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Decentralized Multi-Agent Multi-Armed Bandits for
Smart Electric Vehicles Charging

Abstract

Smart charging of electrical vehicles can help in avoiding congestion and peak
load demands in an electrical distribution network. On the consumer’s side, the
advantage lies in minimizing the daily charging cost. He may also benefit from
cheap photovoltaic electricity from local sources and therefore reduce his envi-
ronmental impact. However, this cheaper electricity is variable and uncertain.
In many research works, this has been formulated and solved as a centralized
or hierarchical optimization problem. However, such systems may suffer from
lack of scalability, single point of failures, and privacy breaches. We propose
a fully decentralized and fair multi-agent system combined with reinforcement
learning called “Decentralised multi-armed bandit (2-armed bandit) based on
Thompson sampling”(D-MAB2AB-TS) to control the charging of electrical ve-
hicles under uncertainties. The problem under consideration is formulated as a
two-armed bandit (charging or not) for each instant. The proposed algorithm,
based on Thompson Sampling, takes into account the uncertainties in the choice
of arms combination of other players. The proposed algorithm finds the best
combination of arms to play with a computational complexity O(m) linear with
the number of arms. The suggested system is also model-free, as it does not
assume the model of the environment to be perfectly known, which is a common
assumption in many of the existing centralized optimization strategies for smart
charging.
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1. Introduction

In recent years, a drastic increase in the adoption of electric vehicles (EVs)
and photovoltaics (PVs) has been observed. This massive deployment of EVs
and PVs can help to achieve targets in reducing greenhouse gas emissions. On
the other hand, it may introduce new challenges such as network congestion
and increased peak load demand at certain hours of the day on the existing
electrical networks, which were not designed for this purpose. Also, the PV
production is intermittent and uncertain [1]. These challenges could compromise
the stability of the networks and the supply of electricity to the consumers.
Grid reinforcement solutions can help tackle these challenges, but they may



come with higher network investment costs. A popular alternative is to control
the charging of these EVs in real-time. This requires the synergy of different
electricity market actors at different levels as the constraints of each actor must
be satisfied. The distribution system operator (DSO) is responsible for the
stability of the electrical distribution network, which is a global constraint.
Also, each consumer would want its EV to be sufficiently charged at the time
of its departure, which is a local constraint. Moreover, each of the consumers
has an objective to minimize the total cost of charging the EV by exploiting
dynamic electricity pricing during the day.

A wide range of solutions has been proposed in the literature to solve this
optimization problem and can be classified as centralized, hierarchical, or de-
centralized [2]. The relatively simpler approach is to design a single node that
gathers the information from all consumers, performs centralized optimization
with this data, and sets the charging power of each consumer’s EV according
to the optimization results [3]. This approach has been used in [4, 5, 6] for
smart charging of the EVs. Such systems are relatively easy to design, but
this optimization approach is not scalable with large-scale electrical networks,
not to mention their incompatibility with their real-time operation. Also, this
approach raises concerns regarding privacy as a single operator may require
to know private information such as arrival time, energy demand, etc. . These
challenges are tackled in [7, 8, 9, 10, 11] by incorporating the philosophy of multi-
agents in the system design to perform smart grid operations. These solutions
are hierarchical in nature and tackle the challenge of scalability by dividing the
optimization problem under study into smaller sub-optimization problems [12].
These systems may control a large-scale electrical network in real-time, but they
can still suffer from other challenges such as a potential single point of failure in
the system, and more importantly, concerns related to the data privacy of each
consumer [13, 14]. Furthermore, in most such cases, an accurate model of the
environment is assumed to be known, which is not always the case for electrical
distribution networks. In summary, centralized and hierarchical approaches are
unsuitable to solve large-scale problems such as on the one considered in this
paper, and which focuses on the smart charging on large-scale EV fleets under
grid constraints. However, decentralizing the system is a way to remove the
mentioned drawbacks. A decentralized smart charging system can be scalable,
and operate in real-time. It can also eliminate the possibility of a single point
of failure, and may render privacy breaches more difficult [15].

In the past decades, a number of decentralized algorithms have emerged
based on deep learning and reinforcement learning (RL). Although deep learn-
ing approaches usually proves superior performance for prediction tasks, it is
notoriously less efficient than reinforcement learning for decision-making tasks
under uncertainty [16, 17|, especially when the situations faced by the sys-
tem have not all been included in the training set. In the particular case of
decision-making under uncertainty, reinforcement learning is therefore the tool
of choice (potentially combined with deep learning to give deep reinforcement
learning). In recent years, decentralized algorithms applied to the management
of electrical distribution networks using reinforcement learning (RL) have been



proposed [18, 19, 20, 21, 22, 23|. In reinforcement learning, an agent interacts
with an environment and learns to make decisions under uncertain scenarios.
The agent makes an action according to the present state of the environment.
This action changes the state of the environment, and the agent receives a re-
ward from the environment. The goal of the agent is to maximize the running
total of this observed reward [24].

Many research works have considered reinforcement learning for optimizing
the energy management in power systems [25, 26, 27]. For instance, a decen-
tralized multi-agent system is presented in [25] for the coordination of battery
energy storage systems. The system in [25] uses Q-learning with neural net-
works as function approximators (Deep Q-Network (DQN) learning). While
such RL algorithms may work well to optimize the studied cost function, the
inclusion of multi-level (global and local) constraints can still be a difficult task,
as unlike computer games, in most practical smart grid applications [28], there
is no known oracle that can evaluate the performance of an action. In gen-
eral, modeling a reward function that would direct the agent’s policy towards
a constraint-satisfying optimal policy is a difficult task, particularly in complex
smart grid applications [28]. If the agent is learning through online interactions,
then the total cost of the agent is directly linked to the number of samples re-
quired to find the constraint-satisfying optimal policy. Also, recent studies have
shown that poor design choices can lead to non-optimal representation learn-
ing [29, 30]. Approaches such as Q-learning with function approximation can
indeed suffer from over /under-estimation, instability, and even divergence due to
the delusional bias in learning [31]. Surveys [26, 27| highlighted the vast number
of studies performed on smart grid applications, and in particular EV charg-
ing, based on reinforcement learning (Q-learning, deep reinforcement learning,
batched reinforcement learning, W-learning, State-Action-Reward-State-Action
(SARSA), etc.). However, it is shown that multi-agent reinforcement learning
methods based on Markov-decision processes (which are almost exclusively con-
sidered in the previously mentioned works) become intractable on large instances
[27, 32]. Hence, these methods are not suitable for the energy management of
large-scale EV fleets.

Unlike these previous approaches presenting obstacles rendering them un-
suitable for solving our problem, there exists a subclass of reinforcement learn-
ing, called multi-armed bandits (MAB), where an agent tries to tackle the
exploration-exploitation dilemma by finding the optimal arm (action offering
the highest reward) through exploration [33] and that presents an interesting
scalabilty potential [34]. Its key difference from standard RL is that the agent
receives a reward based on the selected action only and not on the past sequence
of actions. Also, there are no state transitions in multi-armed bandits problems.
This simplicity allows multi-armed bandits to converge faster to the optimal so-
lution (compared to DQN or Q-learning), when the considered problem can be
formulated as a bandit problem. This constitutes a significant advantage in the
context of pure online learning for smart grid applications, i.e. where an oracle
that outputs the outcome of an action is not always available.

Bandits have been widely studied for communication management in mod-



ern communication networks, which presents similarities with the problem of
energy management in smart grids [35, 36, 37, 38, 34]. Bandits have also found
applications in the healthcare and e-commerce sectors [39, 40]. In [41, 42],
smart charging strategies using multi-armed bandits have also been suggested.
However, the architecture of both systems is not completely decentralized. In
[35, 36], the authors have proposed multi-armed bandits in a fully decentralized
approach for optimizing communication in Internet of Things (IoT) networks.
A bandit algorithm is run on each agent for choosing the best channel. The
authors report excellent results in practice [35, 36, 37, 38]. More specifically,
the Thompson sampling algorithm has been shown to be asymptotically optimal
under a stationary setting, and to work well in practice [43, 44].

In summary, multi-armed bandits based on Thompson sampling seem rel-
evant for addressing the problem considered here. In this paper, we use and
extend this approach in the context of smart charging [45]. Each EV is an
agent that selfishly tries to optimize its charging during each day. In order to
plan the charging during the day, the agent selects the time slots where it is
going to charge. We model this selection of time slots as several independent
bandit problems, with one bandit tackling a single problem associated to one
time slot. Hence, for each day, a combination of arms is played. Each arm is
selected based on its estimated reward and updated based on the reward ac-
tually obtained from the environment. The objective of each agent is to find
the best combination of arms that maximizes its cumulative daily reward while
satisfying the constraints.

1.1. Contributions

To the best of our knowledge, this paper is the first to propose a decentralized
multi-agent smart charging system that uses the concepts of multi-agent multi-
armed bandits based on Thompson sampling. The main contributions of this
paper are summarized as follows:

1. A decentralized multi-agent system using 2-armed bandits with Thomp-
son Sampling is proposed to control the charging of electrical vehicles
and called “Decentralised multi-armed bandit (2-armed bandit) based on
Thompson sampling” (D-MAB2AB-TS).

2. A comparative analysis with algorithms “Exponential Weights for Explo-
ration and Exploitation” (EXP3) and “Upper Confidence Bound” (UCB)
is performed.

The presented algorithm is decentralized as well as scalable. It is indeed
shown that each agent can calculate the current best estimate of the combination
of arms to play in a computational complexity O(m), where m is the number
of base arms. The proposed algorithm takes into account the uncertainties in
the choice of super arms of other players and in local and cheap PV electricity
production. Also, the system operates in real-time and ensures fairness among
all participating agents. The proposed methodology is meant to be generic and
so, the presented system is adaptable, i.e., it can also be used to control other
elements in electrical distribution networks, such as household appliances.



It is shown through experimental evaluations that the proposed decentralized
multi-agent system outperforms the basic charging strategy of electrical vehicles
and produces near-optimal solutions under the mentioned uncertainties.

2. Preliminaries

Based on the observations detailed in the Introduction section, multi-armed
bandits were selected for solving the problem presented in this paper. In par-
ticular, the Thompson sampling algorithm was selected. This section provides
brief explanations of these concepts.

2.1. Multi-Armed Bandits

The combinatorial problem associated with smart charging consists in choos-
ing K instants in a set of m instants. In this paper, we selected independent
bandits for each instant to address this combinatorial problem, at a first stage,
for the sake of computing speed. Each arm 4 € [m] is associated with a random
variable X;; for 1 <4 < m and ¢t > 1. Variable X, represents the random
outcome of the i-th arm in its ¢-th trial. This random variable X; . is inde-
pendent and identically distributed according to some unknown distribution D;
with unknown expectation ;.

In our formulation of the problem, each EV agent selects a set of arms
St € §, where S is the set of all possible arms, and which represents the charging
instants. During each round ¢ of the bandit problem, the agent selects a set of
arms S; € S. The environment provides feedback (rewards) to the agent based
on the selected arms 7 in the arms combination S;.

The feedback obtained by the agent from the environment can be of different
types: full information feedback, when the agent observes the outcomes of all
m arms; bandit feedback, when the agent observes an aggregated reward based
on the played arms combination S;; and semi-bandit feedback, when the player
observes the rewards of the played ¢ € S, base arms only. In our proposed
system, semi-bandit feedback is considered which is a realistic assumption: a
consumer can only observe the reward of its played actions. Then, the ¢-th round
observed reward r(S;) is a function of the played arms combination Sy and the
observed feedback X, = {X;, | i € S;}. This reward r(S;) can simply be the
sum of the played base arms’ feedback, ), s, Xi,t, or other non-linear reward
functions can be modeled depending on the multi-armed bandits problem. The
goal of the agent is to minimize its pseudo-regret over T rounds as shown in
Equation (1):

R(T) = TE[r(S*)] = > E[r(S,)] (1)

where the optimal arms combination is defined as S* = arg max E[r(S5)].
€



2.2. Thompson Sampling

Thompson Sampling (TS) is a natural randomized Bayesian algorithm to
tackle the exploration-exploitation dilemma in multi-armed bandits problems.
In each round, the algorithm selects an arm a out of a set of available arms A to
play (based on its probability of being the optimal arm), and observes its cor-
responding reward r. A parametric likelihood function P(r|a,#), parameterized
by an unknown vector #, is used to model the history H of past observations
(as,ri). The uncertainty about 6 is expressed by a prior distribution P(6). An
initial belief is updated by calculating the posterior distribution using the Bayes
rule, P(0|H) o P(H|0)P(0).

In contrast to frequentist learning, in Thompson Sampling, the player forms
its beliefs in each round by sampling 6 from the posterior distribution P(0|H)

of the previous round and chooses an action @ that maximizes E |r|a,f|. The

action & is selected with the probability shown in Equation (2):
/11 [Ema,a] — maxE[r|d’, ]| P(6|H) do 2)
9 af

where I is the indicator function. A visual representation of Thompson
sampling with Gaussian priors (parameterized by 6) is shown in Figure 1. The
player has to find the best action among the 3 available actions, i.e., A =
{1,2,3}. Term n; for 1 < i < 3, represents the number of times i-th action has
been selected. The player starts (round 0 in Figure 1) with a high variance in
its beliefs (which motivates the agent to do exploration), asn; =0V 1 <4 < 3.
This variance decreases as the number of observations increases for each action.
Based on the observed reward r for the selected action a, the player forms the
Gaussian posterior by Bayes rule shown in Equation (3) as:

(n42) N
P(|r) oce™ 7 (0= int))’ (3)
where n is the number of times an action has been played and i, 11 = ”n“i_f

is the empirical average of n + 1 samples. The right-hand side in Equation 3
is proportional to the probability density function of a normal distribution,
N (i1, %H) After 100 observations in the given example, the expected return
of each arm is better known (low variance in the estimations). Following this,
the agent can exploit this information by picking the action with the highest
expected reward value, to minimize its regret. Although Thompson sampling
with Gaussian priors is described here, other types of priors can also be used
depending on the studied problem [46].

In the multi-armed bandits setting with semi-bandit feedback, the agent
holds a set of prior beliefs parameterized by 6 for each base arm, [P] = {P(6;)|i €
[m]}. The agent selects the arms combinations S; that maximizes E[r(S;)]. The
posterior for each played base arm is calculated using the Bayes rule, based on
the observed feedback.
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Figure 1: Thompson Sampling example with 3 base arms (a) Beliefs at the beginning of
learning (b) Beliefs after 100 rounds of learning

3. Multi-armed Bandits for Smart Charging

3.1. Problem Description

The introduction of EVs in previously designed electrical distribution net-
works can cause congestion in the network during peak load hours as shown in
Figure 2(a), for an example residential network. The electrical current drawn
by the network goes beyond its rated value during later hours of the day when
the majority of EV owners come back home and plug EVs for charging (ba-
sic charging), while the consumption of other loads (e.g. cooking appliances,
etc.) is also at its peak. Electric vehicles owners can receive incentives through
dynamic electricity pricing to avoid charging during peak load hours (dynamic
price-based charging). But this could also lead to a severe congestion if all EVs
would be charging during the lowest electricity price instants to minimize their
cost of charging i.e., the avalanche effect [47], as shown in Figure 2(b). Further-
more, EVs may also benefit from cheaper or even free electricity generated from
local sources (e.g. as in an energy community) such as PV, but this cheaper PV
electricity production is variable and uncertain [1]. In this paper, we consider
that free electricity may be obtained from local PV panels. The corresponding
optimization problem is composed of an objective with a set of constraints:

e An objective to minimize the daily cost of charging, which can be done
by learning the trend of free electricity from local PV in order to adjust
the charging schedule to this production, and by completing the charge
with electricity from the external network during cheap electricity price
instants. Fairness among EV agents should be kept in mind as well.

e A set of constraints which includes the avoidance of congestion in the
electrical distribution network (global constraint) and the satisfaction of
mobility constraints, (i.e. EV battery sufficiently charged before depar-
ture), which represents a local constraint.

The graphs shown in Figure 2 correspond to the case study described later in
in more details in the experimental evaluation section.



(a) Basic charging (b) Dynamic price-based charging

Electrical current Electrical current
Rated current Rated current
Electricity price

Electrical current (kA)
Electrical current (kA

0 5 10 15 20 0 5 10 15 20
Hour of the day Hour of the day

Figure 2: Thompson sampling example figure with 3 arms (before and after learning) indi-
cating the total load current in the network transformer for (a) Basic charging (b) Dynamic
price-based charging

8.2. Multi-agent 2-Armed Bandits Formulation

In the proposed approach, each EV is defined as an agent which includes
m 2-armed bandits (one per instant of the day). For the sake of simplicity, no
subscript will be used to characterize the bandits with respect to the EV to
which they belong. However, it is important to emphasize that all EVs have
independent bandits.

There is also a congestion management agent in the system. As a part of the
environment, this latter agent rewards each of the EV agents based on the EV
agent’s action and the instantaneous electrical current drawn by the network.
The learning objective of each EV agent is to minimize its daily charging cost
while the goal of the congestion management agent is to make sure that the
electrical distribution network is not congested.

Each day d is divided into m € [m] = {1, 2,3, ...,m} equally spaced instants.
Each instant ¢ € [m] acts as a arm in this multi-armed bandits formulation and
is associated with a normalized electricity cost c(i) € [0,1]. Let Sq € {0,1}™
be the set of selected instants (i.e. the combination of arms) on day d by the
EV agent, where S; 4 = 1 means that the instant ¢ € [m] is selected by the
EV agent for charging from the grid on day d and S; 4 = 0 means that the
i-th instant on day d is not selected by the EV agent to charge from the grid.
This formulation is referred to as a 2-armed bandits formulation because the
action space consists of two actions A = {0,1}, and the EV agent makes a
binary decision of selecting (or not selecting) each arm i € [m] to construct
the combination of arms Sy on the day d. This corresponds to the EV agent
deciding when to charge at its rated power (and when not to charge) from the
grid, out of all available instances [m] during the day d.

The daily reward of the EV agent is the sum of the observed rewards through
semi-bandit feedback for each selected charging instant ¢ € [m] during the day
d.

The daily reward 74 is expressed as the sum of all individual rewards obtained
by each arm during a given day d as shown in Equation (4):



M
ra(Sa) = Z k; x Rew() (4)
i=1

where k; is a binary variable indicated whether arm k was selected or not to
be played for day d, M is the number of arms (equal to the number of instants
during the day) and Rew(4) is the individual reward obtained by arm k if it is
played.

The vector of estimated average rewards g for all arms is expressed as =
[ém], where 6,, represents the estimated average reward for arm m. The actual
selection of a given arm 7 depends on its estimated average reward 91 The
goal of each EV agent is to learn the unknown vector . The agent improves
its estimation @ of 6 after each interaction with the environment, as detailed in
Algorithm 1.

3.2.1. Definition 1 (optimal policy ).
The optimal policy 7 is obtained by the agent when 6 € R™ is known. The
optimal policy 7 will play the combination of arms shown in Equation (5):

S* = 5160 =VYm e 5
arg max Sg m € [m] (5)

To put simply, the EV agent would select the combination of arms consisting
of K (0 < K < m) number of arms (charging instants) during the day d, which
would provide the maximum reward to the agent.

3.2.2. Definition 2 (pseudo-regret).
The pseudo-regret of the agent after D days of learning can be expressed as
shown in Equation (6):

D D
E[R(D)] = Y E[r(5")] = Y_Elra(S4)]
d=1 d=1
b b (6)
=5"5"0-Y 570
d=1 d=1

where E[r(.)] comes from Equation 4, 04 is the estimated vector on day d,
and S* is given by Equation 5.

The vector of unknowns 6 is learned by the agent using Thompson sampling
[48]. The agent holds a prior distribution belief (normal distribution) for each
element of §. The agent plays the combinations of arms Sy, consisting of K € [m)
arms. After day d is finished, the beliefs of the played K € [m] arms are updated
according to the observed set of rewards.

In the studied problem, there are two sources of uncertainty. As the pro-
posed system is fully decentralized, from each EV agent’s point of view, there
is uncertainty in the choice of combination of arms of other agents. As other



agents are learning as well, this uncertainty is a non-stationary random vari-
able. This uncertainty is addressed using Thompson Sampling [35, 36], which
provides excellent experimental performances in practice, despite the fact that
the original setting of Thompson sampling assumes stationary rewards while
the learning of other agents makes the rewards non-stationary. This leads to
the loss of theoretical guarantees as the original setting is not respected.

The other source of uncertainty is the “free” electricity production by local
PV (e.g. if shared as part of the collective self-consumption operation). It is
essential to learn this parameter because the number K of selected arms (EV
charging instants from the grid) for the day d depends on this PV production
during the day d. This information is learned using Bayesian learning. Bayesian
learning is a simple tool compared to more sophisticated forecasting tools avail-
able nowadays. However, as the scope of this paper is on energy communities
which may not have access to such sophisticated tools, more simple tools were
considered to analyze the performance of our proposed algorithm. Let ¢ € R™
be the vector of length m representing the free PV electricity production value
during each instant in [m]. In the beginning, the EV agent has no information
regarding the magnitude and the trend followed by this free PV production
during each day. It receives the instantaneous production information from the
PV sensor and based on this information the agent updates its estimate of qu,
using the Bayesian learning approach. Indeed through this approach, the agent
learns the average value of the magnitude and the trend followed by the free PV
production. As it will be shown later in the experimental evaluation section,
this improves the performance of the agent significantly compared to the case
when the agent has no estimate of the free PV electricity production. Further-
more, PV electricity production information without any uncertainty is required
in the centralized approach to produce the theoretical optimal solution for each
day. This would require a perfect forecaster for high-resolution PV forecasting,
which is an extremely challenging and resource-intensive task because of the
high variability and uncertainty in PV electricity production [49].

The total number of arms to be selected K, for day d can be calculated in
Equation (7):

o [ 09Buat(SoCs = SoCy) Siderart g, o
D([m]z)PmamU Pmarn

where [.] is the ceiling function, Ej,; is the battery capacity of the EV, tgqrt
is the arrival time of the EV, t4epars is the departure time of the EV, SoC is the
state of charge of the EV’s battery at the time of its arrival, SoC' is the state of
charge of the EV’s battery at the time of its departure, P4, is the maximum
charging power of the EV, 7 is the charging efficiency of the EV, and ngS,' is the
estimated free PV electricity during the ¢-th instant. The idea is that the EV
agent subtracts the estimated total free PV electricity production value during
its connection time from the total energy it requires during the day to attain
the desired final state-of-charge SoCs. Based on this information the EV agent
can select the arms i € [m] 3 tspart < @ < tgepart. To make the system adaptable

10



to changes in real-time, the EV agent is allowed to update its selection of arms
combination Sy during the day as well. Let k, be the total number of instants
EV has already charged till the instant v 5 0 < v < m during the day and
k¢ is the number of instants EV still has to charge to attain SoC during this
day. Then after every passing instant the EV agent can calculate the remaining
number of instants ks as shown in Equation (8):

=Kk (8)

Based on this information the EV agent can pick ky number of arms (charg-
ing instants) from the remaining instants of the day, i.e., ||Sq||1 = k;. Here,
[|S4]|1 is the number of arms in the combination of arms S;. The selected arms
would be i € [m] 2 u < < tgepart-

3.2.8. Reward Function:

The feedback from the environment is a reward value. This value is de-
termined by the congestion management agent in the environment and it is a
function of the instantaneous electrical current drawn by the network and the
instantaneous electricity price.

8.8. Congestion Model

The congestion model (working of the congestion management agent) is de-
scribed in Algorithm 1. Let [E] = {1,2,3, ..., E} be the set of E number of EV
agents that have selected the i-th arm. Let [X] ~ U(0, E) be the set of uni-
formly picked (without replacement) maximum number of EV agents from [E]
that can charge simultaneously at the i-th instant without causing congestion in
the system. Then the reward obtained by each EV agent e € [E] is summarized
in Equation (9):

L= i) it I(i) < Trated
Rew(i) =1~ c(i) i 1(3) > Lrapea & ¢ € [X] ~ U(0,E)  (9)
-1 lfI(l) > Irated &6% [X] NU(OaE)

where I(7) is the instantaneous electrical current of the transformer, I,.qteq
is its rated electrical current value and c(i) is the electricity price at the i-
th instant of the day. Fairness is ensured through uniform sampling (without
replacement). In this setting, every agent e € [E] holds the probability % of
getting picked to receive the “good” reward. The agents receiving the “poor”
reward would try to explore other arms to minimize their regrets.

It is important to note that congestion may occur, as the congestion penalty
is included as a soft constraint in the reward, as usually done in many works on
this topic. It is expected that congestions may occur frequently in the training
phase, which can be performed through simulations. The deployment in real-life
may be carried once the model is trained and avoids congestions. Alternatively,
the number of EVs being trained simultaneously in real-life may be limited.

11



8.4. Multi-agent 2-Armed Bandits Algorithm

The functioning of the proposed decentralized multi-agent 2-armed bandits
with Thompson Sampling (D-MAB2AB-TS) algorithm for each EV agent is
described in Algorithm 2.

The agent plays the combination of arms Sy based on the estimated values
of these parameters, and obtains instantaneous rewards. At the end of the
day, the agent updates its estimates of the unknown parameter 0, and variance
U,% based on the observed data. Photovoltaic power estimation is based on a
relatively simple method (see Equations (16)-(18) of Algorithm 1). It is assumed
to be representative of simple tools to be used in energy communities, while
constituting a worst-case scenarios for other cases.

Algorithm 1 D-MAB2AB-TS (EV Agent)

Input: 0 :=0,,,02 := 1,,, Np(0) := 0, by, := 0,05 = 1y, Ngi(0) := 0
1: ford=1,2,3,... do
2: Sample estimated values for each intra-day instant ¢:

3: G:tN./\/'(ét,Utz)
4: on NN(%’U;,:)
5: Calculate K using Equation (7)
6: fori=1,2,3,....m VY tsart <@ < tgepart do
7: Calculate k; using Equation (8)
8: Play Sg = arg max S0 s.t. Sra=11S4ll1 =k
R l§d a = |[Sally = k¢
9: Rewards r; are sampled according to Equation 9
10: Update knowledge on best instants for selected instants k:
11: Nk(t) = Nk(t—1)+1
12: 0 (t) == rf«+Nk(]tV:§t>)9k<t—1>
14: Sampling instantaneous rewards 74 ; ~ N (¢q, Ji,a)
15: Update knowledge on PV production for each instant i:
16: N¢7i(ti) = N¢(ti — 1) +1
n re i+ Ng i (t;i—1 A,; t;—1
17: i(t;) ==~ d)}v((p,i(ti))d) (t:=1)
2 1
18: qu'(ti) =N,
19: end for
20: end for

Remark 1. The proposed D-MAB2AB-TS algorithm (Algorithm 2) is scal-
able for decentralized multi-agent applications in terms of each agent’s compu-
tational time.

As the selection of the best combination of arms depends only on the total
number of arms m and not on the total number of agents in the decentralized
system, this ensures that the computational time of each agent will remain the
same (for a fixed m) irrespective of the number of agents in the system, and
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follows a complexity of O(m). Hence the system is scalable with the number of
EV agents.

Remark 2. The convergence time of the decentralized system, for the pro-
posed D-MAB2AB-TS (Algorithm 2) algorithm, is linked to the congestion limit
of the network.

In smart charging (or similar smart grid applications), the scalability in
terms of the convergence to a sufficiently high solution (in the mentioned ref-
erence time) is expected to be assisted by the fact that a larger electrical dis-
tribution network with a higher number of EV agents generally has a higher
congestion limit as well. This can be observed later in the experimental evalua-
tion section. The convergence of the large-scale electrical distribution network
(10,175 agents) and that of the small-scale electrical distribution network (55
agents) took approximately the same amount of time (30 simulation days).

These remarks state some of the main contributions of the proposed system.
Along with being decentralized, the system is expected to be scalable. Also,
the local constraint of each EV agent is modeled inside the learning bandit
algorithm (the agent must select exactly K arms during the day to achieve
the desired state-of-charge at departure SoC). This eliminates the constraint-
violating optimal policies with respect to the maximum allowed state-of-charge
from the agent’s search space. Hence, it can help the agent to converge faster
compared to the case when the constraint is modeled inside the reward function,
thus requiring the agent to explore many policies to find the optimal solution.

4. Centralized Optimization Formulation

Centralized optimization of the smart charging can provide the optimal so-
lution of the complex smart charging problem [4]. This optimal solution can be
used to evaluate the performance of the designed multi-agent system with rein-
forcement learning as a theoretical lower bound for small case studies, as the
complexity class of this decision problem is nondeterministic polynomial time
(NP)-hard [50]. Hence, it may become intractable when the number of agents
is sufficiently large. The objective function with J number of total EV agents
in the system is shown in Equation (10):

J J
minz Ci(d) = nz

Ms

j=11:i=1 (10)
_ Um_Zﬂd)Om
ZX:EMP)A 2oimy Py(i)A

Jj'=1j=j'

where C;(d) is the total charging cost of the EV agent j on day d, P;(i) is the
j-th EV agent charging power at the i-th instant of the day, and Ai = D([m);)
is the duration of each charging instant. Term P;(i) € [0, Ppqs] is the decision
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variable of this optimization problem. The first term in the objective function
represents the daily charging cost of the EV agent j, and the second term takes
into account the fairness constraint by making sure that the differences among
per-unit charging costs (cost per energy unit) of all agents are minimized. This
term is formulated as a soft constraint, and not as a hard constraint, because
this per unit cost depends on the arrival and departure times of the EV. In
case an EV is not present during the cheapest electricity price instants, the
optimization problem with this fairness term as a hard constraint would not
be able to converge. The hard constraints of this optimization problem include
electrical network physical constraints, the network congestion constraint, and
the charging constraints of each EV.

4.1. Network physical constraints:

These constraints make sure that the power flows in the electrical network
are according to the physical constraints of the network. The formulation and
linearization of these constraints are explained in [51].

4.2. Congestion constraint:

This is the global constraint of the optimization problem. The distribution
system operator has to make sure that the instantaneous electrical current of
the network remains below its rated limit (Equation (11)):

I(Z) < Irated (]‘1)

4.8. FElectric vehicles constraints:

This is the set of local constraints for each of the EVs based on their state-
of-charge (SoC). This set is shown in Equation (12) and (13):

SoCmin < S0C;(i) < SoCpmaq (12)

SOCj(i) > SoCt V i = tgepart (13)

where SoCp,ipn is the minimum allowed state-of-charge (SoC), SoC,ax is
the maximum allowed SoC, and SoC}(i) is the SoC of the j-th EV agent at
instant ¢ and SoC'y the desired state-of-charge before departure. The equation
to calculate SoC' has also been explained in [51].

5. Experimental Evaluation

5.1. Ezperimental Setting

Two simulation case studies were performed. First, on the small-scale (55 EV
agents) IEEE low voltage test feeder (LVTF) distribution network [52]. Second,
on the large-scale (10,175 EV agents) distribution network model consisting of
185 IEEE LVTF models as sub-districts. A real-life dataset is used to set the
arrival and departure times of the EVs [53]. The daily PV irradiance data is
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obtained from the national renewable energy laboratory (NREL) database [54].
The desired final state-of-charge SoC', the battery maximum power P,,q., the
battery capacity Epq:, and the battery efficiency ratio n are equal to 0.8, 7 kW,
52 kWh, and 0.95 respectively. Also, m = 1440, i.e., a day is divided into 1440
decision-making periods. The duration of each period is 1 minute. Commu-
nication between the EVs and a congested element in the network (here, the
highest voltage transformer) is assumed to be done mostly through wired com-
munication (e.g. Ethernet), thus being quicker than the 1 minute time step at
which the agents make their decisions. The four following charging strategies
are compared:

e Basic (Naive) Charging Strategy: In the basic charging strategy, the
EV starts charging at its maximum charging power P,,,., as soon as the
EV owner returns home in the afternoon/evening (no charging during
the day). This strategy is not optimal as it does not take the variable
electricity prices into account. Also, no exploitation of free PV electricity
production is done.

e Centralized Optimization Charging Strategy: In this strategy, all
information is communicated to a single node, which performs the required
centralized optimization to find the optimal solution (charging strategy of
each EV). As this strategy uses a PV forecast, the error in this forecast is
directly linked to the performance of this centralized optimization strategy.
Nonetheless, an idealistic case when the daily PV forecast error is zero can
give us the lower bound (optimal solution) for the studied smart charging
problem.

¢ Two-armed Bandits without PV Estimation Charging Strategy:
This is a variation of the proposed D-MAB2AB-TS algorithm in which the
agent does not use any PV estimation, i.e., ¢ = 0 in the proposed algo-
rithm. This strategy would help in highlighting the improvements made
by the proposed D-MAB2AB-TS algorithm which makes an estimation
of the PV electricity production. In addition, two variants were also de-
fined by replacing Thompson sampling by i) the Exponential Weights for
Exploration and Exploitation algorithm (EXP3) [55], ii) the Upper Confi-
dence Bound algorithm (UCB) [56]. A comparison in terms of cumulated
average rewards was performed between these three variants (TS, EXP3,
UCB).

e Two-armed Bandits with PV Estimation (D-MAB2AB-TS) Charg-
ing Strategy: This is the proposed decentralized multi-agent multi-
armed bandits strategy. Each EV calculates its charging policy accord-
ing to the algorithm described in Section 3.4. In addition, two variants
were also defined by replacing Thompson sampling by i) the Exponential
Weights for Exploration and Exploitation algorithm (EXP3), ii) the Upper
Confidence Bound algorithm (UCB). A comparison in terms of cumulated

average rewards was performed between these three variants (TS, EXP3,
UCB).
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The comparison is done regarding constraints satisfaction, total cost paid by
the EV owners, and fairness in terms of the per-unit charging cost paid by each
EV agent. The per-unit charging cost of the j-th agent is calculated as shown
in Equation (14):

ST )P (i) Ai
S P
Let [D] be the set of per-unit costs of each EV agent, then the fairness value
of this set is calculated as described in Equation (15):

(14)

F(D)= ———
1+ (%)
where op is the standard deviation of the set D and D is the mean value

of the set D [57]. The value of this index is in the range between 0 (infinite

standard deviation i.e., completely unfair) and 1 (zero standard deviation i.e.,

completely fair).

The sensitivity of the proposed approach to variations in the PV resources
was also investigated. A scaling factor was applied to the PV production time
series, with values 0.2, 0.5 and 1. Unless specified, the scaling factor used by
default is equal to one.

Simulations were performed using a PC with a 32-core AMD 3970X (3.69
GHz) processor and 128 GB of RAM running Windows 10.

(15)

5.2. Experimental Results
5.2.1. Small-Scale Study (55 Agents)

The mean reward of the electrical network (mean of all EVs’ average re-
wards) for the proposed D-MAB2AB-TS algorithm and its variant, i.e., multi-
agent 2-armed bandits without no PV estimation, are shown in Figures 3 and
4 respectively. The results for algorithms EXP3 and UCB are also presented.

Thompson sampling uce EXP3

Avg. reward

10 20 30
Day of the month

Figure 3: Average reward comparison between Thompson sampling, EXP3 and UCB (without
PV prevision)
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Figure 4: Average reward comparison between Thompson sampling, EXP3 and UCB (with
PV prevision)

Analysis of Thompson sampling-based approaches. The analysis will fo-
cus at a first stage on the Thompson sampling-based approaches (D-MAB2AB-
TS and its variant without PV prevision). The comparative analysis with algo-
rithm EXP3 and UCB will be done in the next section.

In this case, the EV agents converge to their respective optimal policies
within 30 days of learning. The next 30 days are used for performance evalua-
tion.

To evaluate the cost of different strategies, the centralized optimization with
no PV forecast error is taken as the lower bound. However, the cost of cen-
tralized optimization increases as the forecast error is increased, as shown in
Figure 5(a). The average percentage increase in the cost, compared to this
lower bound, is 138.0% for the basic charging strategy, 85.55% for the multi-
agent 2-armed bandits with no PV estimation strategy, and only 10.4% for the
proposed D-MAB2AB-TS strategy, as shown in Figure 5(b).

In terms of constraints, the local constraints are satisfied in all the stud-
ied charging strategies. The global congestion constraint results are shown in
Figure 6. The congestion constraint is violated only in the case of the basic
charging strategy for 4.1% of the total evaluation period.

The fairness comparison is presented in Figure 7. The basic charging strat-
egy is not included in the comparison as it is not an optimization strategy. In
all three optimization strategies, the local constraint of a desired state-of-charge
before the departure of the EV is satisfied. The fairness index values F(D), cal-
culated using Equation (15), are also presented. For the centralized optimiza-
tion strategy, this number is 99.9%, while for the proposed D-MAB2AB-TS
algorithm and its variant without PV estimation this number comes out to be
99.11% and 99.10% respectively. This confirms that the proposed system takes
into account fairness as well.

The computing time was also investigated as shown in Figure 8 which presents
the computing time as a function of the number of arms (in other words, the
temporal granularity). The trend is clearly linear, as expected, with a standard
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Figure 5: (a) Centralized strategy cost against PV forecast error (b) Percentage of cost increase
of all strategies compared to the centralized lower bound.
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Basic Charging (b) Centralized optimization (c) variant (no PV estimation) (d) D-MAB2AB-

TS.
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Figure 7: Fairness comparison between the centralized strategy, the proposed D-MAB2AB-TS
algorithm and its variant without PV prevision for index F (D)

deviation over 4 runs and normalized to the average ranging between 0.04% and
1.7%. The average computing time per iteration per EV agent is independent
of the number of arms, thus proving the approach scalability potential, and is
equal to 0.09s.The computing time in the case of a deployment in real-life would
of course be different and dependent on the capacities of the decentralized com-
puting devices (e.g. Raspberry pi, etc.).
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Figure 8: Computing time as a function of the number of arms (temporal granularity

The results also showed that close performance were obtained regardless
of the number of arms, as shown in Figure 9, while still satisfying the grid
constraints, as shown in Figure 10. It is interesting to note in Figure 9 that, with
a lower granularity, a slightly higher average cumulated reward was achieved.
This may be explained by the fact that exploration being a stochastic process,
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increasing the search space by increasing the number of arms renders more
difficult to reach the optimal solution. However, one advantage of increasing
the number of arms is that the convergence speed is faster, as more exploration
is possible within a single day. Another advantage is of course also the reactivity
of the system to congestion that is managed in real-time. In summary, the choice
of the number of arms should be result from an arbitrage between convergence
speed, optimality and required reactivity to congestion.

08
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04

— 1440
— 720

—_2a

Cumulative average reward

Figure 9: Average cumulated reward as a function of the number of arms
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Figure 10: Current in the highest voltage transformer as a function of the number of arms

The sensitivity to PV production data was also investigated. Figure 11
presents the average cumulated reward when the NREL PV data being applied
a scaling factor ranging between 0.2 and 1. The results show a relatively similar
behaviour with increasing asymptotic values as a function of the scaling factor.
This is expected as a higher amount of PV (i.e. higher scaling factor) considered
as “free” in this paper decreases the EV owners’ bill, thus increasing the average
reward.

Cumulative average reward

Figure 11: Average cumulated reward for different scaling factors of the PV production time
series.
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Comparative analysis of Thompson sampling-based approaches with
EXP3 and UCB. Figure 3 presents the average reward for the variant of
the D-MAB2AB-TS algorithm without PV estimation, as well the the same
algorithm based on the EXP3 and the UCB algorithms. It can be seen in this
figure that the EXP3 learning strategy is performing the best at the start of the
learning phase. The adversarial EXP3 approach can be well suited to handle
the non-stationarity in the choice of super arms of other players (EVs) from one
player’s (EV’s) point of view. The mentioned non-stationarity is expected to be
at its highest level at the beginning of the simulation-based experimentation.
Thus, the EXP3 learning strategy shows this superior performance initially.
However, as each agent learns its respective optimal policy, the non-stationarity
in the choice of super arms of other EVs from one EV’s perspective decreases.
Hence, the Thompson sampling-based learning strategy starts performing better
than the EXP3-based learning strategy. The UCB-based learning strategy shows
inferior performance in this simulation-based experimentation comparatively,
but it still converges to a near-optimal policy.

Figure 4 presents the average reward for our proposed algorithm D-MAB2AB-
TS (including PV estimation), as well as its variants based on the EXP3 and
UCB algorithms. In this case, it can be observed that when EV agents are
also learning the trend of the daily freely available PV energy production, all
learning strategies converge to the same average reward value. This is because
EVs also utilize the available PV energy production during the day. Hence, the
competition during the low electricity price instants is reduced. This reduced
competition favors the UCB and the EXP3 learning strategies, thus achiev-
ing the same average reward value. The relatively small difference in terms of
asymptotic value between the three algorithms (Thompson sampling, UCB and
EXP3) when PV estimation is performed, seem to show that this specific prob-
lem may be relatively insensitive to the type of bandit algorithm used, in terms
of asymptotic value. This should be confirmed with additional studies.

5.2.2. Large-Scale Study (10,175 Agents):

Analysis of Thompson sampling-based approaches. The centralized strat-
egy becomes intractable due to the large number of agents in the studied system,
and fails to provide computation results. Unlike the centralized approach, the
proposed D-MAB2AB-TS algorithm is able to provide results. The mean reward
of the electrical network (mean of all EV’s average rewards) for the proposed
strategy and its variant without PV estimation strategy is shown in Figures 12
and 13.

The proposed algorithm converges in a similar amount of time as the studied
smaller-scale electrical network (30 days).

In Figure 14, frequency distributions of the electrical current are shown.
For the proposed D-MAB2AB-TS and its variant without PV estimation, no
congestion is observed. However, congestion is observed for approximately 2%
of the total evaluation period if the basic charging strategy is followed.
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Figure 12: Average reward comparison between Thompson sampling, EXP3 and UCB (without
PV prevision)
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Figure 13: Average reward comparison between Thompson sampling, EXP3 and UCB (with
PV prevision)
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Figure 14: Frequency distribution of the electrical current at the network transformer for (a)
Basic Charging (b) variant (no PV estimation) (c¢) D-MAB2AB-TS.

The average total costs and fairness comparisons are presented in Figure 15.
The proposed algorithm has the lowest average total cost while basic charging
has the highest. The local state-of-charge constraints are satisfied in all strate-
gies. The value of the fairness index F(D) for basic charging is not calculated
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as it is not an optimization strategy, while for the other two shown strategies,
this value is 99%.
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Figure 15: Average total cost and fairness comparison based on index F(D) for the basic
charging strategy, the variant and the D-MAB2AB-TS strategy.

Comparative analysis of Thompson sampling-based approaches with
EXP3 and UCB. Figures 12 and 13 show that similar performance trends can
be observed here as well compared to the small-scale studies, i.e., Thompson
sampling outperforms UCB and EXP3 when no PV estimation is done, and all
learning strategies are converging to approximately the same average reward
value when PV estimation is performed. The behaviour is thus similar for the
small-scale and the large-scale study, which shows that the performance of the
proposed algorithm is independent from the number of EV agents.

6. Discussion

Future work will address some additional aspects, some of which may rep-
resent limitations to our study. These aspects are discussed in this section.

6.1. Conditions diversity

Our proposed method is evaluated against days that present a significant
level of similarity. Although we have shown that performance was independent
on the number of EV agents through a comparison between the small-scale and
the large-scale study, additional sensitivity analyses could be performed. In
particular, different solar irradiance conditions could be investigated, as well
as different network characteristics (topology, etc.). Also, no major EV energy
demand change is modeled as all EVs are present for each day. However, in
real-life, variations in the number of EVs may be observed, such as between
working weeks and holidays. Considering these aspects is the object of current
on-going work where the type of day (i.e. holidays, sunny day, etc.) is included
as a context in contextual bandits. In addition, a sensitivity analysis on the
number of arms (time granularity) could be of interest.
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6.2. Communications overhead and latency

Regarding the communication overhead, a congested agent (e.g. agent cor-
responding to the highest voltage transformer) is linked to EV agents located
downstream only (and not to all EV agents in the system), as only those located
downstream may have a beneficial action to solve the congestion. The conges-
tion signal consists in a small message, containing potentially only a binary
number, which could be sent only in case of a congestion. Also, it is important
to remind that there is no inter-EV communication, as each EV acts as an in-
dependent learner. Hence, the daily communication burden may be relatively
light, even for large-scale EV fleets (tens of thousands of agents and more).

Regarding latency, it is assumed that, if the system operates with wired
telecommunications (e.g. Ethernet protocol), the impact of latency on the algo-
rithm performance should negligible. Agents make their decisions every minute.
Hence, at the beginning of every minute, they receive the information directly
from the congested agents (in case a congestion occurs), assumingly within
hundreds of milliseconds latency maximum. In this context, the potential con-
gestion information would arrive far before the minute is over. Therefore, the
performance of our system should not suffer from latency under these condi-
tions. However, should the system be based on different technologies (power
line carrier (PLC) or wireless (e.g. WiF1i)), latency effects may have to be con-
sidered.

6.3. Synchronization issues

Regarding synchronization issues, several aspects must be discussed.

e Synchronization in terms of agents choosing the same arms (and so, in-
stants): Thompson sampling is a stochastic algorithm, so the arms selected
at each round are random variables. In this sense, agents cannot be syn-
chronized, contrary to the UCB algorithm which is a deterministic and
for which we show that performance may be less efficient than Thompson
sampling and EXP3.

e Synchronization in terms of agents making their decisions simultaneously:
EV agents do not communicate with each other, therefore not requiring
synchrony. In addition, the time step was selected as sufficiently small
(1 minute) compared to the allowed time for congestion (few minutes for
an overhead line to tens of minutes for cables or transformers presenting a
significant thermal inertia). This may leave the opportunity for the agents
to solve congestion issues quickly on this timescale, whether or not their
decision making is synchronized or may experience small asynchrony (e.g.
in the order of a minute). In the case of a larger asynchrony, the reliability
of the method remains to be investigated.

6.4. Fairness

The uniform sampling approach used for ensuring fairness in the conges-
tion management mechanism is relatively simple and potentially suboptimal
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compared to more sophisticated fairness-preserving algorithms [58, 59, 60, 61].
Although the simple mechanism led to excellent results in the considered case
studies, future work should consider integrating also such sophisticated algo-
rithms for comparison.

6.5. Resilience

The study has covered decision making in uncertain environments where the
perturbations are limited to usual ones (e.g. uncertainty in PV production).
Larger perturbations in the form of HILP event (high impact, low probability)
were out of the scope of this paper. However, it would be interesting to com-
plete the study in future work by considering the performance of the considered
algorithms under HILP conditions. It is possible that EXP3, designed for ad-
versarial settings, may perform better. The choice of a given algorithm should
therefore be based on an arbitrage between its performance under normal and
HILP conditions.

6.6. Charging power modulation

In the current work, the charging power is binary (i.e. charging at full
power or not charging). This is representative of current practices where power
modulation is currently rarely used. However, future work will consider finer
power modulation with a choice between several thresholds of charging power.
The extension of the proposed methodology to a non-binary charging power
(i.e. including several levels of non-null charging power) is straightforward, as
it would only require to add more base-arms (e.g. a set of base-arms {0;1;2}
per bandit.

6.7. Mechanisms for voltage and reactive power requlation, and topology changes

The base electrical grid model considered in this work is the IEEE European
low voltage test feeder. In this network, only the low voltage part is modeled. No
voltage and reactive power regulation mechanisms, nor topology change mech-
anisms are included. The large-scale study is based on a larger network model
where these mechanisms may be present although they were not considered in
this work, as a first stage approximation. However, this does not change the
proposed methodology, as the congestion signal sent by a congested element
may be sent before or after the other regulation mechanisms are activated, de-
pending on the preferences of the distribution system operator. In other words,
it will be the responsibility of the distribution system operator to determine the
coordination between different mechanisms (including flexibility from EVs), but
this does not influence our proposed methodology.
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8. Conclusion

To tackle the challenges of existing smart charging methodologies, we pro-

pose a decentralized smart charging multi-agent system using 2-armed bandits
with Thompson sampling. The proposed algorithm manages the uncertainties
in PV electricity production and in the selected action(s) of other agents in a de-
centralized system. The scalability of the proposed D-MAB2AB-TS algorithm
as demonstrated experimentally. The performance comparison of the proposed
system against a basic charging strategy and a strategy without PV estimation
highlights a significant reduction in the total cost. Several directions for future
work were discussed to extend this preliminary study.
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