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ABSTRACT
The ongoing industrialization and rising technology adoption around
the world are leading to ever higher energy consumption. The ben-
efits of electrification are enormous, but the growing demand also
comes with challenges with respect to associated greenhouse gas
emissions. Although continuing progress in energy research has
brought up new technologies in energy generation, storage, and dis-
tribution, most of those technologies focus on increasing efficiency
of individual components. Work on integration and coordination
abilities between individual components in micro-grids will lead to
further improvements and gains in efficiency that are necessary to
reduce carbon footprints and slow down climate change. To this
end, the CityLearn environment provides a simulation framework
that allows the control of energy components in buildings that are
organized in districts. In this paper, we propose an energy manage-
ment system based on the decentralized actor-critic reinforcement
learning algorithm𝑀𝐴𝑅𝐿𝐼𝑆𝐴 but integrate a centralized critic and
call it 𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 . In this way, we are training a model to
autonomously control the energy storage of individual buildings
in a CityLearn district to improve demand response guided by a
better informed training signal. We show performance increases
over baseline control techniques for a district but also discuss the
resulting action selection for individual buildings.
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1 INTRODUCTION
The energy grids of the past have been built based on the assump-
tion of centralized energy generation and storage. The centralized
approach has led to a grid utilization that closely follows the current
energy demand of an area with high energy peaks during high de-
mand times and very low utilization, for example, during the night.
In this classical setup, a common approach to lower demand has
been the introduction of multi-tariff charging schemes [2], which
only slightly alleviated the problem. Despite these efforts, the over-
all increase in energy demand over the last years, a trend which will
continue in the future, has led to rising stress on the existing energy
infrastructure which in turn led to undesirable outcomes such as
power outages through failure of infrastructure components.

On the other hand, technological advancements are leading the
way to integrate more decentralized components where generation,
storage, and consumption can happen in the same region of the
grid. These new abilities and the advent of smart grids enable the
development of power grids that can help reduce peak loads and bet-
ter balance demand throughout the day. Smart grids leverage data
about infrastructure and consumer behavior to improve efficiency,
reliability, and sustainability of energy production and distribution
[3]. Exploratory research already shows that the key to dealing
with peak demand is directly related to the smart management of
energy infrastructure components and consumer coordination [8].

Recently, we can see increasing interest in simulation frame-
works that can deal with distributed energy resources (DER) such
as GridDyn [11], HELICS [17], or OptGrid [4]. Those frameworks
are high-fidelity simulations and require high performance com-
putational resources making them unsuitable for lower budget
research facilities or university research. In Figure 1, we show the
training setup of a much simpler framework. It shows the general
interactions in the CityLearn [26] environment, which offers an
easy to use OpenAI Gym [5] interface for the implementation of
Multi-Agent Reinforcement Learning (MARL) [6, 30]. CityLearn
was created with the goal of supporting research and development
of methods and approaches to optimize energy usage and reduce
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Figure 1: In the CityLearn environment [26], the user can
control a number 𝑛 of agents in centralized or decentralized
manner and allow communication between agents. Each
agent controls the energy storage devices of one building.

peak demand. To that end, it provides a realistic simulator with con-
venient entry-points to develop machine learning-based agents for
controlling energy storage and utilization in buildings. Buildings
are organized in districts and each agent controls the associated
energy storage systems for a building such as electric batteries,
domestic hot water (DHW) storage, and chilled water (for sensible
cooling and dehumidification). The available scenarios include mod-
els of air-to-water heat pumps, electric heaters, solar photovoltaic
arrays, and the pre-computed energy loads of the buildings, which
include space cooling, dehumidification, appliances, DHW, and so-
lar generation. The agents can observe current demand, state of
charge of storage devices, time of day, and environmental variables
such as forecasts for temperature, solar radiation, and humidity, to
help predict demand and generation for the next hours.

The control problem in energy grids has been investigated from
different optimization perspectives [1, 16, 22, 25] as well as a Rein-
forcement Learning (RL) task [19, 21, 29]. Here, we focus our efforts
on the use of RL algorithms to coordinate the demand response
of a given district and make comparisons between centralized and
decentralized approaches. In realistic scenarios, apart from differ-
ences in building setup and available energy devices, demand and
generation are often dependent on weather or other external fac-
tors, making it a non-trivial task to predict any future demand even
for individual agents. Moreover, in practice, it is often not desirable
or possible that agents share much information continuously with
their neighbours (which in commercial settings could be competi-
tors) so that the decision making is often based only on partial
information about the system.

2 BACKGROUND
Control and decision making problems can often be represented
as Markov Decision Processes (MDP) [20]. An MDP is defined by a
tuple ⟨𝑆,𝐴,𝑇 , 𝑅,𝛾⟩ where 𝑆 is the set of possible states, 𝐴 is the set
of available actions, 𝑇 : 𝑆 ×𝐴 × 𝑆 → [0, 1] is a transition function
providing a probability of observing a follow-up state 𝑠 ′ after taking
action 𝑎 in state 𝑠 , and 𝑅 : 𝑆 → R is a reward function providing a
reward after reaching a state 𝑠 , and 𝛾 → [0, 1] is a discount factor
for future rewards. In learning problems,𝑇 and 𝑅 are unknown and
agents need to learn from their experience collected as samples of
⟨𝑠, 𝑎, 𝑟, 𝑠 ′⟩, where 𝑟 is the reward observed after applying 𝑎 in 𝑠 and
reaching follow-up state 𝑠 ′. Many approaches to solve MDPs are

described in the field of RL [23], where an agent explores different
strategies in a given environment, receives a feedback on its actions,
and learns a behavior policy from its observations. The agent’s goal
is to find an optimal policy 𝜋∗ (𝑠), that provides the best action in
any state 𝑠 . RL has been shown to successfully solve challenging
domains such as Atari game play [9, 15], electric vehicle charging
[18], and building energy management [14].

Even though it is possible to use single agent approaches in the
CityLearn scenarios, real-world constraints often permit a central-
ized controller for a whole district because buildings have individual
owners and are hesitant to share all available information. A more
fitting approach would be to place it in a multi-agent scenario, mod-
eling each building as an individual agent that has the ability to
share some information with other agents through collaboration to
achieve optimal results on a global level (in a given district).

In that case, the MDP becomes a Stochastic Game (SG) [12] with
an extended set of actions 𝐴𝑖 for all agents 𝑖 = 1, ..., 𝑛 in the en-
vironment. Notably, all actions now form the joint action vector
𝒖 = {𝑎0, ..., 𝑎𝑛} and the transition function is dependent on this
joint action. Solution approaches to this kind of problems are of-
ten described in the field of Multi-Agent Reinforcement Learning
(MARL) [7, 24]. Here, we leverage the MARLISA model [27] as a
starting point for our approach.

MARLISA is a multi-agent algorithm specifically developed for
the building energy management control problem modeled in City
Learn, where each agent controls a single building in a given district.
The coordination between agents is achieved through an interactive
action selection process. At each turn a central controller randomly
selects an order for all buildings in a district. In this order, each
agent selects an action without performing it, predicts the expected
energy demand of the building if that action is applied, and then
transmits this information to the next agent. The next agent follows
the same procedure and transmits the cumulative demand to the
next agent and so on. This is repeated for several rounds before the
joint action is applied to the system.

The learning process for the action selection is carried out by
a Soft Actor-Critic (SAC) algorithm [10], where each agent learns
their own actor and critic separately. SAC optimizes a stochastic
policy in an off-policy way sampling from past experiences. The
optimization works by following an objective that maximizes an
expected reward but also the entropy of the policy. This incentivizes
the policy to explore more widely and the stochastic nature offers
more flexibility for acting when actions seem to have similar reward
expectations leading to improved sample efficiency during learning
while increasing robustness and stability of the learning curve.

3 DECENTRALIZED ACTOR, CENTRALIZED
CRITIC

In earlier work, Lowe et al. [13] propose multi-agent deep determin-
istic policy gradient (MADDPG), an approach to the multi-agent
domain based on the actor-critic framework for mixed cooperative-
competitive environments. This algorithm is based on the assump-
tion of a decentralized actor and a centralized critic and allows
agents to learn under the condition that they can only use local
information for the action selection and without the need for any
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Figure 2: The graphs show the normalized cost for the total
training period and for only the last year for a random ap-
proach, the original𝑀𝐴𝑅𝐿𝐼𝑆𝐴, and our𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 .

particular communication method between agents. The decentral-
ized actor is then able to act independently and does not need any
communication after training. The centralized critic on the other
hand is needed only during training but instead of local obser-
vations it uses the full state for training that is not available for
individual agents (actors).

As we are allowing communication between agents, this setup is
suitable for the CityLearn environment. Inspired by this approach,
we here propose a slight change to the 𝑀𝐴𝑅𝐿𝐼𝑆𝐴 algorithm by
combining it with the idea of a decentralized actor and a centralized
critic. For this paper, we keep𝑀𝐴𝑅𝐿𝐼𝑆𝐴’s leader-follower approach
to augment the agent’s observation with information about the
district demand, but future work might make this communication
intensive step unnecessary. As the actor input remains the same, we
change the input of the critic to reflect all buildings in the district.
Specifically, we use the information about the non-shiftable load,
the net electricity consumption, the cooling storage state of charge
(SOC), the DHW storage SOC, the electrical storage SOC, and the
solar generation rate for each building. We name the resulting
algorithm𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 .

4 EXPERIMENTAL EVALUATION
We conduct our preliminary experiments in the CityLearn envi-
ronment and provide a simple comparison between𝑀𝐴𝑅𝐿𝐼𝑆𝐴 and
𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 and a random agent as a baseline. The scenario
is based on the task for the 2021 CityLearn Challenge [28] where
agents control the energy storage of each building in a district of
9 buildings simulated on an hourly time-scale for a period of 4
years. The environmental data is modeled through a given climate
zone and the setup of the buildings is predefined by the environ-
ment. Each agent controls the SOC for domestic hot water, chilled
water, and electrical storage available in a building through 3 ac-
tion variables. The objective of controlling the grid response is a
coordination challenge, so a good solution depends on the joint
actions of all agents. The reward function is based on the original
𝑀𝐴𝑅𝐿𝐼𝑆𝐴 implementation [27] and considers the individual net
electricity consumption and the total net electricity demand of the
entire district.

Figure 3: Learned action selection of each building for
𝑀𝐴𝑅𝐿𝐼𝑆𝐴 (left) and 𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 (right) overlayed by the
resulting demand curve for a typical work day.
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Figure 4: In this graph we can see the district demand for two consecutive days in a typical work week in the final year of the
training process. The horizontal lines are the respective mean values for each approach.

In Figure 2 we show the results of a random agent, a𝑀𝐴𝑅𝐿𝐼𝑆𝐴

agent, and a 𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 agent in terms of a normalized cost
with respect to a rule-based controller (RBC) over 8 metrics: load
factor, average daily demand peak, carbon emissions, coordination
score, net electricity consumption, overall peak demand, ramping
factor, and a total metric combining the previous ones. The RBC and
the metrics are provided by the CityLearn environment. Results are
shown for the whole 4-year training process (left) and only for the
last year (right), where a lower bar indicates a better performance.
We can see that the random agent performs poorly in most metrics,
but surprisingly this seems to have little impact on the carbon
emissions and overall net electricity consumption. The other two
agents both perform much better and have very similar scores
across all metrics. 𝑀𝐴𝑅𝐿𝐼𝑆𝐴 performs better for the load factor
and the average daily peak demand while 𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 has a
small advantage in the other metrics but a distinctive advantage in
ramping. For both algorithms we can also see an improvement in
the last year as the agents have learned better actions over time.

In Figure 3, we can see the actual learned policy of a𝑀𝐴𝑅𝐿𝐼𝑆𝐴

and a 𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 agent in the last year of training for a ran-
domly selected day. The figure shows two graphs for each building,
one for each algorithm. In each graph, we can see a barplot show-
ing the action value for each of the 3 actions at 1 hour intervals
in the range of −0.5 to 0.5 overlayed by the resulting building de-
mand curve as a red line. As we can see, the demand curves are
very similar but the ones for𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 are smoother in gen-
eral. The action values seem to differ more, as𝑀𝐴𝑅𝐿𝐼𝑆𝐴 seems to
be more alternating between positive and negative values while
𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 has dominantly negative values. This last obser-
vation is somehow surprising as it seems there is little charging
of the available storage involved on that particular day which will
require further investigation in future work.

Figure 4 shows the energy demand of the whole district over two
consecutive days. The curves present the actual values and the cor-
responding horizontal lines show the averages over the observation
time. The dotted line provides the baseline of the energy demand

of the district considering no storage and no power generation
through solar energy. The second baseline is the demand curve if
the agents were controlled by a random agent. Even though the
agent uses the available storage randomly and has the highest peak
loads, it still shows a reduced average demand compared to the no
control baseline. We can then observe the curves for𝑀𝐴𝑅𝐿𝐼𝑆𝐴 and
a𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 that show very similar behavior as expected. The
difference again is a smoother curve for 𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 and the
higher peak for𝑀𝐴𝑅𝐿𝐼𝑆𝐴. It also supports the findings from Figure
2 as we see the average demand is clearly lower for𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 ,
almost halving the demand compared to the original baseline with-
out control.

5 CONCLUSION
Coordinating and optimizing energy grid utilization is a challenging
task of high importance to deal with the continuing increase in en-
ergy demand and to reduce energy-related emissions. In this paper,
we proposed a new algorithm, 𝑀𝐴𝑅𝐿𝐼𝑆𝐴𝐷𝐴𝐶𝐶 , which leverages a
decentralized actor, centralized critic architecture to facilitate learn-
ing coordinated energy demand response strategies and discussed
results on a building as well as a district level in the CityLearn en-
vironment. In addition to outperforming existing baselines, we also
took first steps to make learned control policies more transparent.
To that end, we explored new evaluation aspects by visualizing
individual action decisions on a building level to gain deeper in-
sights into learned strategies and to support the development of
new algorithms. Even though this is a work in progress and we
report only preliminary results here, we are confident that this will
serve as a base for future work to improve algorithm development
and analysis.
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