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Abstract: This article offers an optimal control tracking method using an event-triggered technique
and the internal reinforcement Q-learning (IrQL) algorithm to address the tracking control issue of
unknown nonlinear systems with multiple agents (MASs). Relying on the internal reinforcement
reward (IRR) formula, a Q-learning function is calculated, and then the iteration IRQL method is
developed. In contrast to mechanisms triggered by time, an event-triggered algorithm reduces the
rate of transmission and computational load, since the controller may only be upgraded when the
predetermined triggering circumstances are met. In addition, in order to implement the suggested
system, a neutral reinforce-critic-actor (RCA) network structure is created that may assess the indices
of performance and online learning of the event-triggering mechanism. This strategy is intended to
be data-driven without having in-depth knowledge of system dynamics. We must develop the event-
triggered weight tuning rule, which only modifies the parameters of the actor neutral network (ANN)
in response to triggering cases. In addition, a Lyapunov-based convergence study of the reinforce-
critic-actor neutral network (NN) is presented. Lastly, an example demonstrates the accessibility and
efficiency of the suggested approach.

Keywords: neural networks (NNs); optimal tracking control; event-triggered mechanism; reinforcement
learning (RL); systems with multiple agents

1. Introduction

Recently, distributed coordination control of MASs has received a great deal of atten-
tion as a result of its extensive applications in power systems [1,2], multi-vehicle [3] and
multi-area power systems [4], and other fields. MASs have a variety problems, such as
consensus control [5-7], synchronization control [8,9], anti-synchronization control [10],
and tracking control [11]. Reinforcement learning (RL) [12] and adaptive dynamic program-
ming (ADP) methods [13,14] have been employed by researchers as a means of solving
the optimal control problems. Due to its excellent ability for global approximation, neural
networks are excellent for dealing with nonlinearities and uncertainties [15]. ADP has great
online learning and adaptive ability when it uses neural networks. Furthermore, researchers
used RL/ADP algorithms to settle optimal coordination control matters, proposed a lot
of directions, tracked control [16-19], graphical games [19], consensus control [20], con-
tainment control [21] and formation control [22]. The controller is designed in the above
ways were relying on traditional time-triggered methods. Event-triggered in [23,24], it
was suggested that the traditional implementation be changed to an event-triggered one.
Because of the increasing number of agents, MASs are required to resolve many computing
costs related to the exchange of information. Traditionally, the controller or actuator is con-
stantly updated over a fixed period while the system is in operation. In order to minimize
computation and preserve resources, aperiodic sampling is employed in the method of
triggering events to improve the controller’s computation efficiency. There have been a
number of developments in methods that are based on events for addressing discrete time
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systems [24]. The traditional implementation was suggested to be replaced by one that is
triggered by events.

With an increase in the number of agents, MASs must solve a large number of com-
puting costs related to information exchange. Traditionally, the controller or actuator is
constantly updated frequently using a predetermined period of sampling during system
operation. To lessen the computational and save resources, aperiodic sampling is used
in the event-triggering scheme to improve the associated controller’s computational effi-
ciency. Researchers have developed some event-based methods to address discrete time
systems [25] as well as systems based on continuous time [26,27]. Several algorithms based
on triggered events have been designed to solve discrete-time systems [25], as well as
systems that operate in continuous time [26,27]. According to these results, the system
dynamics are assumed to be accurate ahead of time. However, it is not always possible to
understand dynamics properly in practice. According to [24], a controller that was trig-
gered by events was proposed which was designed with inaccurate or unknown dynamics
for the system.

The application of Q-learning to process control [28], chemical process control, indus-
trial process automatic control, and other areas was an early application of reinforcement
learning (RL). The Q-learning algorithm provides a modeless data-driven method for solv-
ing control problems. A key point to keep in mind is all potential actions in the present state.
Q-learning is currently used primarily for routing optimization and reception processing
in network communication within the context of network management. The Q-learning
algorithm supports a modeless data-driven method for solving control problems. It is
important to note that all potential actions in the present state [29] are evaluated in the
Q-learning method, relying on the Q-function. At present, Q-learning is used primarily for
routing optimization and reception processing in network communication in the domain of
network management [30]. As a result of AlphaGo’s emergence, dynamic research has been
conducted in the field of game theory, and tracking control research has been conducted on
issues associated with nonlinear MAS tracking control based on Q-learning, such as in [31].
At present, there is some research for tracking control issues for nonlinear MASs based on
Q-learning, such as in [32].

The MAS’s issue of optimal control was solved using the RL/ADP method, as men-
tioned above. The majority of the above results share two common features. First, the
direct use of the immediate or immediate reward (IR) signal to define each agent’s perfor-
mance index function results in limited learning opportunities. As a second step, a state’s
value function is used to determine the Hamilton—Jacobi-Bellman (HJB) equation. The
corresponding controller is designed using RL/ADP, which results in efficient learning of
the MAS equation. It is beneficial to provide each agent with more information signals
in a wide range of realistic applications in order to enhance their learning capabilities. In
addition to merely considering performance in terms of status, performance can also be
viewed from a broader perspective. The purpose of our research is to avoid the limitations
described above.

Taking into consideration the aforementioned findings, this work investigates an ideal
solution to the optimum control issue for MASs with unknown nonlinearity to enhance the
process of learning as well as the effectiveness of control systems. Utilizing the graph theory,
a coordination control problem is first identified. According to the gathered information of
the IR, increased reinforcement reward (IRR) signals are provided for a longer-term reward
period. Based on the IRR function, a Q-function is then developed to assess the efficacy of
each agent’s control system. In addition, a tracking control technique is developed using
iterative IrQL to derive the HJB equation for each agent. Then, based on the IrQL technique,
triggering mechanisms are employed to establish a tracking control system. Finally, an
optimum event-triggered controller based on a network topology of reinforce-actor-critic is
created. The event triggering mechanism in a closed-loop approach guarantees that the
network weights converge and the system remains stable. In light of the findings of this
study, an additional contribution has been made to the literature:
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(1) With respect to nonlinear MAS tracking control, the authors of [32] proposed an IrQL
framework, which differs from [18,33,34], and the design of a new long-term IRR signal is
completed. This product was designed on the basis of the data of neighbors to provide more
information to the agent. The IRR function is used to define a Q-function, and an iterative
IrQL method is proposed for obtaining control schemes that are optimally distributed.

(2) It is designed to trigger a new condition and cite in an asynchronous and distributed
manner [24]. As a result, each agent triggers at its own time. Consequently, there is no
need to update the controller on a regular basis. For the purpose of achieving online
learning, a reinforce-actor-critic neural network based on triggered events is established to
determine the optimal control scheme for triggered events. When compared with other
papers [18,33,35,36], this paper adjusts the weights non-periodically, and the ANN is only
adjusted when a trigger is encountered.

(3) In this paper, the objective is to develop the most effective tracking control method
using a new triggering mechanism developed using the IrQL method. As far as event-
triggered optimal control mechanisms are concerned, the Lyapunov approach is used
to determine the rigorous stability assurance of closed-loop multi-agent networks. The
designed RCA-NN framework [32] offers an effective means of executing the proposed
method online without requiring any knowledge of the dynamics of the system. We made
a comparison between the traditional activation method and the IrQL method. According
to the simulation results, the designed algorithm is capable of detecting control problems
with good tracking performance.

This article is organized as follows. The graph theory and problems of Section 2
provide an overview of some foundations. In Section 3, IrQL-based HJB equations are
obtained. As described in Section 4, the most appropriate controller design should be
triggered by an event to build the proposed algorithm. Section 5 develops the RCA-NN.
The use of Lyapunov technology leads to convergence of weights in the neural networks.
Through analogy examples and comparisons, its effectiveness and correctness of the method
are demonstrated in Section 6. The last part includes our final thoughts.

2. Preliminary Findings
2.1. Theoretical Basis of Graphs

It would be possible to model the exchange of information using a directed graph
between agents G = (V, &, A), in which V = {vq, vy, ..., v, } represents N nonempty notes
and & = {(v;,vj)|v;,v; € V} € V x V represents an edge set, indicating agent i could
derive the data from agent j. We define A = [a;;] , which is a matrix that is adjacency
relevant and does not contain negative elements a;;, where a;; > 0 is satisfied if (i,j) € £.
Otherwise, a;; = 0. N; = {j|(i,j) € £} is defined as the set of nodes that are neighbors with
node i, and a;; > 0 is satisfied for each j € ;. We denote the input matrix D = diag{d;},
where d; = YieN Ajj. The Laplacian matrix is then definedas L =D — A € RN*N,

A leader’s relationship with its followers is the subject of this article. In order to
describe follower-leader interactions, we propose an enhanced directed graph model, (i.e.,
G = (17,5), in which V = {0,1,2,...,N} and £ € V x V). A leader’s communication with
his or her followers is determined by b;. If b; > 0, then there is an assumption that the leader
and followers are in communication. Otherwise, b; = 0. B = diag{b;,...,b,} € RN*N jg
defined as the matrix of related connections.

2.2. Problem Formulation

If a nonlinear MAS has one leader as well as N followers, then the dynamics for the
ith follower would be as follows:

xij(k+1) = Ax;(k) + Bju;(k) 1)

In this case, x; € RN represents the system state, u; € RPi represents the control input,
and A € R"™", B; € R™" represent unknown matrices for the plants and inputs.
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The leader is written as follows:
xo(k+1) = Axo(k) 2
It is assumed that xy € R” represents the leader state.

Assumption 1. If there is a spanning tree with a leader, then G has a network of communication
interactions, and G does not contain repeated edges.

Definition 1. As a result of our design, we are able to develop a control scheme u;(k) that only
requires agent information. Therefore, the followers can keep track of the leader. In the event that the
funder’s conditions are met, we will be able to implement a perfect control scheme [32]:

lim || x;(k) —xo(k) |=0,i=1,2,...,n ©)]
k—o0
The MAS’s local consensus error is expressed as follows:

ei(k) = Z/\:f a;j(xi(k) — x;(k)) + b;i(x;(k) — xo(k)) (4)
JEN;

Then, an overview of the error vector is presented as follows:
e(k) = ((L+ B) ) In) (x(k) — %o(k)) ®)

e(k) = (e1T(k), e (k),...,enT (k)T € R™N x(k) = (17 (k), x2T(k),..., % (k)T € RN,

Xo(k) = I, ® xo € R™N, as well as vector I, having n dimensions.
The tracking error is written as ;(k) = x;(k) — xo(k), which has the vector form

¢(k) = x(k) — %o (k) (6)

In this equation, ¢(k) = (&7 (k), &2" (k), ..., Zu" (k)T € R™N, %y (k) = (x0” (k), x0T (), ..., x0T (k)T
Consequently, the localized neighbor error ¢; (k) is represented in the following manner,
in agreement with Equations (1) and (4):

ej(k+1) =Aei(k) + (d; + b‘)Biui(k)
—Z%J @)
]6 Z

=Fi(ei(k),ui(k))

Given Equations (5) and (6), it is evident that e(k) and (k) are related as follows:
klim || e(k) ||=0as klim | ¢(k) ||= 0. Consequently, when the localized neighboring error
—00 —00

is close to zero, the control problem is resolved.

3. Design of the IrQL Method

To resolve the issue of tracking control in systems with multiple agents, the authors
of [32] developed the IrQL method. What is important is that in order to provide agents
with a greater level of local information from other agents or environments, it is necessary to
introduce IRR information, thereby improving control and learning efficiency. In addition,
agents have been defined according to the Q-function, and the relevant HJB equation is
acquired using the IrQL method.

As an example, consider the following IR function for the ith agent:

jiei(k), ui(k), u_;(k)) Iffi(k)TRiiei(k) + u; (k) T Qi (k)
+ 3 ui(k) Qi (k) ®)

JEN;
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In this case, we can represent the agent’s neighbors’ input with u_; = {u;|j € N;}.
The weight matrices R;; > 0, Q;; > 0, and Qjj > 0 are positive.
According to the IR function, as a function of IRR, the following is expressed:

Ri(ei(k), ui(k),u_i(k)) = éVSkji(ei(s)/ui(S)/ui(s)) ©

where the IRR function is defined as r € (0,1] and r is its discount factor.
The following performance indices must be minimized for every agent to find a
solution to the issue of controlling tracking optimally:

Ji(ei(0),ui(0),u-;(0)) = }_ B'Ri(ei(t), us(t), u—i(t)) (10)
t=0
In this case, its performance index discount factor is € (0, 1].

Remark 1. The function of the designed IRR function incorporates accumulated prospective long-
term reward data from the IR function. The performance factor is measured depending on IRR as
opposed to IR, which is contrary to the majority of methods. The advantage is that we can enhance
the control actions, and the learning process can be accelerated by using a great deal of data.

Remark 2. Intrinsic motivation (IM) provides a possible method for enhancing the faculty of
abstract actions or solving the difficulties associated with exploring the environment in its re-
inforcement learning direction. IRR acts as a driving agent that learns skills through intrinsic
motivation [32].

Definition 2. In order to resolve the MAS'’s tracking control issue, we propose a distributed tracking
control scheme. As the time step k approaches infinity, e;(k) — 0 minimizes the performance

metrics (10) simultaneously.

We can obtain a state value function as follows based on the control method of the
agent as well as the neighbors u;(t) and u_;(t):

Vi) = LB R 0, (), 140) a
Equation (11) can also be expressed as the following formula:
Vilei(k) = Ri(ei(k), ui(k),u_i(k)) + BVi(ei(k +1)) (12)
Based on the theory, the ideal state value function meets the following conditions:
Vitlei(k)) = min{Ri(ei(k), ui (k) u—i(k)) + BV (ei(k + 1))} (13)

In this case, in Bellman form, the function of IRR is expressed as

Ri(ei(k),ui(k),u_i(k))
=ji(ei(k),ui(k),u_;(k)) (14)
+oR;(ej(k+1),u;(k+1),u_j(k+1))
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A2
Bu

On the basis of the condition of stationarity, (i.e., ) the description of the

optimal distributed control method is given below:

uj (k) = argmin{R;(e;(k), u;(k), un,(k)) + BV; (ei(k+ 1))}
u;(k) (15)
= — 2 B+ b) QAT (ki (k) ¥ V7 (ex(k + 1)

In this equation, 7 V;*(¢;(k + 1)) = %

Remark 3. As is well known, the state value algorithm V;(e;(k)) is highly concerned with the
space of states. In accordance with the state action function, the Q-learning method is designed with
RL. The Q-function can be used by each agent to estimate the properties of all possible decisions in
the current situation, and we can determine what is the best behavior of the agent at each step by
using the Q-function.

The Q-function is written as follows:

Qilei(k), ui(k),u_;(k)) = Ri(e;(k),u;(k),u_;(k))

T BVi(e(k+1)) (16

In accordance with the optimal scheme, the optimal Q-function is given by

Q?(ez( ), ui(k),u_i(k))
Ri(ei(k), ui(k),u_;(k)) (17)
Jr[%Q*(eZ k+1),u; (k+1),u*;(k+1))

Based on Equations (16) and (17), we can express the optimal solution as follows:

uj (k) = Wgu"?(ig{Q? (e (k), ui(k), u—_i(k))} (18)

In comparison with the control method of Equation (15), its optimum Q-function
provides the optimal solution for the control scheme here. As a result, we intend to calculate
the solution to Equation (17).

4. Designs of the Event-Driven Controller

According to a previous work [18], a time-triggered controller was developed. Never-
theless, a new event-triggering mechanism is designed to minimize computing costs for
this case.

¥, (ei(k), uj(k),u_;(k)) is defined as the sequence of trigger times. At the triggering
instant, the sampled disagreement error is expressed as &;.

As aresult of the threshold value and error, the triggering time varies. The control scheme

can only be updated when k = kt! and cannot be updated under any other circumstances:
u;(k) = u;(ktl), k € [kt;,ktsﬂ) (19)

To design a triggering condition, we propose a function that measures the gap arising
from the existing error and the previously sampled error:

ei(k) = & — ei(k), k € [kl kt, ) (20)

We have set the triggering error equal to zero at k = kt.
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The dynamic expression of localized mistakes based on an event-triggered controlling
approach can be written as

ei(k+1) = Filei(k), ui(kt,)) (21)

Thus, the equation for event-triggered events is obtained:

Vi (es(k)) =
min (R 8) k) s KE)) + BV (e, 482))) ) 22
Qi (e:(h))
=Ry(e;(k), ui(ktt), u_;(kt,)) (23)

+ BQ; (Fi(ei(k), ui(kth)))

It is possible to express the optimal tracking control using an event-triggered approach
in the following way:

u; (k) = arg min {Q; (ei(k))} (24)

u; (ktl)
Assumption 2. There is a constant L that explains the inequality below:
| Fiteito), i) | < Lllestk) | + Ll () 25)
Assumption 3. There is a triggering condition which is as follows:
le ()11 < (1 —=2£2)/ (2L |es(k)||* = 7T (26)

where ;T represents the triggering threshold and £ € (0,+/2/2) [24]. Once the multi-agent
system dynamics have stabilized, followers are able to track their leaders.

5. Neural Network Implementation for the Event-Triggered Approach Using the
IrQL Method

This section discusses the tree-NN structure, also known as RCA-NNs. Three virtual
networks are included in the tree-NN structure.

5.1. Reinforce Neutral Network (RNN) Learning Model
The reinforced NN is employed to approximate the IRR signal as follows:

R(Zyi(k)) = @riw (k) - @ri(wyy; (k) - Zi(K))) (27)
where Z,;(k) represents the input vector, which has e;(k), u;(k), while u_;(k). w;; rep-
resents the matrix of weights for input-to-hidden layering. Meanwhile, w,,; represents
the matrix of weights for hidden-to-output layering, and ¢,;(-) represents an activation
function [24].

Due to the reinforced NN, the associated error function is as follows:

ei(k) = jilei(k —1)u(k —1),u_j(k—1))

N " (28)
+0R;i(Zi(k)) — Ri(Zi(k— 1))

The loss function is written as
1
Eri(k) = 5ez(k) (29)

For convenience’s sake, only the matrices w,,; are updated, and the matrices w,q;
remain unchanged during the training process.
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The RNN'’s update law is expressed as

JE, (k
wrZi(k + 1) = wr2i(k) — Wy <8w,2i((k))) (30)

In this equation, «,; represents the rate at which the RNN learns.
The gradient descent rule (GDR) is used to obtain an updated law for the reinforced
NN'’s weight, which yields the following results:

w,i(k + 1)

OE,;i(k)  deyi(k k
E,i(k) ( IR(Z, ())) @)

( )
=)= (G0 Rl Dol
= wrZi(k) - D‘riQerz ) [1 m( rZz(k) A (k>)} Ar1<k)

In this equation , A;(k) = @,i(w? (k) - Z,i(k)).

5.2. Critic Neutral Network (CNN) Learning Model

In the following section, when designing the critic NN, an attempt is made to achieve
a close approximation of the Q-function:

Qi(Zci(k)) = wcTZi(k) §0c1( clz(k) 'Zci(k)) (32)

In this equation, Z; (k) represents the relative vector of inputs that has R;(k), e;(k), and
u;(k) as well as u_;(k), while w’.(k) and wZ;(k) represent the input layer weight matrices
and output layer weight matrices.

It is possible to express the function of the error for the CNN to be

eci(k) = Ri(Z,i(k = 1)) + BQi(Zci(k)) — Qi Zei(k — 1)) (33)

Its function of loss is written to be

12

Eci(k) 2 i

(k) (34)
In accordance with the operation of RNNS, only w»; is updated, and w,;; remains unchanged.
With the help of the gradient descent rule (GDR), it can be used to express the weight

update law:

chi(k + 1) - wCZi(k) e <aaj§211((kk)) > >

where «,; represents the critic NN’s learning rate. Furthermore, we can obtain its weight
update schemes for the critic NN:

wczi(k + 1)

oy OEi(k)  dei(k)  9Qi(Zei(k))
7wczz(k) (aecz(k) aQi(Zci(k)) awczi(k) )

= wesi(K) — e[ Ri(Zes(k = 1)) + Peofyy (k) - A (K)
—whilk=1) - Ag(k=1)] - A (k)

(36)

In this equation, A;(k) = (pcz( Wi (k)Zq(k)).
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5.3. Actor Neutral Network (ANN) Learning Model

Based on the actor NN, an approximate optimal scheme is defined as follows:

ﬁi(k) a21 Goaz( Wi - ai(k)) (37)

where the input data of the ANN is represented by Z,; (k) = e;(k), w,1; represents the weight
matrices of the input layer, and w,y; represents the weight matrices of the output layer.
Based on the prediction error of the actor NN, the following result is obtained:

eai(k) = Qi(Zei(k)) — U (38)
It is possible to express the function of loss of the ANN to be

L o) (39)

Eui(k) = 2

As with RNNs and CNNs, w,;; must remain unchanged throughout the learning
process. The actor NN update laws are defined as follows:

1) = anth) a4 “

where a,; represents the ANN learning rate. We can design a weight-tuning scheme for an

ANN as follows:
Wp2i (k + 1)

B ' o aEm(k) aem( )
= Wi (k) — g <aem (k) 00i(Zei(k))

0Q (Zc (41)
Uj ( awaZz

X

:wa21( ) LAY 1( ) Wyoj k

(k)
X V(Kb (6) T, (Zei (k) [colithei()|

4 09 (wei(k —_ ci
where Agi(k) = @ui(w]y; (k) Zai(k)), Vog(k) = SEAEEZ, a, (Za(k)) = G
Furthermore, we can obtain

wWani(k) — “uiAai(k)wgzi(k)
Wik +1) = § X V()@ (6) Vo, (Zei(K)) [whydei ()] k = kt] (42)
wuZi(k)/k € [ktérkté+1)'

It is described in detail in Algorithm 1 how the controller is designed using RCA-NNs
and event triggering. When the trigger conditions are met, the actor NN is updated.

For analysis of stability based on the Lyapunov method, we present an analysis of
stability and convergence in the following section.

Assumption 4. The following conditions are assumed to be true: ||w,2; (k)| < wWyim, ||wei (k)| <
Weim, ||wWazi (k) || < wpip. There are bounded activation functions, i.e., || Ay (k)| < Dpim, [|Bei (k) || <
Acim, [|84i (k) || < Agiy. What's more, the functions of activation ¢,;(k) is the function of Lipschitz
that satisfies||@ai(e; (kt.)) — @ai(k)|| < Oai|ei(ktl) — e;(k)|| = 6ai|€3 (k)| < Oni7tiT, where 0y,
;T are positive constants. Approximation errors of NNs’ output can be defined to be: é.;(k) =
We2i (k) Aci(k), 84i (k) = wani(k)Aai(k), 0ri(k) = wiai(k)Byi(K).

Theorem 1. Assume that Assumptions 1 and 2 are true. CNN and ANN weights are renewed by
(36) and (42). Upon satisfying the triggering term(26), the local inconsistency error is e;(k), critic
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evaluated error and actor evaluated error error are consistent and ultimately bounded. Furthermore
the control method u; converges to the optimal value us.

Evidence: Set @,y;(k) = wpi(k) — w},; as the weighting assessment error between the
optimal weights for RNNs w?,,. Its assessment w,;(k), @Wei(k) = wepi(k) — wy; is the error
resulting from welghtmg evaluation mvolvmg the ideal CNN weights w,; ; its assessed
weoi(k), as well as @i (k) = wyi(k) — w?,; is the weighting evaluated error involving the
ideal ANN weightings w?,. and its estimation wg; (k).

Algorithm 1 RCA neural networks based on the IrQL method with event triggering.

Set initial value:

1: Set initial values for w;»;(0), wg;i(0), we;(0) between (0,1);

2: Set a low level of degree of precision for the calculation £.

3: Initialize the score of x;(0), xo(0) within (0,1)

The iterative process: Make kisequalto0. Error calculation at the localized level e;(k);
4: Keep on;

5: Based on actor NN, estimate 11; (k) by (37)

6: Update the reinforce NN;

7: Via the inputting [e;(k), u;(k), u_; (k)] into the reinforce NN, and we can obtain the
estimated the function of IRR R;(Z,;(k)) via (27)

8: Obtain ¢,;(k) by (28);

9: Renew the matrices w,y;(k) by (31);

10: Renew the critic NN:

11: Via the inputting [R;(Z,;(k)), e;(k), u;(k), andu_;(k)] into critic NN,

and we can obtain its estimated Q-function via (32);

12: Obtain e.;(k) by (33);

13: Renew the matrices we; (k) by (36);

14: Renew the actor NNN:

15: Input [e; (k)] to the actor NN, and we can obtain the estimated Q-function
11;(k) via (37)

16: Calculation e;; (k) via (38)

17: In the event that the triggering conditions are met, renew the matrices
wyi(k) of the actor NN using (41)

18: Otherwise, do not update the weight matrices w,; (k)

19: Until ||wepi(k + 1) — wepi(k)|| < E; otherwise, set k = k + 1, then go to
procedure (5)

20: Keep on wjp;(k), wei(k), wgpi(k) as the optimal weights.

(1) We can obtain the following function at the time of triggering as follows:
L(k) = L1(k) + La(k) + L3 (k) + La(k) + Ls(k) (43)

In this equation,
1
L1 (k) = —tr(wh;(k)wpi(k)),

r

Lo(k) = - tr(whi(Dwai(k),
44
La(k) = tr(wh (Ko (), “

Ly(k) = ¢*R;(k),
Ls (k) = B*Q;(k).

AL (k) is written to be

ALy(K) = —tr(eoly(k+ Deos(k+1) — oy (B)eyai(K). (45)

rt
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In this equation, we have
Wpi(k+1) = wpi(k+1) — wpy;
— woi(k) — aialilk — 1) + OR(K) — R(k— 1)) (46)
X (Sri(k)Ari(k)
Furthermore, we have
ALy (k) = —20%8,i(k) [0 "j(k) + R(k) — R(k —1)]
+ a0 [0 (k) + R(k) — R(k — 1)]87;(k)
R R 2
={6:(k) = ?lo"j(k) + R(k) = R(k—1)]} 47)
— (1= () A% (K)o [0 (K) + R(K) — R(k— 1)
x 87;(k) — &7 (k)
ALy (k) can be written as
ALy (K) = ——tr{why(k + Do (k+ 1) — ol (Kl (k)) (48)
Within this equation, we have
Weai(k+1) = wepi(k+1) — wy
= Wi (k) — aeiBAci (k)| z(k 1) (49)
+ :B(WCZZ'( ) + chz) ( ) c21( 1)Aci(k - 1)}
Furthermore, we have
ALy (k) = al {D1 + Dy + D3 — c21(k)w02i(k)} (50)
where
Dy = wly (k) (I — aiB? D (k) ALy (k)i (k
= wai(k)||* = 20| 6ci (k) |
+ a2 B[ Ak () |21 2 () |1
Dy = =206 (k) [B Ri(k — 1) + (w}y;) " Aci (k)
— B wei(k = 1)Aci(k = D)]||Aci (k)|
D3 = aZB* B Ri(k — 1) + (wi) " Aci(k)
— B wii(k = 1)Ag(k—1)]"
X [BIRi(k — 1) + (why) " Aci(k) — B wi(k — 1) Ai(k — 1)]
The following result is obtained by computation:
ALy (k) = =10 (K)|I* — B*(1 — i | Aci (k) 1)
X |[8ci (k) + B Ri(k — 1) + () " Aci(k)
—B lwhi(k = 1)A(k—1))|? (51)

+[Ri(k — 1) + B(wiy) T Ai (k)
whi(k—1)Aq(k—1)|2
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In the case of the difference of the first order of L3(k), we can obtain

ALy () = = (@l (k-+ Dok + 1) — wlhy (F)weai(K))

at

where,
Wi(k+1) = wWapi(k +1) — wp;

= wai(k) — agiBgi(k)w (k) C (k)
X [wh; (k)i (k)]
Therefore, we have
1
ALz(k) = ?(El — Wb (k)wgi(k))
at

where
E1 =|[wai (k)| = 284w 5; (k) C(k)8ai (K) [ (k) Aci (k)]

+ atgi | (k) Aci () 1211 8ai (k) 2| cody; (k) C (k) |2

In the case of AL3(k), the simplified formula is given below:
ALs(k) = — (1 — i | 80i (k)| ) Hlewdy; (k) Aci (k) |2

X [ (k)C (k)12 = [18a: (k) ||
+ [lewd; () C(R) Ai (K)ol (k) — bai (K) |2

By adding Equations (47), (51), and (56), we can obtain L(k) as follows:

AL(k) = ALy (k) 4+ ALy (k) + ALz(k) + ALy (k) + ALs (k)
= —B2116ci (k)| > — B (1 — aci?||Bei (k) [|?)
X||5Ci( ) :B IA{( )+( 021) A (k)

)A

_:Bilwcm( ( _1)“2
(1_aaz||Aal( )|| )
x [|wgi (R)Bei (k)12 leo; () C (k)1 + [ Ri (k — 1)

+ B(whn) T Aci (k) — wip; (k= 1)Aci(k = 1)|

+ |[w i (k) C (k) ALy (k) cwly; (k) — 84 (K) ||

-(1 “rzAz (k))Q

x [lo71j(k) + Ri(k) — o " Ry(k = 1)|?

8 (k) + |16, (k) — @* [0 (k) + Ri(k)

— o "Ri(k—1)]|?

— 182 (k)| [* = (18, (k) [|* + B Qi(k + 1) — B*Qi(k)
+ 0" R (k+1) — ¢"R;(k)

(52)

(53)

(54)

(55)

(56)

(57)
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Therefore, we can obtain

AL(k) = =216 (k)| [ — B2 (1 — aciB[ | Dci () | [7) x [[6ci (k)
+ BV (k) |[* = (1 = gl Ai ()| [P) || X1 (K) ||
W (k) P+ VA () [P+ (W (k) XT (k) — 6,5 (k) 1]
— (1= agi ()18 (0 P)e* lo~ Ya (k)| Pv7; (k)

— (182 () 1> = 118, ()| > + B Qi (k + 1) — BFQi(k)
+ 0" R (k+1) — ¢"Ri(k)

(58)

where Vi (k) = Ry(k — 1) + B(ely) TA(k) — why (k — DAk — 1), Wi () = wh (K)C(K),
X1 (k) = wh.(k)Aci(k), Y1 (k) = j(k) + oR;(k) — R;(k — 1), and we can obtain ||V; (k)|| <
Vg, [[W1(R) || < Wa, | X1 (B) ] < Xqm, |1 Y2 (K)]] < Yi. Next, we can obtain
AL(K) < — B[16: (k) [1> — B2 (1 — aciB?[| Aci (k) |?)

x |16 (k) + B~ Vi (k)| 2

= (1= g[8 (k)| )1 X3 () [ [Wa (R) |2

+2|[Wa (k) XT (k)7 + [ |64 (k) || (59)

— (1= i |8 (k)| P) @[ Ya (R) |87 (k)

+2](8,: (k) [ +2[Va (k) |2

— B*Qi(k) — " Ri(k)

Moreover, we can obtain

AL(k) < — B?[[6:i (k)| > — B (1 — aeiB?[| Aci (k)| )
x (61 (k) + B~ Vi (k)| 2
— (1= atgi [ Ai () | [2) || X1 (K) | [P [ WA (R) [
+ Vi, 4 2WE, X3, + 21 [(wi) T Aai ()] 2
+ 2l waibai (k) [P
— (1= ayil[A () [17) @2 Ya (k)| 1287 (k)
+2{18,i (k) |[* + 2| Y2 (K) |
— B*Qi(k) — ¢* Ry (k) (60)
< =166 (k) [1> — B (1 — aeiB?||Aci ()] )
X [[6:i (k) + B~ Va (k) |2
— (1= g | A ()P 1 X (k) ][ W (K) |
+ V2, +2W2, X3+ dw?, N
— (1= ayil[A () 11702 Ya (k)| 187 (k)
+26%, +2YE,
— BXQ;(k) — ¢"R;(k)

If the conditions are met, then we can obtain

1 1 1
0 < g i S i <
A2 T BIAG ()P T [ Aw(R)] 2

18 (K) | > £/ (V2 +2W2, X3, + 4wy, A2, +28%, +2Y2,)/ B

a2im = aim rim

We can derive AL(k) < 0. The proof has been completed.
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(2) In the absence of the triggering conditions, consider the following:

L(k) = Ly(k) + La(k) + Lq(k) (61)
where .
Ly (k) = ;ﬁtr(wfgi(k)wﬂz(k))/

Lo(K) = - tr(wh (K (K),

La(k) = e] (k)ei (k)
AL(k) = ALy (k) + ALy (k) + ALy (k)
= —B2[6 ()| = B (1 — weiB?| B (K) | )
X [[6ci (k) + B~ Va (k)| |2 + || Va (k) |

(62)
— (1= i [Ari (k) [[*)@?| [ Y (k) [ P67 (k)
+ 262 +2YZ
+el (k+1)ei(k+1) — el (k)e; (k)
AL(k) < —B?|[6¢i (k)| [> = B*(1 — aciB?[|Aci(K) [ )
x |6 (k) + B~ VA (k)| + || Va (k) ||
— (1= il | A () |12 @ |1 Ya (K) || 707 ()
+262 +2YE,
+ ((ellei (k) + ol [€5]1)* — [lei (k) |1%) (63)

< =10 (k) |2 = B2 (1 — acip? [ Aci (K)|[)
x 166 (k) + B~ VA (k)| > + Vi,
= (1=l [ 8, (k)| P)e? |12 (k) | 207 (k)
+20%,, +2Y3,
— (1=22)|lei (k) || — 22| [e5 |2

In the event that it is satisfied that «,; < m’“d < m'%i < m/

and ||d.(k)|| > \/(Vlzm +202 +2Y2 )/B?, one has AL(k) < 0. Thus, we can derive

rim

AL(k) <0, and the proof is completed.

6. Statistical Data Illustration

To demonstrate the viability of the proposed method, a simulation is presented in the
following section.

Nonlinear MAS Consisting of One Leader and Six Followers

There were six followers and one leader in this tangled set of MASs which were
considered. Figure 1 depicts the connection graph of the studied MASs. There was a
leader of 0, and there were followers of 1, 2, 3, 4, 5, and 6. It is possible to obtain the
corresponding adjacency matrix a;4 = ay; = azp = a43 = as; = ag5 = 1. Thereis a
weighted relationship involving the leaders and followers where by = 1,by = b3 = by =
bs = bg = 0. It is possible for agent 1 to accept the information of the leader immediately.
The system model parameters for MASs with one leader as well as six followers are
as follows: A — | 0992~ 0.09980 By = [0,0.2]T,B, = [0,0.5]T,B3 = [0,0.4]T,By =

—0.09982  0.995 | T T T
[0,0.3]7, Bs = [0,0.6]T, and By = [0,0.7]".

The weight matrices are as follows: Q11 = Qo = Q33 = Qa4 = Qs5 = Q¢ =1, Ry =

Ry = R33 = Ryy = Rs5 = Reg = Irx2, and Q1q = Q21 = Q32 = Quz = Q52 = Qo5 = Lax2-
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The learning rates are a,; = 0.95,,; = 0.90, and a; = 0.07(iisequaltol,2,3,4,5,6), with a
discount factor of ¢ = 0.57, 8 = 0.9.

For the agents, the activation function of the RNNs and ANN s is as follows: Z,; (k) =
T (k) T ), T (DT, Zan () = ex (1), Zoa(K) = (e (), d (kE2), T (k2T Zpa ) =
e (kt2),Z,5(k) = [ed (k), ul (kt2), ul (kt2)]T, Zag (k) = e3(kt3),Zua(k) = [ef (k),ul (kt?),ul (kt )T
Zaa(k) = ea(kt?),Zy5(k) = led (k), uf (ki2),u3 (ktZ)]", Zos (k) = e5(kt2), Zye () = [eg (K),u (kt2),
ul (k)T Za (k) = eq(kt®). The initial values of the leader and followers are xo(O) =
[0.6675,0.7940]", x1 (0) = [0.5734,0.6000]", x2(0) = [0.5667,0.7348]T,
x3(0) = [0.8694,0.7140]T, x4(0) = [1.0212,1.3842], x5(0) = [0.8606,1.5565]", and x4(0) =
[0.5274,1.3235]T.

According to Figure 2, all followers of the leader were able to accurately follow the
leader, and the whole MAS was able to achieve synchronization. Figure 3 illustrates the
six agents’ cumulative amount of trigger instants. On average, the amount of trigger
instants for the six agents was approximately 220. However, using the traditional RL
method, the number was approximately 1000. As a result, the computational burden was
reduced by 78.0% in comparison with the conventional time-triggered method. According
to Figure 4, the trigger mechanism of each agent is illustrated, which indicates that the
actor network weight will be updated only when the trigger mechanism is satisfied. As
can be seen in Figure 5, there is a correlation involving the error of triggering ||€3 (k)| |? as
well as the minimum triggering requirements 77;T. Over time, it appears that the triggering
error converged. Figures 6 and 7 illustrate the evaluation of the local neighborhood errors
using the proposed control method, and it is shown that they could be converged to 0 at
k = 60. The local neighborhood errors of [32] are shown in Figures 8 and 9. In comparison

7

with Figures 8 and 9, our proposed control method produced a better convergence effect.

Figures 10 and 11 show the estimation of the ANN weight parameters. With the proposed
control method, the actor network weights can stabilize faster than with IrQL.

Followers

Figure 1. The topology structure for leader-follower MASs.
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Dynamics

0 20 40 60 80 100 120 140 160 180 200
Time Steps

Figure 2. The tracks for the leader and followers.
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Figure 3. The comparison of the trigger time number involving the suggested method as well as the
conventional approach.
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Figure 6. Local neighborhood errors ¢;1 (k) with the proposed control method.

T T
agent1
. agent2
= mmmm——— —— —gnmn"n wnnngpnmnn nmn; 0we agent3 |
S g agentd
= {= agent5
g Qg o r— fr— ; agent6 |
o
=
] H
9 H
p— H
-t H
2 i
= i
= i
an i
T =02 Bl el RN Forrranssensiesnasrass savassssees e -
= i
—_ i
0 i
< i
'3 .......................... Evvrevssnnssssssrnsssnnsannenrons Buwsrrascsrsuressarrarsnsreranis Bovvvernnnrnnnnsinninmmmnnn o
L L
100 150 200

Time Steps

Figure 7. Local neighborhood errors e;; (k) with proposed control method.
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Figure 10. The estimation of weight parameters of the ANN of [32].
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Figure 11. Estimation of the weight parameters of an ANN using the proposed control method.

7. Conclusions

According to this study, an event-triggered optimum controlling problem for model-
free MASs was examined using the IrQL method based on RL. A new IrQL method was
introduced by adding additional IRR functions [32], As a result, more information could
be obtained by the agent. As a consequence of defining the IRR formula, we defined
the Q-function and derived the corresponding HJB equation. In an iterative approach to
IrQL, this method was designed to calculate the optimal control strategy. Using the IrQL
algorithm, an event-triggered controller utilizing the IrQL method was presented. It was
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designed to update the controller only at the time of triggering to reduce the burden on
computing resources and the transmission network. An RCA-NN was used to implement
the suggested approach, which eliminated the need for a model of the system. It is possible
to determine the convergent weights of neural networks using the Lyapunov method. To
assess the performance and control efficiency of the suggested algorithm, a simulation
model was used. Further research will be conducted on the effect of the discount rates on
system reliability.
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