Lastly, the target networks’ parameters y = (6, ¢) are updated
by Polyak averaging [41],

E=pu+(1—-pp )

where yu is the network weights of policy or critic networks, j refers to
the parameters of target policy or critic networks, and p is a hyper-
parameter between 0 and 1.

3. Performance evaluation of demand response operations in
grid-responsive buildings

We demonstrate the viability of the proposed attention-based multi-
agent DRL approach for demand response in grid-responsive buildings
by performing computational experiments with two case studies. The
presented case studies vary in terms of the location of buildings, outdoor
weather conditions, indoor climate setpoints, as well as the dynamic
pricing offered by the power grid. It should also be noted that the
selected grid-responsive buildings also exhibit varying local attributes,
like the electric batteries in different buildings that have different ca-
pacity levels. We perform several computational experiments for the
case studies to demonstrate the generalization and scalability capabil-
ities of the proposed MAAC control framework for demand response.
Modeling energy systems in buildings like batteries for applying model-
based approaches like MPC for demand response requires acquiring the
technical parameters associated with system components, which is
typically impractical because of privacy concerns and system aging [42].
Due to the intimate interaction between such energy systems and human
behavior, it is not always viable to model the energy systems owing to
the variability of changing consumption patterns [32]. Even with all the
system information acquired, it is a challenging and labor-intensive
process to build energy models for all the buildings since each build-
ing is unique, and the model designed for one building would typically
not fit another directly [14]. Considering the potential equipment faults,
the seasonal and annual variation of RESs, and the changing consump-
tion patterns in a four-year period, we compare our controllers with
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other DRL-based techniques, which are also model-free and do not
require knowledge of the system. The performance of the MAAC-based
control algorithm is then compared against the rule-based controller
(RBC) and three state-of-the-art DRL techniques, namely, deep deter-
ministic policy gradient (DDPG) [43] and soft actor-critic (SAC) [44] to
demonstrate its efficacy. Additionally, a tailored multi-agent DRL
approach for demand response in grid-responsive buildings termed
MARLISA [32] is also implemented for a fair comparative analysis. Due
to their versatility across applications, the DDPG and the SAC controllers
are implemented as decentralized controllers without explicit coordi-
nation algorithms.

The DDPG and the SAC controllers are implemented as decentralized
controllers without explicit coordination algorithms. In the MARLISA
setting, each agent shares cumulative predicted electricity consumption
of itself and the agents that selected actions before it in a leader—follower
schema [32]. In terms of experimental settings, we adopt consistent
configuration across all baseline methods and the proposed MAAC
technique for demand response in grid-responsive buildings. Addition-
ally, all agents within the MAAC controller utilize consistent architec-
tures and hyperparameter settings with randomly initialized neural
networks. Although RBC can be utilized during the exploration phase of
the DRL-based controllers, it may affect the overall long-term perfor-
mance of the controllers [32]. So, all baselines and the proposed MAAC
controller perform random exploration during the initial exploration
phase. All the actor networks have (400, 300) as hidden dimensions with
ReLU activation between them. The critic networks, apart from MAAC,
also have hidden dimensions (400, 300) with Leaky ReLU activation. In
contrast, the MAAC critic has a four-head, 256 hidden units network
with Leaky ReLU activation. Moreover, all the DRL-based techniques
utilize a discount factor y = 0.99 and the Polyak averaging coefficient
p = 0.005. For the experience replay incorporated for learning with the
DRL techniques, we construct a replay buffer & of size 10°. During each
learning step, a transitions batch of size B, = 200 is sampled uniformly
from the replay buffer. In addition, all optimization steps required to
update the policy and critic networks are performed using the Adam
optimizer.

3.1. Simulated building operation with renewable energy systems in the
warm climate of New Orleans

The proposed MAAC control technique is evaluated in a hot and
humid environment in New Orleans. The grid-interactive district has
nine connected buildings from DOE prototyping with pre-simulated
energy demand using EnergyPlus [45]. The dataset used for the evalu-
ation of this case study is part of the CityLearn challenge 2021 [46],
wherein the grid-responsive buildings comprise of an office building, a
fast-food restaurant, a retail building, a strip mall, and five residential
buildings [32]. The corresponding chilled water tanks storage capac-
ities, DHW tanks storage capacities, and the PV panels capacities are
provided in Table Al of the Appendix. We conduct simulations using
same weather data in the grid-interactive environment for ten epochs or
episodes to test the performance and the convergence of different DRL
controllers. Each episode spans 365 days, and all the DRL controllers
perform random action exploration for the first 250 days during the first
episode. After 250 days, the SAC, MARLISA, and MAAC controllers
inhibit stochasticity and exploit their policies by obtaining controls from
the trained actor networks over the subsequent episodes. The training
process is terminated after convergence of the corresponding learning
curves with less than 1% improvement of the associated metric over
subsequent episodes as the termination criteria. The DDPG controllers’
action noises scale to zero for taking deterministic actions. The manually
optimized RBCs are tuned to perform deterministic storage actions by
storing more energy during the nighttime and releasing it during the
daytime.

We first evaluate the MAAC controller’s learning capabilities of
minimizing the district’s net electricity demand over the training
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Fig. 4. Electricity demand reduction comparisons between the proposed method and other RL-based methods, using the RBC as the baseline.

Table 1

Various performance metrics for demand response performance evaluation ob-
tained with different DRL-based controllers during last year for the New Orleans
case study.

Metrics DRL-based Controllers
DDPG' SAC? MARLISA®  MAAC'

Annual cumulative 1,568,617 1,565,856 1,559,726 1,558,475

electricity costs ($/kWh -

kwh)
Ramping 492,803 265,898 266,561 268,261
1 - load factor 0.590 0.516 0.523 0.522
Peak Demand (kW) 541.8 484.6 499.2 482.3
Average Daily Peak (kW) 315.3 267.6 268.3 267.5

! Deep deterministic policy gradient (DDPG) is an off-policy policy gradient
algorithm.

2 Soft actor-critic (SAG) is an off-policy actor-critic DRL algorithm.

8 MARLISA is a tailored multi-agent DRL approach for demand response in
buildings.

4 Multi-agent attention-based controller (MAAC) is the proposed MADRL
algorithm.

process. The overall net electricity demand within the district observed
after the termination of each episode is plotted in Fig. 4. Conventional
DRL approaches like DDPG and SAC are unable to demonstrate any
significant performance improvement over the RBC baseline as learning
progresses. Moreover, the SAC, MARLISA, and MAAC controllers
consume less electricity than the manually tuned RBC controllers, while
the DDPG controllers do not exhibit load reduction ability. MARLISA,

which is a tailored multi-agent DRL approach for demand response,
leads to only 0.17% reduction in net load as compared to the baseline.
On the other hand, the proposed MAAC controller is able to lower net
demand over subsequent episodes, unlike the other DRL-based demand
response techniques. Additionally, the proposed MAAC strategy for de-
mand response results in a significant reduction of net load demand with
more than 8% reduction over the RBC baseline after ten episodes. The
DRL strategies DDPG and SAC converge quickly to higher load demand
levels in contrast to the multi-agent DRL approaches. In comparison,
MARLISA and MAAC learn slowly, which allows them to achieve
improved local optima. The proposed MAAC technique for demand
response in grid-responsive buildings employs sharing local information
under a multi-agent setting which allows it to yield a substantial
advantage over MARLISA. We also evaluate the final year’s electricity
prices paid for the New Orleans case study are listed in Table 1. The
MAAC-based controllers incur the least electricity costs. Additionally,
the lowest peak demand and average daily peak throughout the year is
observed with the MAAC controller, demonstrating its ability to shape
the load curve and ensure grid stability. Fig. 5 visualizes the net elec-
tricity demand under different DRL-based controllers for a week in
summer, during which the demands are higher and load shaping is more
critical. As the simulation results have demonstrated, all other DRL-
based controllers perform better load flattening than the DDPG
controller. Among the controllers that use the soft-actor-critic frame-
work, MAAC controllers exhibit superior performance compared to SAC
and MARLISA during peak demand periods between Aug 20th to Aug
21st and between Aug 23rd and Aug 24th, with daily peaks significantly
lower than controller-free or no storage demand. In contrast, SAC and

200

Net electric demand (kWh)
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—— No storage
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- MAAC
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Fig. 5. Load profiles comparison between different DRL-based controllers during a high-demand week in summer. The controller-free demand profile is also shown

when no energy storage devices are equipped and utilized.
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Table 2

The cumulative price paid for electricity demand ($/kWh-kWh) of different RL-
based controllers during the studied 48-hour period in the four seasons along
with the incurred annual cumulative costs.

Month DRL-based Controller

DDPG' SAC? MARLISA®  MAAC*
March 72,650 40,441 52,624 26,610
July 26,076 23,254 26,787 22,872
October 17,570 16,043 17,016 15,097
January 61,882 59,791 66,340 58,524
Annual cumulative 2,346,235 2,197,627 2,225,274 2,155,593

electricity costs

! Deep deterministic policy gradient (DDPG) is an off-policy policy gradient
algorithm.

2 Soft actor-critic (SAC) is an off-policy actor-critic DRL algorithm.

3 MARLISA is a tailored multi-agent DRL approach for demand response in
buildings.

4 Multi-agent attention-based controller (MAAC) is the proposed MADRL
algorithm.

MARLISA show daily peaks almost as high as controller-free demand
during these periods. In addition, MAAC controllers exhibit relatively
higher electricity demand during off-peak periods, leading to more
stable energy demand for buildings and increased grid reliability.

3.2. Load shaping of real-world buildings in Cornell University campus
with high penetration of renewable energy sources

3.2.1. Experiment setup

To further test the robustness of the model, we perform another real-
world case study on the Cornell University’s Ithaca campus over a four-
year horizon (2016-2019) with hourly resolution. In this case study, we
consider a chemistry lab building, a building for both lecture halls and
laboratories in the Engineering quadrangle, another academic building
located in the Agricultural quadrangle, an Engineering library building,
and an administration building in the Engineering quadrangle, the
applied physics department building in the central part of the campus,
university administration building in the central part of the campus, a
library in the Agriculture Quad, building with lecture halls located in the
Agriculture Quad, and one bioscience research institute adjacent to the
Agriculture Quad. The energy consumption data of each building are
downloaded from Cornell Energy Portal [47]. The electricity prices are
obtained from New York State Electric & Gas service operator. We utilize
the weather data from Visual Crossing API service [48], while the
weather predictions data are downloaded from the Iowa environmental
mesonet [49]. Moreover, the building’s chilled water tanks storage ca-
pacities, the DHW tanks storage capacities, and the PV panels capacities
are listed in Table A2.

All the DRL controllers perform random action exploration for the
first 250 days in the first year. Similarly, the SAC, MARLISA, and MAAC
controllers perform stochastic policies until the beginning of the fourth
year by sampling from the policies distribution with entropy regulari-
zation. For the DDPG controllers, they have uncorrelated, mean-zero
Gaussian noise for exploration until the start of the fourth year. Start-
ing from the fourth year, the SAC, MARLISA, and MAAC controllers
exploit their policies by taking mean action. Furthermore, the DDPG
controllers’ actions noises are set to 0 to execute deterministic actions.
The RBCs are tuned to perform uniform actions to charge 4.2% of their
maximum capacities every hour from 12 PM to 8 PM and release 3% of
their maximum capacities every hour from 10 AM to 9 PM.

3.2.2. Computational results

We compare the results of different DRL controllers’ performances
during the evaluation phase. In the fourth year, all DRL-based control-
lers except the DDPG-based controllers outperform the RBCs. Numeri-
cally, the MAAC-based controllers outperform the second-best
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controllers by reducing over US $40,000 more electricity costs, and they
significantly exceed other benchmark controllers in terms of minimizing
the total electricity costs. The MAAC-based controllers reduce US
$92,158 more electricity costs compared to the RBCs. However, the
SAC-based controllers can only reduce US $50,124 more electricity costs
compared to the RBCs, and the MARLISA-based controllers can only
curtail US $22,477 more electricity costs in comparison with the RBCs.
To analyze the demand response behaviors of each DRL-based
controller, we investigate four 48-hour periods in spring, summer, fall,
and winter, respectively. The numerical results of the cumulative price
paid for electricity demand are presented in Table 2. The MAAC-based
controllers demonstrate superior performance, especially in winter
and spring, when the electricity demand is higher on the Cornell Uni-
versity’s Ithaca campus. Notably, the MAAC controllers reduced 34.2%
of electricity cost compared to the second-best controllers in the studied
interval in spring. To have more intuitive visual comparisons, we plotted
the electricity demand of each RL controller and the real-time electricity
price in the four examined periods. As illustrated in Fig. 6, the MAAC-
based controllers have more promising control strategies in every
studied interval. In the studied spring period, the electricity price is at a
peak between hours 31 and 45. The SAC, MARLISA, and MAAC con-
trollers all start decreasing their demands in response to the increasing
electricity price, whereas the DDPG controllers are not manifesting such
an effect significantly. Comparing the SAC, MARLISA, and MAAC con-
trollers, we can see that the proposed method reduces the most elec-
tricity demand while still having a steady demand load curve, which
helps guarantee the grid’s stability. The immediate demand reduction
from hour 30 to 31 happen simultaneously with the sudden increase in
electricity price, without any lag time at all. This abovementioned effect
shows the real-time, instant adjustment ability of the MAAC controllers
concerning unforeseen external information. During the 48 h of the
summertime, the electricity price is steadier, and we can see the load
curve of MAAC is also steadier. Moreover, we can see that during hours
26-35, when the electricity price is higher, the MAAC controllers pro-
actively reduce the demand to cope with the rising price. Although they
start to increase the demand after hour 34, the absolute values of the
demand are still low. Within the examined period in fall, there are two
intervals when the price is higher, hours 16-21 and hours 39-41. The
MAAC controllers again demonstrate their ability to take intelligent
actions. The electricity demand starts decreasing concurrently with the
increase in price, and the demand rises back when the price is lower,
during which the controllers can store more energy for the preparation
of the next peak price period. Moreover, this pre-storing behavior is
more obvious between hours 29-38 when other controllers require less
demand. Nevertheless, it is beneficial to confront the rising price from
hours 39-41. Additionally, although the SAC controllers are also
achieving as low demand as the MAAC controllers do between hours
39-41, the pre-stored energy by the MAAC controllers enables them to
prevent the bounce-back demand as the SAC controllers are experi-
encing, which will undermine the reliability of the grid. Finally, in the
studied period in winter, as all controllers are performing distinct con-
trol strategies, the MAAC controllers still coped with the increase in
price the best, as shown at hours 15 and 36.

Next, we focus on the specific energy control behaviors of the pro-
posed MAAC-based controllers. In Fig. 7, we study the same 48-hour
period in spring and summer, when the cooling and heating demand
are more balanced than the periods in fall and winter. As shown in Fig. 7,
heating energy consumption and non-shiftable electricity consumption
for appliances dominate the total energy usage. While the electricity
consumption for appliances is fixed, we can see that the MAAC-based
controllers are reacting to the dynamic environment by utilizing the
DHW storage tanks. Recall from Fig. 6 that the electricity price is the
highest from hours 31 to 45 during the studied period in spring, Fig. 7
exhibits that the MAAC-based controllers are using almost entirely the
stored heating energy during this interval. This, combined with the
MAAC controller utilizing solely electrical heating devices for the
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Fig. 6. Net electricity demand curves of different RL-based controllers in response to
(c) fall, and (d) winter.

heating supply between hours 46-48 due to low electricity prices, leads
to a steep increase in electricity consumption observed during this
period. More specifically, Fig. 8 further examines the proposed method’s
detailed heating energy supply and storage behavior in the same period.
Between hours 31 and 33, the MAAC-based controllers are using 100%
stored energy to satisfy the building’s heating consumption, eliminating
any electricity demand for heating, which would have taken up a sig-
nificant amount due to the cold weather in spring Ithaca. From hours 34
to 38, 94.4% of the heating consumption is supplied by discharging the
DHW storage tanks. And this is made possible by prior storage to the
DHW tanks between hours 26 and 30, as illustrated in Fig. 8. Since the
electricity price from hours 7 to 15 and from hours 46 to 48 is almost
zero, the MAAC-based controllers take advantage of these intervals to
charge the DHW storage tanks in advance. In the studied 48-hour period

the electricity price during 48-hour periods in seasons of (a) spring, (b) summer,

during summer, we can also see the superb performance of the proposed
method. As reflected in Fig. 7, the studied period in summer has higher
cooling consumption during the daytime while having higher heating
consumption during nighttime. And the corresponding control strategies
are exerted by the proposed controllers intelligently. During the daytime
periods, when hours 16 to 25 and hours 38 to 46, the MAAC controllers
are releasing a huge amount of cooling storage from the chilled water
tanks, as depicted in Fig. 9, reducing 27.4% the cooling demand. From
hours 26 to 37, when the electricity price is the highest, we can also see
that the heating energy is released from the storage device accordingly.
Before ending the discussion of the detailed energy supply and storage
behaviors of the proposed method, we analyze the heating energy sup-
ply and storage behavior during the studied period in winter. It is of
important value because the demand in winter is the highest throughout
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Fig. 7. Overall energy consumption, supply, and generation profile of the MAAC method during 48-hour periods in spring and summer.

the year and is caused by the high heating energy demand. From Fig. 8,
we can see that the MAAC controllers are constantly supplying heating
energy from the heating device to DHW storage tanks between hours
0 and 10, 24 and 34, 37 to 48. The only intervals where the storage
device is only being discharged are between hours 13 to 16 and hours
36, when the price is higher.

4. Conclusion

In this work, we developed a MADRL-based control framework for
efficient demand response in grid-responsive buildings, which assigns a
DRL agent for energy management in each building. The proposed
multi-agent demand response technique extracts compact representa-
tions of building states and controls to realize a scalable framework
while leveraging the attention mechanism to promote coordination
among agents. A real-time autonomous coordinated demand response in
grid-responsive buildings was facilitated by utilizing a centralized
learning strategy combined with decentralized execution in agents to
produce controls in a computationally efficient manner. The applica-
bility and efficiency of the proposed multi-agent attention-based
controller were demonstrated with two case studies on grid-responsive
buildings under different environmental conditions. Compared to both
single-agent and multi-agent DRL approaches, the proposed demand
response technique demonstrated better learning performance as well as
the highest net load reduction. The adaptive capabilities of the

10

attention-based demand response technique were also substantiated
with a case study comprising of buildings in real-world scenarios. The
obtained computational results further show the proposed method’s
superior capability of load shaping and a reduction in net load demand
of more than 6% over both conventional and state-of-the-art RL ap-
proaches. The MAAC controllers have shown superior automatic de-
mand response capabilities, however, the critic networks of each
building’s embedded agents can access information from other build-
ings, which could be a privacy concern. In order to address these con-
cerns, future work should investigate data security and privacy issues
associated with this method. One strategy for improving the MAAC
controller is to explore federated learning techniques [50], which can
securely combine data from all buildings through a central server while
maintaining privacy and performance. It would also be valuable to
investigate the impact of increasing numbers of agents on the learning
capacity of the centralized critic network. Ultimately, ensuring that the
MAAC approach is effective and ethically responsible is crucial to
address privacy concerns and scalability issues.
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Appendix

In this section, we provide additional information relevant to the proposed multi-agent attention-based DRL controller for demand response in
grid-responsive buildings, including background on MADRL along with details on the buildings used for the presented case studies. Brief preliminaries
on DRL and the characteristics associated with learning in a multi-agent setting are provided in Section Al. Properties of the energy components
installed in the grid-responsive buildings considered in both case studies on New Orleans and New York are also provided in Section A2.

Al. Background on multi-agent deep reinforcement learning

RL is a machine learning paradigm that deals with sequential decision-making [51]. RL can be utilized to handle problems that can be formalized as
a Markov Decision Process (MDP). An MDP consists of a set of states S, a set of actions A, a reward functionr: S x A € R, discount factor y € [0,1), and
the transition dynamics P: SxA xS € [0,1] that satisfies the Markov property p(si1|St,ar) = p(Se+1|St, @, .., $1,a1). The RL agent learns a deter-
ministic policy 7 : S»A or a stochasticone z : S x A € [0, 1] that maps states to actions to maximize the cumulative reward. The traditional value-based
learning algorithm, such as Q-learning, is efficient only when the state space is low-dimensional [52]. To overcome the limit of discrete state and
action pairs and to address the issue of high dimensionality, DRL uses DNNs as the nonlinear function approximator to replace the table lookup.
Meanwhile, policy-based learning, such as the policy gradient method [53], directly learns a policy without calculating the intermediate value
function for action selection. Again, DNNs can be used to parameterize the learned policy. Typical value-based learning methods introduce bias by
bootstrapping, while policy-based learning methods tend to have high variance by learning through estimations [51]. To this end, actor-critic methods
[54] are widely used to harness the advantages of both methods. The action-value function is typically used for the learned value function defined as
Q(se,ar) = [E[Ef’o:t}’[/ 7lrl’]~

In this work, we consider the fully cooperative MADRL setting. Specifically, we consider the framework of Markov games [55], a generalization of
MDPs. A Markov game for N agents is a tuple (S, A1, ...,An, T,R1, ..., Ry) where S is a set of states, A1, ..., Ay is a collection of action sets for N agents,
T :S x Aj... x AN—P(S) is the state transition function, which specifies the probability distribution over possible next states given the current state and
actions for each agent, and R; : S x A;—R is the reward function for each agent that is a function of global state and actions of all agents. As real-world
settings often feature incomplete observations, each agent i receives its local observation, x; € X;, which contains partial information from the global
state, s € S. Each agent i learns a policy 7; : X;—P(A;) to maximize the expected discounted return, J; = ESy s, s~ [Zfio}"ru(sn ail)} where y € [0,1] is
the discount factor that can be regarded as encoding an increasing uncertainty about future rewards. Treating individual agent independently so that it
views the other agents as a component of the environment was one of the first solutions to the MARL problem. The agents in this approach are
commonly referred to as independent learners [36], who run separate learning algorithms such as Q-learning. This method has no scalability concern,
and each agent only requires local observations during the training and execution [36] phase. However, it may not work well when each agent is using
DNNs for approximating its Q-function because of the need for the experience replay to stabilize the training using DNNs [56], which becomes
problematic due to the environment’s non-stationarity. To perform better, agents can communicate in the environment by learning the time to
transmit relevant messages to intended recipients [36]. An alternative method to resolve the non-stationarity problem is to use a fully observable
critic. With the fully observable critic that can incorporate the observations and actions of all agents, the environment is stationary despite the change
in other agents’ policies [36].

A2. Additional details for experimental setup

In this section, we provide additional information relevant to the experimental setup of the MADRL-based control framework for demand response
in grid-interactive buildings for the two case studies. The interaction of grid-responsive buildings with the power grid, including the operation of
energy storage devices equipped in these buildings, is modeled with CityLearn v1.1.1. For the energy storage devices, each building receives thermal
energy supply from storage tanks and energy supply units, such as heat pumps and electric heaters, at every time step. The energy supply devices are
sized to meet the energy demand of the building at any given time throughout the simulation to satisfy the presumption that the building temperature

Table Al
Storage capacities of the chilled water tanks, DHW tanks, and PV panels of each building in the New Orleans case study. Note that the chilled water and DHW tanks’
capacities are established as multiples of the buildings’ maximum cooling/heating energy consumption.

Energy storage device

Building ID Chilled water tank DHW tank PV panel [kW]
1 2 2 120

2 3 3 0

3 2 0 40

4 3.5 1.5 25

5 2 2 0

6 3 3 0

7 3 3 0

8 2 3 0

9 3 2 0
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Table A2
Storage capacities of the chilled water tanks, DHW tanks, and PV panels of each building in the Cornell University’s Ithaca campus case study. Note that the chilled
water and DHW tanks’ capacities are established as multiples of the buildings’ maximum cooling/heating energy consumption.
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Energy storage device

Building name Chilled water tank DHW tank PV panel [kW]
Baker Lab 1 1.5 720
Bard Hall 1.5 3 210
Bradfield Hall 1 2 650
Carpenter Hall 2 3 160
Clark Hall 2 1 350
Day Hall 1.5 2 150
Mann Library 1 1 600
Warren Hall 1.5 1.5 180
Weil Hall 2.5 2.5 320

setpoints are always satisfied, which enables us to simulate the energy loads of the buildings [35]. Building attributes for the New Orleans case study
are borrowed from the CityLearn challenge 2021 [46] and are reported in Table A1. We further analyze the relationship between individual building
attributes and their pre-simulated loads in the CityLearn package to select appropriate attributes for the Ithaca, New York case study. The storage
capacities of individual energy storage devices equipped in each building are selected such that they would be able to satisfy the corresponding
building loads at any given time and are reported in Table A2.
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