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Abstract: This paper primarily addresses the design of distributed optimal cooperative controllers and the utilization of a reinforcement
learning (RL)-based event-triggered mechanism for multi-agent systems (MASs) with unknown dynamics. By setting an extra
compensator, the augmented system is constructed to overcome the dependence for system dynamics. Then, to address the issue of
computational burden, we utilize an event-triggered mechanism based on reinforcement learning (RL) and neural networks (NNs)
to implement the adaptive dynamic programming (ADP) algorithm. Additionally, we take into consideration the trade-off between
computational burden and achieving consensus control by introducing a weighting factor in the reward design for MASs. With this
reward design, we present an algorithm based on the deep deterministic policy gradient (DDPG) algorithm to learn the event-triggered
condition for MASs and achieve a balance between these two factors. The event-triggered mechanism of our algorithm can also identify
constraints such as time limitations or computational resource restrictions, aiming to achieve consensus control without violating these
constraints. We demonstrate the absence of Zeno behavior and the uniform ultimate boundedness (UUB) of both local consensus error
and weight estimation error. Finally, simulation results illustrate the effectiveness of the control algorithm and the weighting factor.
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event-triggered condition

1. Introduction programming (ADP), as a powerful tool for optimizing
control of complex systems, is proposed to tackle the

problem.
In recent years, distributed control of multi-agent systems

(MASs) has drawn widespread concern in different fields,
such as traffic signal control [1], wheeled mobile robotic
formation control [4],

systems [2], smart grids [3],

etc. The optimal consensus problem, as a fundamental
in MASsSs,

among different agents while minimizing computational

control issue aims to achieve consensus
performance consumption. It is widely acknowledged that
solving the optimal consensus problem involves addressing
the coupled Hamilton-Jacobi-Bellman (HJB) equation,

which is difficult to solve analytically. Adaptive dynamic

ADP shares a core idea with reinforcement learning
(RL)-finding optimal control strategies to minimize value
functions. Recently, the research of ADP and its related
Such as in [5],
an ADP algorithm is proposed to address the data-driven

fields has attracted extensive attention.

zero-sum neuro-optimal control problem in continuous-
In [6], the

iterative ADP algorithm is employed to tackle infinite

time systems with unknown dynamics.

horizon undiscounted optimal control problems and to
study discrete-time HJB equations. [7] proposes an integral
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reinforcement learning algorithm based on ADP to obtain
the iterative control with unknown disturbances. [8] designs
an adaptive fuzzy controller for multivariable nonlinear
In [9], an ADP algorithm is

utilized to solve the fault-tolerant control problem of a

systems with uncertainty.

hydraulic servo actuator in the presence of actuator faults.

However, in practical scenarios, the unknown or partially
known underlying dynamics of a system pose a challenge
for ADP. Accurate estimation of value functions and optimal
control decisions becomes challenging in the absence
of precise knowledge about system dynamics. Various
techniques, such as augmented system and online learning,
have been developed to tackle the challenge of unknown
dynamics and enhance the adaptability of ADP algorithms
in real-world applications. In [10, 11], the augmented
system is employed to overcome the requirement for explicit
knowledge of system dynamics. [12] presents an RL method
that tackles the problem of optimal stabilization in the
presence of unknown dynamics. A recurrent neural network
(NN) is introduced to reconstruct the nonlinear system
in [13].

Moreover, ADP algorithms typically require extensive
calculations and iterations, resulting in a substantial
computational burden. This limitation hinders their practical
usage, particularly in real-time control systems where
efficiency is paramount. In order to alleviate the high
computational cost, a new data sampling framework, namely
the event-triggered control mechanism, is designed out.
The fundamental idea of this approach is that controllers
are triggered based on specific events or conditions, rather
than executing control actions continuously. Event-triggered
adaptive dynamic programming (ETADP), is studied in [14]
with the combination of ADP and the event-triggered control
mechanism. It can be widely applied in continuous-time
systems [15—17] and discrete-time systems [18-20]. Among
numerous research methodologies, the employment of RL
in studying event-triggered control has gradually become a

research hotspot.

RL is a subfield of machine learning that focuses on
selecting suitable actions to maximize the reward signal.
RL has demonstrated promising results in numerous fields,
including addressing optimal consensus problems in MASs.
In [21-24], an adaptive RL method is designed to optimize
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RL is

specifically designed to overcome the challenges of solving

the control performance for nonlinear MASs.

the HJB equation for second-order unknown non-linear
dynamical MASs in [25].

a model-free algorithm that utilizes RL to determine

Additionally, [26] proposes
the feedback gain matrix. RL has also demonstrated
remarkable effectiveness in the domain of event-triggered
control mechanisms. For example, in [27], a Q-learning-
based event-triggered mechanism is designed to deal with
intermittent-DoS attacks and power loads. Compared to
traditional event-triggered mechanisms, the RL-based event-
triggered mechanisms offer a superior level of adaptability
in tackling more intricate challenges. This is attributed to
their ability to fine-tune the reward mechanism, facilitating
adaptability across different environments. [28] proposes a
specific form of the event-triggered thresholds to satisfy
the uniform ultimate boundedness (UUB) of the consensus
error, but focused solely on computational burden without
considering the rate of achieving consensus control. How
to strike a balance between computational burden and
convergence speed in addressing the consensus problem of
MASs is evidently important, but currently, no one has
conducted research on this. Furthermore, in real-world
applications, certain constraints may exist, such as limited
computational resources or time limitations. Exploring
methods to identify and prevent exceeding these constraints
is also a valuable research area.

Motivated by the above analysis, this paper presents a
novel approach for distributed optimal consensus control
in MASs with unknown dynamics. An augmented system
is utilized to overcome the dependence of the system
dynamics. Due to the fact that the analytical solutions to the
continuous-time HJB equations are difficult to calculate, an
NN is used to approximate the value function and develop
the control policies. Additionally, an algorithm based on
the deep deterministic policy gradient (DDPG) method is
designed to update the event-triggered condition. The main

contributions of the paper are summarized as follows:

1) We present a DDPG-based ETADP method to solve
the optimal consensus problem for MASs. Utilizing
the augmented system eliminates the need to acquire
system dynamics. Expanding upon prior studies on

event-triggered mechanisms, we propose incorporating
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a weighting factor into the reward design of Markov
decision processes (MDPs) for MASs to balance
the computational burden and the rate of achieving
consensus control.

2) We present an algorithm based on the DDPG
algorithm to learn the event-triggered condition
for MASs. Compared to the traditional ETADP
method, our approach has the ability to recognize
and tackle complex scenarios, with the goal of
achieving consensus control while adhering to specified
constraints like computational resource limitations.

3) We provide the stability of the MASs and the avoidance

Under the DDPG-based event-

triggered control mechanism, we demonstrate that the

of Zeno behavior.

event-triggered interval has a positive lower bound and
both the local consensus error and weight estimation

error are UUB.

The rest of this paper is organized as follows. In Section 2,
some graph theory knowledge and necessary notations are
provided, and the problem formulation for MASs is derived.
In Section 3, we develop a model-free algorithm based
on the event-triggered mechanism and introduce NNs to
implement this algorithm. In Section 4, we design the
event-triggered mechanism through the DDPG method. In
Section 5, a simulation example is introduced to display the
feasibility of our method. Finally, we give a conclusion in

Section 6.

Notations: In this paper, R” stands for the n-dimensional
vector space, and R™™ represents the space composed of
the n X m dimensional matrix. T represents the transpose
symbol. The Euclidean norm of the n-dimensional vector x
is defined as ||x]] = VxTx. Aun(A) stands for the minimum
eigenvalue of matrix A. A > 0 represents that A is a
positive definite matrix, and A > 0 means that it’s a semi-
positive definite matrix. E[-] represents the mathematical

expectation.

2. Preliminaries

In this section, some necessary preliminaries and the

problem formulation are introduced.

Mathematical Modelling and Control

2.1. Graph theory

G = (V,8 A) is a directed communication graph, in
which V = {v,v,,...,
[a;j] € R™" indicates the weighted adjacency matrix of G.
E = {eij = (v,-, vj) - j} C V x V represents the edge set,
and an edge e;; = (v;,v;) € & if and only if g;; > 0, which

vy} denotes the node set and A =

means that v; can send information to v;. The neighbors of
node v; can be represented as N; = {v;|(v;,v;) € & v;,v; €
V). D = diag{d,, d>, ..., dy} is the in-degree matrix, in which
di = 2 ajj denotes the sum of edge weights originating
from rjlf)/:i(/e i. The digraph Laplacian matrix £ can then be
obtained by subtracting the adjacency matrix A from the in-

degree matrix D, resulting in £ = D — A.

2.2. Consensus of MASs

We consider a linear MAS consisting of N identical

agents, and the dynamics of each agent are

%(0) = Axi(H) + Baui(r),i = 1,2, .., N, 2.1)

where x;(f) € R" is the state of the agent i, u;(f) € R"
indicates the vector of control input, and both A € R™" and
B; € R™™ are considered to be unknown.

A reference system, known as a leader, is defined as

xo(#) € R". In general, its trajectory satisfies the dynamics

Xo(t) = Axp(2). 2.2)

Taking into account the information interaction within
the MAS, we introduce the concept of local neighborhood

tracking errors, denoted as

eilt) = ) aij(xi(t) = x;(1)) + bilxi(t) = xo(0),

JEN;

(2.3)

where the pinning gain, denoted as b; > 0, represents the
extent of connection. Specifically, b; > 0 is satisfied if and
only if there is a directed path from the leader to the ith
agent, indicating their interaction. Conversely, when such
a path does not exist, we set b; = 0, indicating the absence

of interaction.

Remark 2.1. Marked for review in case this referenced
equation and others in the paper need to be linked.
the consensus

According to the above expression,
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information of MAS (2.1) can be represented by the
local neighborhood consensus error e;. We say that agent i

achieves consensus with the leader if limy_ |le;(¥)|| = 0.

Considering Eq (2.3), the global tracking error vector can

be expressed as

e(t) = (L& 1,) x(1) + (B I,) (x(r) — Xo(1))
=(L ) x(t) = (L ® ) Xo(1) + (B® 1)) (x(1) — Xo(1))
=((L+B) 1) (x(1) — X(D),
(2.4)

where 8 = diag{by, by, ....,by}, L refers to the digraph
Laplacian matrix, Xo(f) = [x] (1), x](0),.... x5 (O], e(t) =
T T
leT @), e30), el )] x() = [x] @0, 2] @), ... xj(®)] , and
I, represents the identity matrix.
After differentiating (2.3), the dynamics of the local

neighborhood tracking error can be represented as

N
éi(t) = Z (lij + bij) (A (xj - xo) + Bj“j)
=
=(lii + bii) (A (x; — xo) + Bju;)

+ Z (l,-j + bij) (A (xj - xo) + Bjuj),

(2.5)

JeNi
b, i=j
where b;; :{ Ol i ]
, 1E ]

Thus, we can condense the consensus problem of (2.5) to

crafting a viable policy that can satisfy limy_,« ||e;(#)|] = O.

2.3. Problem formulation

In this paper, we will design a method to achieve

consensus control while solving the following problems:

1) The system dynamics in (2.5) are unknown and our
method needs to overcome the dependence on system
dynamics.

2) The event-triggered mechanism of the method requires
sufficient flexibility and strives to operate within
the specified constraints as much as possible. It
should possess the ability to strike a balance between
the computational burden and the rate of achieving
consensus control. Moreover, it can adapt to complex
scenarios, including achieving consensus control

within time constraints or with limited computational

resources. In this work, we indirectly assess the

Mathematical Modelling and Control

consumption of computational resources by tracking
the frequency of control updates carried out by each
agent.

3) This method requires ensuring the stability of system
dynamics as well as its event-triggered mechanism to

prevent the occurrence of Zeno behavior phenomena.
3. Model-free optimal control design

A method is introduced to describe the MAS with
unknown system dynamics in this section. Meanwhile,
a model-free optimal control is applied to minimize the
performance cost. Furthermore, NNs and an event-triggered

mechanism are designed to implement the ADP scheme.

3.1. Augmented system

In order to overcome the requirements of system
dynamics, a controllable system that combines the tracking
error system (2.5) and the pre-compensator is designed. The
pre-compensator is a component that modifies the input
signal to enhance the overall performance of the system.

First, the compensator is defined as

i = a; (u;) + b () wi, (3.1
where u; € R” represents the input vector of the ith agent. g;
and b; are two functions designed to fulfill the requirements
of a controllable system.

Combining (2.5) and (3.1), the tracking error system can
be represented as

e =Fi(e)+G; (@) w, (3.2)

€;

where e; = [ } € R™" represents the state vector,
u

i
w; € R™ serves as the control input of the augmented system,

and the partitioned matrix F; and G; can be written as

g“ (lij + b,‘j) (A ()Cj - X()) + Bjuj)

Fi(e) =| j=1 € R™*"
a;(u;)
and
0
G(e) = € Rimtmxm,
bi(u;)
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where [|Gi(&)ll < Gimax-
Define a continuous performance index, also known as a

cost function, which needs to be optimized as follows:

Jie, wi) = f (e] Qi#; + w] Ryw))dr, (3.3)
0

where Q; > 0, R;; > 0.
Thus, we convert the task of designing the control i; into
the problem of designing the consensus control w;.

3.2. ADP algorithm on MASs

Definition 3.1 (admissible control). The control w; € Q; is
defined as admissible if the following holds:

1) w; keeps continuous on Q; and w;(0) = 0.
2) w; ensures the stability of the MAS.
3) Jt‘:o (E;—Qiéi + (u;.'—Riia)i)dT < 00,

On the basis that w; is an admissible control, the local

value function of the agent i can be defined as follows:

Vi(e;) = f (e} Qig; + ] Ryw)dr. (3.4)
t

Then, we can establish the HIB equation

H; (€, VV;, w) = & Qi&; + o] Rijw; + V
=¢e; 0ie; + W Ryw; + YV (Fi(&) + Gi(e)w;)
=0,

(3.9)
where VV; is the gradient of the local value function V;(¢;).
By using the first-order necessary condition dH;/de; = 0, we
obtain the optimal control policies as

1
w = —=R;'G] (&) VV}, (3.6)

l 2 12
where V! represents the optimal value function and VV} =

dV:/0eé;. When using the optimal control policies (3.6) for

agent i, the HJB equation can be expressed as
- * s 1 3\ T - -1 ~T/= *
H;(e;, VV[ ,w[) = _Z(VV,' ) Gi(ei)R,‘,' G,‘ (ei)VV,‘
+2] Qi + (V) Fi(@) 3D
=0.
Through the aforementioned expressions, we can acquire
the optimal control (3.6) by solving the HIB equation (3.7).

Mathematical Modelling and Control

However, solving the HJB equation analytically is a
difficult task due to its nonlinear and high-dimensional
characteristics. Furthermore, updating the controller
continuously would lead to a depletion of computational
resources. All of these problems contribute to the
difficulty in achieving consensus control while reducing

computational burden.

3.3. ETADP method via NNs

In this subsection, we present the event-triggered
mechanism for reducing computational load. The controller
w; can solely be updated at specific moments called event-
0,1,2,...}, where th

denotes the kth event-triggered sampling instant.

triggered sampling instants {tf.‘,k =

Therefore, the system (3.2) can be rewritten as

e, =F;(&)+G;(e) b, (3.3

where @; represents the event-triggered controller for
agent i.

Assumption 3.1. We assume that the partitioned matrix
F; satisfies the Lipschitz condition when t € [tf,tf*'),
ie, |[Fi@) - Fi@w)| < L) - e
Lr, denotes the Lipschitz constant associated with the

. where

partitioned matrix F;.

Considering that the analytical solution of the HIB
equations is difficult to obtain, we employ the following NN
to approximate the value function:

Vi(e) = W 0i(@) + &;, (3.9
where W; serves as the weight vector, ®@; represents the
activation function, and &; denotes the reconstruction error.

‘We define the residual error as
S T T =
gi=e€; Qe + w; Riw; + Wi Ve, (3.10)
where VO, = g% For agent i, the estimated value function

can be represented as
V@) = W d,@)), (3.11)

where W; stands for the weight estimation vector. We define

the estimated residual error as

g; = é;rQiéi + &\);I—Rl'j(:l\)j + WlTVd)lé, (312)
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The error performance index can be defined as
[ o (3.13)

In order to minimize the error performance index E;, we
employ the gradient descent method to update the weight

estimation error. When ¢ = tf.‘ ,

R R E A
W, = W, - 0, 208 201
60',' 6‘/‘/1
= W,' - a,-V(I),-é,» (E?Q,’é,‘ + (’/.\);I—R,'[(’/.\),' + (V(D,'é‘,')TW,’)
(3.14)
and

Wi =0.te @ ), (3.15)

where a; represents the learning rate. The weight estimation
error, denoted as W; = W; — W,, represents the deviation
between the estimated weight and the true weight of the
value function. Combining (3.6) and (3.11), the controller
can be represented as

& = —iR;'G VO W, (3.16)
Remark 3.1. Since the system dynamics in MASs are
unknown, and we need to overcome this dependence, we
utilize an augmented system to eliminate the necessity of
acquiring the system dynamics. Based on the provided
statement, we can update the controller &; through the
weight estimation errors W; and the partitioned matrix G;.
Consequently, the controller eliminates the dependence on

A and B;, thereby solving problem 1.

To facilitate the subsequent proof of the theorem, we

make the following assumptions.

Assumption 3.2. Within the time interval when the event
trigger occurs, controller w; satisfies the Lipschitz condition
when t € [t, 141, ie., |lw; — &ill < Ly, ||&: — &(t%)|, where
the symbol L, represents the Lipschitz constant related to

the controller w;.

Assumption 3.3. We make the assumption that the weight
matrix, the residual error, the gradient of the activation
function, the reconstruction error and the gradient of the
reconstruction error, V®;,é; are bounded, that is, |Wi|| <
Wimaor 1ol £ Cimax IVOIl < VO 0y llaill £ Eimar

||V81|| < Vgi,mux, and ‘pi,min < ||Vq)zét“ < ‘Pi,max'

Mathematical Modelling and Control

4. The DDPG-based event-triggered mechanism design

In this section, we present a threshold design approach
that leverages the DDPG algorithm. Our proposed method
aims to achieve optimal control while simultaneously

minimizing the computational burden involved.

4.1. Design of the MDP

In the realm of deep reinforcement learning (DRL), the
MDP serves as a fundamental framework for capturing the
interaction dynamics between an agent and its environment.

The state s;, action a, and reward r; are defined as follows:

1) To incorporate both the computational burden and the
rate of achieving consensus control, the state, denoted
as s;, should encompass information on these aspects.
To achieve this objective, the consensus error of agents

is quantified by recording it as

e(r) = (e[ (1), ey (D), ....en(]", 4.1

while the consensus error at the last event-triggered

instant is denoted as

& =@, @BNT, .. endB) . (4.2)
Therefore, we design the state of the MDP as
se=[27(0), @ @) (4.3)

2) The action q, is determined by the DDPG algorithm in
our research. Specifically, we define a, as the threshold
of the event-triggered mechanism. To ensure a bounded
action space, we set an upper limit for each dimension
of a,, denoted as a;,,,,. When evaluating the event-
triggered condition for agent i, if Hé,(t) - E,-(tf.‘)H > a,(i),
it indicates a violation of the event-triggered condition.

3) Our approach to reward allocation involves minimizing
computational burden while ensuring consensus

control. Compared to traditional methods, Algorithm 1

takes certain constraints or goals into account and

reflects them in the reward, enabling it to adapt to more

complex scenarios. First, we design an indicator

flag(t) = [flag, (t), flagy (D), ... flagy(D]T (4.4

Volume 6, Issue 1, 97-110.
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to reveal whether each agent violates the event- control and the computational burden, while (4.7) aids the
triggered condition at the current moment, in which system (3.8) in identifying the limiting conditions. Thus, we

L ) can solve problem 2 through the design of the MDP.
|21t = &) = ai@).

4.5)
else.

-1,
flag;(t) = { 0
’ Algorithm 1: DDPG-based ETADP method.

Thus, we set the daily reward r; and the reward at the 1 Initialize the weight W?, the critic network Q(s, a|69),

termination of an episode / as the actor u(s|¢*) and the target networks Q’ and y’
N B N 2 for episode = 1:n do
,Z, 2 A arctan(g I ”) Z (1 - A)flagi 3 Initialize a random process N, and the original
= = N = » (4.6) observation state s

4 Initialize the number of event-triggering

' - if constraint condition viol
o :{ Cy, constraint conditions are violated, OCCUTTENces num

C,, else, 5 fort=1:T do
4.7

. . . 6 Choose action a; = u(s,|6*) + N; according to
is a constant representing the signal

%

¢

where . .
C ) : the policy and noise;
indicating whether consensus control is satisfied and C;

. 7 calculate the reward r, and observe the next
and C, are two nonnegative constants. at
. . . state 413
We consider consensus control in MASs to be achieved " .
8 Store (s;, a;, 11, St+1) in the replay buffer;
9 Choose a random minibatch

throughout the remaining duration. To mitigate the
Izl B = (sj,aj,rj, sjr1) from the replay buffer;

issue of the ratio approaching infinity in the future,

Tl 10 Update the critic network through gradient
we address this problem by incorporating the arctan
. ascent by (4.10);
function. . .
. 11 Update the actor policy through policy
To balance the computational burden and the rate of .
o . . gradient by (4.11);
achieving consensus control, each agent i is assigned .
) . 12 Update the weights of the networks by (4.12);
a constant weight coefficient 4; € (0, 1). The value of .
] ) 13 fori=1:N do
A; determines the impact they have on the long-term e ll= )
. . . 14 if “e,- - é; || < a,(i) then
reward. If a lower computational burden is desired, the N R 5t
15 ‘ Let &; = &7 and W; = W;
value of A; should be decreased. On the other hand, I
16 else
increasing the value of A; would prioritize achieving . X
17 Update the weight W; through

consensus control over reducing computational burden.

Properly adjusting the value of A; allows for flexibility W = WE — Vet
x (@) Qiek+(@f) Rudt +(V0;;) W)
(4.9)
18 Update the controller @; by (3.16);
19 num(i) = num(i) + 1;
Fianlly, we have the reward r; as L -

in balancing the trade-off between computational
efficiency and consensus achievement. To enhance the
influence of the constraints in reward settings, we set

C, and C; to be relatively large values.

s . final f 20 Until convergence.
rp=r] +is’"r (4.8) —

where is/™ is a boolean value that is 1 only at the

termination of an episode and 0 otherwise. 4.2. Deep deterministic policy gradient algorithm

Remark 4.1. According to (4.6), the MDP in Algorithm 1 To ensure continuity in the action space, we use the
takes into account both the rate of achieving consensus DDPG algorithm instead of the deep Q-learning (DQN)

Mathematical Modelling and Control Volume 6, Issue 1, 97-110.
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algorithm. By incorporating both the rate of achieving
consensus control and the computational burden into the
Q-value function, we can effectively balance these two
factors during the learning process. This enables the DDPG
algorithm to make informed decisions that optimize both
consensus achievement and computational burden. The Q-
value function can be obtained as follows

T
Z Vi_tr (s, ar)} >

i=t

Q(s,a)=E 4.10)

where y € (0, 1]. In this paper, we prefer to set a relatively
large value for y in considerion of the long time steps. This
means that instead of solely focusing on immediate rewards
or short-term gains, the algorithm is more concerned about
the potential consequences of actions in the future.

DDPG is developed using the actor-critic method, where
the critic network approximates the Q-function and the
action network approximates the action. In addition, DDPG
employs separate target networks to compute the loss
function. We define the critic network loss function L as
2

L(09) = 5 37 (1 + 72 G51,4) = Qi) @11

i
where Q' and Q are the target critic network and the critic
network respectively, and 8¢, ¢* and ¢ represent the
parameters of critic network, actor network, and target critic
network, respectively. The actor network is updated through

the policy gradient:

VoS = %Z Va0 (siai 1 609) Vo (s 1 0).  (4.12)

Soft update is used to update the parameters of the critic

network and the actor network:

0 =ed+(1-e), (4.13)

where g is a constant, and 0 < ¢ < 1.
After incorporating the DDPG algorithm into ETADP
control, we propose Algorithm 1 and obtain the following

theorems.

Theorem 4.1. When Assumptions 1-3 are satisfied, if we
use (19) to update the controllers and use Algorithm 1 to
learn the event-triggered condition, the weight estimation

error W; and the consensus error é; are UUB.

Mathematical Modelling and Control

Proof. Please see Appendix A. O

Theorem 4.2. Let Assumptions 1-3 hold. Under the event-
triggered scheme based on Algorithm 1, the Zeno behavior
will not occur, i.e., the event-triggered interval has a positive

lower bound.
Proof. Please see Appendix B. O

Remark 4.2. Through Theorems 1 and 2, we prove the
stability of the MASs and the avoidance of Zeno behavior,
thereby solving problem 3.

5. Simulation results

In this section, one example is taken to display the
effectiveness of our proposed method. Based on the
structure depicted in Figure 1, we can observe that the
MAS consists of a leader and three followers. We set the

weighting matrices in the local cost functions as

1 0
01=0=05= o 1|
2, :"
Ru‘:{ l ]
1, i#]

Figure 1. Structure of the multi-agent systems.

For agent i, let the activation functions be
®;(2;) = [tanh(2; (1)), tanh(2;(1)2,(2)), tanh(2; (2))] .

We use the variable num € RM to count the number of
event-triggering occurrences, which serve as a metric for
evaluating the computational burden. We impose restrictions
on computational resources, specifically, inum(i) < 300.

i=1

Volume 6, Issue 1, 97-110.
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Additionally, we select the variable time € RY to address
the rate at which consensus control is achieved. We select
ai(t;) = =21, bi(ty) = cos®(1y),i = 1,2, 3. We set the reward
parameter at the end of the episode as C; = C, = 100. In
this experiment, we assign the same value, denoted as A, to
all the weighting factors. In the design of Algorithm 1, we
choose 1 = 0.4 and | =0.01,i = 1,2,3. Then we change
the value of A to 0.2 and 0.6, respectively.

—
¢;

The MAS models are designed as
Xo = Axg, Xx; = Ax; + Biu;,i = 1,2,3,
where A = l

H

In this experiment, we evaluate both the computational

burden and the rate of achieving consensus control using
the ETADP control algorithm in MASs. Figures 2 and 3
illustrate the evolution of agents’ states under ETADP
control, with the color of each line representing a distinct
agent. We can observe that system state x; closely follows
the trajectories of the leader x; after about 15 seconds.
This demonstrates the effectiveness of the algorithm in
achieving consensus control. From Figure 4, we observe
that the weight matrix W; stabilizes after about 10 seconds.
Upon observation, it is evident that utilizing Algorithm 1 to
design an event-triggered mechanism still satisfies the UUB
condition for W;. Figure 5 shows the admissible control of

all agents under the event-triggered mechanism.

7i(2)

Figure 2. States of all agents.
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10

Time(s)

1.98

0 10 20
Time(s)

Figure 4. Weight matrices of all agents.

0 10 20
Time(s)

Figure 5. Controls of all agents.

Next, we evaluate the effect of weighting factors A;
on both reducing the computational burden and achieving
consensus control. Table 1 shows the computational burden
associated with various 4;. Table 2 displays the time required
to achieve consensus control. Figure 6 depicts the evolution
of consensus errors, with the color of each line representing
a different A;. From Table 1, it is evident that there are no
violations of the constraints at different values of A. From
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Figure 6 and Tables 1 and 2, it can be seen that the higher
values of A; lead to earlier achievement of consensus control

and more frequent event triggers.

0 10 20 30 40 50 0 10 20
Time(s) Time(s)

(a) Consensus errors with different A; for agent 1

e(2)

0 10 20 30 40 0 10 20
Time(s) Time(s)

(b) Consensus errors with different A; for agent 2

"o 10 20 30 40 50 "o 10 20

Time(s) Time(s)

(c) Consensus errors with different A; for agent 3

Figure 6. Consensus errors of all agents.

Table 1. Comparisons of different A.

A num(1) num(2) num(3) i num(i)
i=1

0.2 77 70 56 203
0.4 98 77 71 246
0.6 115 94 79 288

Mathematical Modelling and Control

Table 2. The time required to achieve consensus

control.

A time(1)(s) time(2)(s) time(3)(s)
0.2 30.94 37.02 36.31
0.4 20.12 28.11 22.45
0.6 18.73 25.69 21.82

6. Conclusions

In this study, we propose a novel DDPG-based approach
to achieve optimal consensus control for MASs with
unknown dynamics. An innovative aspect of our work lies
in the utilization of the DDPG algorithm to design the event-
triggered mechanism for MASs. When designing the reward
function in Algorithm 1, we take into account both the
computational burden and the rate of achieving consensus
control. Additionally, we introduce a weight parameter,
denoted as A;, which allows us to strike a balance between
these two objectives. The event-triggered mechanism
can also recognize and tackle complex situations, aiming
to guarantee consensus control under certain restrictions.
Under the event-triggered scheme based on Algorithm 1, we
employ a Lyapunov function to prove the UUB condition
of the weight estimation error W; and the consensus error
¢;. Then we prove that the event-triggered interval occurs
as a positive lower bound to ensure the elimination of the
Zeno behavior for MASs. Finally, we perform simulations to
verify the effectiveness of our proposed method in achieving
optimal consensus control. The results of the simulations

affirm the efficacy and feasibility of the approach.
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Appendix

Appendix A. Proof of Theorem 1

To prove the theorem, we will divide it into two cases for
discussion.

Case 1: When it does not exceed the threshold conditions
learned by Algorithm 1, i.e., ¢ € (tf,tf”). We define the
Lyapunov function candidate L; as

Li=Lj+Lp, (D
where L;; = V*(g;) and Ly =
derivative of L;, one has

1tr(WTW;). Taking the first

L,‘ =V (e;) +tr (WITW) 2)

Considering that 1 € (¢, %*!), we can obtain that W; = 0.
Therefore,

Li=V@)
= (VV))(Fi(e) + Gi(&) )
= (VV)T(Fi(&) + Gi(e)w;)
= (V) Gi@)(w] — @)).

3)

According to (3.5), we can obtain that

(V)T (Fi @) + G: (2) w})
= — Eleél — (/_);FTRHU);(.

“)

Therefore, combining (3) and (4), one has

Ly = -2 Qe
— (WVO; + Ve)Gi(e)(w; — &),

*T *
- W; R,‘,‘u)i

®)

where VO; = % and Vg; = %. Due to the fact

that the controller w; satisfies the Lipschitz condition, i.e.,
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llwi = &ill < Lu, [|2i = 20|, one has

Li < =Apin( Q)i + %HWJ VO, + Vs,
1
+ ||Gi@nw; - ol
g | ©)
< ~un( QNP + 5[ W V@ + Ve

1 2
+ —Gz L2 e, — €; l‘]<< .
2 iL,max a),'”e e ( l)”
Since it does not exceed the threshold conditions, we have
|lei(t) — @] < a), @)

When
designing the action of the Algorithm 1, we set a,(i) to be

where a,(i) represents the threshold for agent i.

bounded, thus we have

Li < =Apin( Q@R + W2, V02,

®)

2 2
L ai,max'

1
+Vel +-G?

i,max 2 imax—wj

To guarantee L; < 0, the following conditions should hold:

&)

2 2 2 1~ 2 2
||é|| S \/Wi.maxV(Di,max + Vsi,max + 2 Gi,mawa,‘ ai,max
i .

/lmin(Qi)

According to the Lyapunov extension theorem, when (9)
is satisfied, the weight estimation error W; and the local

consensus errors ¢; are UUB.

Case 2: When it exceeds the threshold conditions learned
by Algorithm 1, ie., #; € {tf,k € N}. We consider the
Lyapunov function as

AL[ = AL[] + ALQ
= V*'@(th)) - V'(@) (10)

l T kY 1 7T Vi
+ 2tr((Wi) 49); Ztr(Wi Wp).

Due to the fact that the system (3.8) is continuous, we can
obtain that

AL; = 0. (11)
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Thus, we have
AL; = ALp
= %tr[(v’vi — aVOE(VD;E) Wi — o)
X (W; — a;V®&,(VD;&;) W; — 7)) = W] Wi
< —ai(V®iy) (VOi&)|Wi||” + s | W] (Vo)
alz = ~\Tyy . 2
+ S l[(v@iEnveE) Wi - (Voo
< _ai‘p[z,ml‘n”WiHZ + AiPimax0 i,max ”Wl”
+ a—"z||(V<DE-)(V<I)»é<)TW||2 + a—"z||(vq><é-)a||2
2 “1 1“1 1 2 “1 1

+af ||(VO) (Vo) Wi [|(VDienor|
2

2 1.2 4 2. 1.2 2
< (_aiwi,min + 7¢; (pi,max)“Wi” + 7¢; Sai,maxo-i,max
2.3 T,
+ (aigoi,maxo—i,max + Qa; ‘pi,maxa-i,max) ”‘/Vt”
_ 2 _
< Xi|[Wi[|” + v |Wil| + Z
(12)
in which
— 2 1 2 4
Xi = _ai¢i,miil + 7¢; (pi,max’
2.3
Y, = @iPimaxT iymax T @ Pi max¥ i,maxs
and
7 =120 o2
i

= Eai ‘pi,maxa-i,max > 0.

In order to guarantee AL; < 0, the following two

conditions should be satisfied:

X; <0, (13)
and

_ —Y,‘ +

Wi >

(14)

Combining case 1 and case 2, we complete the proof.

Appendix B. Proof of Theorem 2

Considering the last trigger instant consensus error when

te (tf, tf”], which can be expressed as

[leit) = &io)|
=||Fi@(t}) - Fi(@i()) + Gi(@i(t))d; — Gi(@(1)dv;
<||Fi(@(t)) - Fi@ )| + |Gi@(t ) — Gi@)i
| .
SR Gl (2:th)ve; W,~H.
(15)

<Lp|[e:(t) ~&:()||+ 2G i max
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Referring to the comparison lemma in [29], one has
et - o] < oot

15
+ 1 R dr
2 t]‘# 1 £

ait) — &)
(16)

where I1; = 2G; uax %R;lGiT (E,-(tf)) VqﬁlTW,” can be inferred
to be bounded, ie., [Tl < Ilimax

”éi(tf»‘) - é,-(tf*)“ = 0, we can obtain

Considering that

i) - o) < e f e
2w 17)

Hi,max (
< -0

<7 (b= — 1y, 1 e (5, .
Fi

Due to the event-triggered condition, one has
= ~(k . k K+l
|lei(t) = &:(E)|| < @) < @imarnt € G EFY. (18)

Combining (17) and (18), we can conclude that

H‘ k+
Ginax S (0 — 1)1 € (@, 1.
F;

19)

Through analysis, we find that there exists a non-negative
lower bound on the time interval, that is

2ai,ma}cLF

1 )
t{?”—tf‘Zt—tf*ZL—log( -+ 1)>0. (20)

F; i,max
Thus, the Zeno behavior can be avoided, which completes

our proof.
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