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Abstract— This article proposes a fault-tolerant adaptive multi-
gradient recursive reinforcement learning (RL) event-triggered
tracking control scheme for strict-feedback discrete-time mul-
tiagent systems. The multigradient recursive RL algorithm
is used to avoid the local optimal problem that may exist
in the gradient descent scheme. Different from the existing
event-triggered control results, a new lemma about the relative
threshold event-triggered control strategy is proposed to handle
the compensation error, which can improve the utilization of
communication resources and weaken the negative impact on
tracking accuracy and closed-loop system stability. To overcome
the difficulty caused by sensor fault, a distributed control method
is introduced by adopting the adaptive compensation technique,
which can effectively decrease the number of online estimation
parameters. Furthermore, by using the multigradient recursive
RL algorithm with less learning parameters, the online estimation
time can be effectively reduced. The stability of closed-loop
multiagent systems is proved by using the Lyapunov stability
theorem, and it is verified that all signals are semiglobally
uniformly ultimately bounded. Finally, two simulation examples
are given to show the availability of the presented control scheme.

Index Terms— Event-triggered control, fault-tolerant control,
multiagent systems, multigradient recursive reinforcement learn-
ing (RL) algorithm.

I. INTRODUCTION

RECENTLY, the cooperative control problem of multia-
gent systems (MASs) has received considerable atten-

tion due to its widespread applications [1]–[7]. For example,
an adaptive distributed fault-tolerant control approach with
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output regulation was proposed for linear MASs in [8].
Liu et al. [9] proposed a new distributed cooperative com-
pound tracking scheme for the vehicular platoon using neural
networks (NNs). The finite-time fault-tolerant distributed adap-
tive tracking control problem was solved for high-order non-
linear MASs in [10]. Wu et al. [11] proposed a cooperative
adaptive control scheme by using the backstepping technique
for high-order stochastic nonlinear MASs subject to dead zone.
It is noted that the results in [8]–[11] mainly solved the weight
vector problem. However, the ideal weight vector problem has
not been considered in the above achievements. Therefore, it is
important to design an adaptive control algorithm to search for
the optical solution.

The gradient descent method, which can search the optimal
solution, has received considerable attention [12]–[29]. For
instance, Bai et al. [30] proposed an NN reinforcement learn-
ing (RL) control scheme for discrete-time nonstrict-feedback
systems. A distributed fault-tolerant adaptive control scheme
was put forward for MASs via gradient descent method
in [31]. Yang and Jagannathan [32] proposed an adaptive
critic control strategy for discrete-time systems via the RL
algorithm. However, the methods in [12]–[32] searched the
optimal solution from a single point, which is easy to cause
the local optimal problem. To resolve it, Bai et al. [33]
designed a novel multigradient recursive RL algorithm. For a
family of nonlinear systems with input saturation, an adaptive
multigradient recursive RL NN tracking control scheme was
presented in [34], whereas the studied control methods in [33]
and [34] need to adjust a large number of parameters online so
that much estimation time would be wasted. Thus, we need to
design an adaptive multigradient recursive RL algorithm that
requires less online estimation time.

On the other hand, the inevitable limitation of network
resources is considered to be the main cause of unexpected
network-induced phenomenon. Therefore, the event-triggered
mechanism as one of the effective ways to reduce the com-
munication burden has attracted much interest [35]–[38].
For instance, Mu et al. [39] presented an event-triggered
adaptive robust critic control strategy for a kind of nonlin-
ear continuous-time systems. An event-triggered decentralized
fuzzy adaptive control scheme was proposed for nonlinear
large-scale systems in [40]. For a class of stochastic nonlinear
MASs with unmeasurable states, Liang et al. [41] designed
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an event-triggered fuzzy bipartite tracking control scheme,
and the difficulty caused by unmeasurable states was solved
by using the distributed reduced-order observer. The results
in [39]–[41] considered the tradeoff between resource saving
and control performance. It is known that an unnecessarily
large event-triggered threshold will reduce the tracking accu-
racy and endanger the stability of the closed-loop systems.
Therefore, Wang et al. [42] found an effective compensation
method to weaken the impact of event-triggered threshold on
the closed-loop systems’ performance. Unfortunately, the mea-
surement error in [42] needs to be bounded by a given
value regardless of the size of control signal, which may
degrade the system accuracy. Thus, it is meaningful to design
a new compensation mechanism under the relative threshold
event-triggered control.

The above analysis motivates us to present a fault-tolerant
adaptive multigradient recursive RL event-triggered tracking
control strategy for nonlinear strict-feedback MASs. The cor-
responding challenging problems at this work are listed as
follows.

1) Different from the gradient descent method [30]–[32],
the multigradient recursive RL algorithm is presented
in this article, which can avoid the local optimal issue.
In addition, the proposed approach with less learning
parameters (LLPs) can decrease online estimation time,
which is hard to be achieved in [33] and [34].

2) Under the framework of relative threshold event-
triggered strategy, a lemma (see Lemma 1) is proposed,
which can effectively handle the compensation error
caused by the operator.

3) A new relative threshold compensation strategy is
proposed for event-triggered mechanism, which can
improve the tracking accuracy and system stability while
reducing the communication burden.

The rest of this article is organized as follows. The priori
knowledge is given in Section II. An event-triggered-based
multigradient recursive RL control strategy is presented in
Section III. Section IV shows some results with respect to
practical and numerical examples. Finally, conclusions are
given in Section V.

Notation: R
m (m = 1, 2, . . . , n) represents the

m-dimensional Euclidean space. | • | and � • � stand
for the absolute value and the Euclidean norm of vector or
matrix, respectively. ∇ and grad denote the gradient at some
point. � is the differentiate operation.

II. PRELIMINARIES

A. Graph Theory

The information exchange among agents is usually rep-
resented by a digraph. The digraph is expressed as
G = (T ,H,A) with T = (1, . . . , N) denoting the nonempty
node set, H ⊆ T × T representing the edge set, and
A = [ai, j ] ∈ R

N×N being the relevant adjacency matrix.
Edge (T j ,Ti ) ∈ H denotes an edge from i to j . In addition,
if the information flows from node j to i , ai, j > 0; otherwise,
ai, j = 0. � = diag{θ1, . . . , θN } stands for the diagonal matrix
with θi = �N

j=1 ai, j . C = � − A is the Laplacian matrix.

Vi = {T j |(T j ,Ti ) ∈ H, i �= j} stands for the neighbors set of
the agents.

The augmented graph is expressed as Ḡ = (T̄ , H̄) with
T̄ = (0, 1, . . . , N), H̄ = T̄ × T̄ , where 0 is the signal of
leader. ςi,0 > 0 means that the leader 0 can send information
to node i ; otherwise, ςi,0 = 0.

Assumption 1 [41]: For the leader–follower MASs,
the digraph G contains at least a spanning tree with node 0
as the root.

B. Problem Formulation

This article considers the discrete-time MASs as⎧⎪⎪⎪⎨
⎪⎪⎪⎩

si,1(k + 1) = τi,1si,2(k)+ gi,1(s̄i,1(k))

si,m(k + 1) = τi,msi,m+1(k)+ gi,m(s̄i,m(k))

si,n(k + 1) = τi,nνi (k)+ gi,n(s̄i,n(k))+ di(k)

yi(k) = F(si,1(k))

(1)

where s̄i,m(k) = [si,1(k), si,2(k), . . . , si,m(k)]T ∈ R
m (2 ≤

m ≤ n − 1) and s̄i,n(k) = [si,1(k), si,2(k), . . . , si,n(k)]T ∈ R
n

represent the state vectors. gi,l(s̄i,l(k)) stand for the unknown
smooth nonlinear functions, τi,l > 0 denote the known para-
meters, and di(k) represent the unknown external disturbances
with l = 1, . . . , n and i = 1, . . . , N . νi (k) ∈ R and
yi(k) ∈ R denote the input and output of the MASs, respec-
tively. We define yd(k) as the leader’s dynamic. In addition,
F(si,1(k)) = ζ̌i (k)si,1(k)+ιi(k) stands for the sensor fault with
ζ̌i(k) and ιi(k) being the parameters of sensor fault.

Based on the analysis of sensor fault in [43] and [44],
the sensor fault model is introduced in discrete-time MASs.
The parameters of the sensor fault considered in this article
satisfy ζ̌ ≤ ζ̌i(k) ≤ 1 and ι ≤ ιi(k) ≤ ῑ with ζ̌ > 0,
ι and ῑ being the lower and upper bounds of ιi(k), respectively.
According to the above analysis, the following four types of
faults are considered in this article.

1) If ζ̌i(k) = 1 and ιi (k) is a constant, the fault is called
the bias fault.

2) If ζ̌i(k) = 1 and |ιi (k)| = ςk with 0 < ς 	 1, the fault
is called the drift fault.

3) If ζ̌i(k) = 1 and |ιi(k)| < ῑ with �ιi (k) → 0, the fault
is named loss of accuracy.

4) If ζ̌ ≤ ζ̌i(k) < 1 and ιi(k) = 0, the fault is called loss
of effectiveness.

Thus, the sensor fault is organized as

yi(k) = si,1(k)+ fi (k) (2)

with fi (k) = (ζ̌i(k)− 1)si,1(k)+ ιi(k).
On the other hand, inspired by [42], a new relative threshold

strategy-based event-triggered scheme is introduced. Fig. 1
shows the block diagram of control scheme, and we define
the transmission error as

υ̌i(k) = ut
i(k)− ui(k) = ui(kb)− ui(k), kb ≤ k < kb+1

(3)

where ui (k) denotes the current feedback control signal and
ut

i(k) = ui(kb) represents the last transmitted control signal
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Fig. 1. Block diagram of the event-triggered adaptive control scheme.

with kb standing for the triggering instant and b ∈ N . Then,
the relative threshold control condition is designed as

|υ̌i(k)| ≥ η̌i(|ui(k)| + ηi) (4)

where 0 < η̌i < 1 and ηi > 0 are designed parameters.
Based on (3) and (4), it yields

kb+1 = min{k ∈ N |k > kb, |υ̌i(k)| ≥ η̌i(|ui(k)| + ηi)}.
In addition, to degrade the influence of event-triggered

threshold on the performance of closed-loop MASs, a designed
operator is introduced into the actuator as follows:

νi(k) = ut
i(k)− ηi,d

where ηi,d will be designed later.
Assumption 2 [31], [45]: The leader yd(k) and its differ-

ences are assumed as bounded functions.
Assumption 3 [46]: The external disturbance |di(k)| ≤ d̄ is

assumed to be bounded, and d̄ > 0 is a constant.
Lemma 1: For a positive constant σ̆i and a time-varying

parameter |ϕi(k)| ≤ 1, one has

|ϕi(k)η̌iηi − ηi,d | < η̌iηi , |ϕi(k)| < 1

|ϕi(k)η̌iηi − ηi,d | ≤ 0.2785σ̆i, |ϕi(k)| = 1

where ηi,d is designed in (27).
Proof: Since |ϕi(k)| ≤ 1, we discuss it in five cases as

follows.

1) When 0 < ϕi(k) < 1, we can get sgn(ϕi(k)) = 1, and
thus, it follows that

|ϕi(k)η̌iηi − ηi,d | = η̌iηi

����ϕi(k)− tanh

�
η̌iηi

σ̆i

	���� ≤ η̌iηi .

2) When ϕi(k) = 0, we can get sgn(ϕi(k)) = 0, and thus,
it follows that

|ϕi(k)η̌iηi − ηi,d | = 0.

3) When −1 < ϕi (k) < 0, we can get sgn(ϕi(k)) = −1,
and thus, it follows that

|ϕi(k)η̌iηi − ηi,d | = η̌iηi

����ϕi(k)+ tanh

�
η̌iηi

σ̆i

	���� ≤ η̌iηi .

4) When ϕi(k) = 1, we can get sgn(ϕi(k)) = 1, and thus,
according to [36], it follows that

|ϕi(k)η̌iηi − ηi,d | =
����η̌iηi − η̌iηi tanh

�
η̌iηi

σ̆i

	����
≤ 0.2785σ̆i .

5) When ϕi(k) = −1, we can get sgn(ϕi(k)) = −1, and
thus, one has

|ϕi(k)η̌iηi − ηi,d | =
����−η̌iηi + η̌iηi tanh

�
η̌iηi

σ̆i

	����
≤ 0.2785σ̆i.

Then, based on the above proof, we can get the conclusion
of Lemma 1.

According to [47] and (2), one has⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

si,1(k + n) = τi,1si,2(k + n − 1)+ Gi,1(s̄i,n(k))

si,m(k̆ − m) = τi,msi,m+1(k + n − m)

+ Gi,m(s̄i,n(k))

si,n(k + 1) = τi,nνi (k)+ Gi,n(s̄i,n(k))+ di(k)

yi(k) = si,1(k)+ fi (k)

(5)

where k̆ = k + n + 1 and Gi,1(·), Gi,m(·), and Gi,n(·) are new
functions with 2 ≤ m ≤ n − 1.

The control goal of this article is to develop an adaptive
multigradient recursive RL event-triggered scheme to ensure
that all signals of the closed-loop MASs are semiglobally
uniformly ultimately bounded (SGUUB).

The distributed errors and the change of coordinates are
defined as⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

ξi,1(k + n) =


j∈Vi

ai, j (yi(k + n)− y j(k + n))

+ ςi,0(yi(k + n)− yd(k + n))

ξi,m(k̆ − m) = si,m(k + n + 1 − m)− �̌i,m−1(k)

ξi,n(k + 1) = si,n(k + 1)− �̌i,n−1(k)

(6)

with ςi,0 ≥ 0 standing for the pinning gain and �̌i,m−1(k) and
�̌i,n−1(k) being the virtual control signals.

C. Radial Basis Function NNs

The unknown nonlinear function �(�) is estimated by using
the following radial basis function (RBF) NN:

�(�) = � ∗Tφ(�)

with � ∗ ∈ R
β standing for the weight vector and φ(�) =

[φ1(�), φ2(�), . . . , φβ(�)]T denoting the basis function vec-
tor, where β > 1 represents the node number of NNs.
We choose the Gaussian function form of φi (�) as

φi(�) = exp

�
− (�− ν̆i)

T (�− ν̆i)

τ̌ 2
i

�
, i = 1, 2, . . . , β

where ν̆i stands for the receptive field center and τ̌i represents
the Gaussian function width.

Obviously, we can get

φT
i (�)φi (�) ≤ β.

Then, based on [48]–[53], for a constant ε̄ > 0 and any
unknown function �(�) over a compact set, one has

�(�) = � Tφ(�)+ ε(�)

where � represents the ideal weight vector and ε(�) stands
for the approximation error with |ε(�)| ≤ ε̄.
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III. ADAPTIVE MULTIGRADIENT RECURSIVE

RL CONTROL DESIGN

A. Designs of Strategic Utility Function and Critic NNs

Based on [31], we define

ϒi (k) =



0, |ξi,1(k)| ≤ ῠ

1, |ξi,1(k)| > ῠ

where ῠ denotes the tracking performance threshold and ϒi (k)
represents the tracking performance index.

Then, from [54], the long-term strategic utility func-
tion (SUF) can be designed as

Qi (k) = ϒi (k + 1)+ ǒiϒi (k + 2)+ ǒ2
iϒi (k + 3)+ . . .

where ǒi > 0 denotes a designed weighting parameter.
Since Qi (k) is unknown, critic NNs are used to approxi-

mate it, and one has

Qi (k) = � T
i,oφi,o(k)+ εi,o(k)

where �i,o stands for the ideal weight vector and εi,o(k)
represents the approximation error.

Based on the idea of LLPs in [55], it yields

Q̂i (k) = ˆ̄�i,o(k)φ̄i,o(k) (7)

with Q̂i (k) being the estimation of Qi (k), ˆ̄�i,o being the
estimation of �̄i,o = ��i,o�, and φ̄i,o(k) = �φi,o(k)�.

Remark 1: To obtain better control performance, the num-
ber of NN nodes in the hidden layer may be large, and then,
more computation time is required. Therefore, the method with
LLPs that adjusts the Euclidean norm of weights is used in
this article to reduce the online computation time.

Similar to [56]–[58], we define the prediction error as

ξi,o(k) = ǒi Q̂i (k)− [Q̂i(k − 1)−ϒi (k)].
Then, we define the cost function (CF) as �i,o(k) =

ξ2
i,o(k)/2, and the gradient can be derived as

∇ ˆ̄�i,o(k) = ∂�i,o(k)

∂ ˆ̄�i,o(k)

= ǒi φ̄i,o(k)[ǒi Q̂i (k)− Q̂i (k − 1)+ ϒi (k)].
According to [34], the multigradient can be obtained as

grad(ρ,�i,o(k)) =
ρ


l=1

ǒi φ̄i,o(k − l + 1)

× [ǒiχi,o(k − l + 1)− χi,o(k − l)

+ϒi(k − l + 1)] (8)

where ρ denotes the gradient length, χi,o(k − l + 1) =
ˆ̄�i,o(k)φ̄i,o(k − l + 1), and χi,o(k − l) = ˆ̄�i,o(k)φ̄i,o(k − l).

The multigradient recursive updating law can be designed
as

ˆ̄�i,o(k + 1) = ˆ̄�i,o(k)− ζi,o

ρ

l=1

ǒi φ̄i,o(k − l + 1)

× [ǒiχi,o(k − l + 1)− χi,o(k − l)

+ϒi(k − l + 1)] (9)

where ζi,o > 0 represents the convergence factor.

B. Design of Adaptive RL Controller

By using the direct adaptive control method, an event-
triggered-based distributed NN multigradient recursive RL
controller will be designed in this section.

Step 1: Based on (5) and (6), it yields

ξi,1(k + n) = (θi + ςi,0)(Gi,1(s̄i,n(k))+ τi,1si,2(k + n − 1)

+ fi (k + n))−


j∈Vi

ai, j

× (G j,1(s̄ j,n(k))+ τ j,1s j,2(k + n − 1)

+ f j(k + n))− ςi,0 yd(k + n). (10)

Inspired by the idea of direct adaptive control method
in [59], the desired control signal is designed as

�i,1(k)

= − 1

τi,1(θi + ςi,0)

⎡
⎣(θi + ςi,0)(Gi,1(s̄i,n(k)+ fi (k + n))

−


j∈Vi

ai, j(G j,1(s̄ j,n(k))

+ τ j,1s j,2(k + n − 1)+ f j (k + n))

− ςi,0 yd(k + n)

⎤
⎦.

Since the desired control signal contains the unknown
continuous functions Gi,1(s̄i,n(k)), G j,1(s̄ j,n(k)), fi (k+n), and
f j (k+n), the RBF NNs are employed to approximate it, that is,

�i,1(k) = � T
i,1φi,1(ωi,1(k))+ εi,1(k) (11)

where ωi,1(k) = [s̄T
i,n(k), yd(k+n)]T . Then, based on (6), (10),

and (11), one can obtain

ξi,1(k + n) = (θi + ςi,0)τi,1(ξi,2(k + n − 1)

+ �̌i,1(k)− �i,1(k)).

Remark 2: The existing results use dynamic programming
methods to solve nonlinear optimization problems, and how-
ever, dynamic programming methods have two disadvan-
tages: OFF-line computation and large computation. Therefore,
the RL algorithm is introduced in this article and the NNs are
used to approximate nonlinear functions online. This algorithm
can make up for the shortcomings of dynamic programming.

By using the approach with LLPs, we design the virtual
control signal as

�̌i,1(k) = ˆ̄�i,1(k)φ̄i,1(ωi,1(k)) (12)

with ˆ̄�i,1 being the estimate of �̄i,1 = ��i,1� and φ̄i,1 =
[�φ1,1�, . . . , �φN,1�]T .

In the light of (11) and (12), we have

ξi,1(k + n) = (θi + ςi,0)τi,1ξi,2(k + n − 1)

+ (θi + ςi,0)τi,1 ˜̄�i,1(k)φ̄i,1(ωi,1(k))

+ (θi + ςi,0)τi,1�i,1(k) (13)
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where ˜̄�i,1(k) = ˆ̄�i,1(k) − �̄i,1 and �i,1(k) = �̄i,1

φ̄i,1(ωi,1(k)) − � T
i,1φi,1(ωi,1(k)) − εi,1(k). Then, (13) can be

converted to

ξi,1(k + 1) = (θi + ςi,0)τi,1ξi,2(k)

+ (θi + ςi,0)τi,1 ˜̄�i,1(k1)φ̄i,1(ωi,1(k1))

+ (θi + ςi,0)τi,1�i,1(k1) (14)

where k1 = k − n + 1. In addition, we define

ξi,c1(k) = ˆ̄�i,1(k1)φ̄i,1(ωi,1(k1))+ [Q̂i(k)− Qi,d(k)]
with Qi,d (k) denoting the desired SUF and being usually
chosen as “0” from [34]. Thus, we design the CF as

�i,1(k) = ξ2
i,c1(k)

2
.

Then, the gradient is expressed as

∇ ˆ̄�i,1(k1) = ∂�i,1(k)

∂ ˆ̄�i,1(k1)

= φ̄i,1(ωi,1(k1))[ ˆ̄�i,1(k1)φ̄i,1(ωi,1(k1))+ Q̂i (k)].
Similar to (8), one can obtain

grad(ρ,�i,1(k)) =
ρ


l=1

φ̄i,1(ωi,1(k1 − l + 1))

× [χi,1(k1 − l + 1)+ χi,o(k − l + 1)]
(15)

where χi,1(k1 − l + 1) = ˆ̄�i,1(k1)φ̄i,1(ωi,1(k1 − l + 1)). Then,
the multigradient recursive updating law can be designed as

ˆ̄�i,1(k + 1) = ˆ̄�i,1(k1)− ζi,1

ρ

l=1

φ̄i,1(ωi,1(k1 − l + 1))

× [χi,1(k1 − l + 1)+ χi,o(k − l + 1)] (16)

where ζi,1 > 0 is the convergence factor.
Step m (2 ≤ m ≤ n−1): In the light of (5) and (6), we have

ξi,m(k + n − m + 1) = Gi,m(s̄i,n(k))+ τi,msi,m+1

× (k + n − m)− �̌i,m−1(k).

The desired control signal is designed as

�i,m(k) = − 1

τi,m
(Gi,m(s̄i,n(k))− �̌i,m−1(k)).

Similar to (11), one has

�i,m(k) = � T
i,mφi,m(ωi,m(k))+ εi,m(k) (17)

where ωi,m(k) = [s̄T
i,n(k), �̌i,m−1(k)]T . Then, based on (6), one

yields

ξi,m(k + n − m + 1) = τi,m(ξi,m+1(k + n − m)

+ �̌i,m(k)− �i,m(k)). (18)

Inspired by the method with LLPs, we design the virtual
control signal �̌i,m(k) as

�̌i,m(k) = ˆ̄�i,m(k)φ̄i,m(ωi,m(k)) (19)

where ˆ̄�i,m is the estimation of �̄i,m = ��i,m� and φ̄i,m =
[�φ1,m�, . . . , �φN,m�]T .

Substituting (17) and (19) into (18), it gives

ξi,m(k + n − m + 1) = τi,mξi,m+1(k + n − m)+ τi,m

× ˜̄�i,m(k)φ̄i,m(ωi,m(k))+ τi,m�i,m(k),

where ˜̄�i,m(k) = ˆ̄�i,m(k) − �̄i,m and �i,m(k) =
�̄i,m φ̄i,m(ωi,m(k))−� T

i,mφi,m(ωi,m(k))− εi,m(k).
Similar to (14), we can obtain

ξi,m(k + 1) = τi,mξi,m+1(k)+ τi,m

× ˜̄�i,m(km)φ̄i,m(ωi,m(km))+ τi,m�i,m(km)

where km = k − n + m. Then, we define

ξi,cm(k) = ˆ̄�i,m(km)φ̄i,m(ωi,m(km))+ [Q̂i (k)− Qi,d (k)].
Thus, we design the CF as

�i,m(k) = ξ2
i,cm(k)

2
.

The gradient can be derived as

∇ ˆ̄�i,m(km) = ∂�i,m(k)

∂ ˆ̄�i,m(km)

= φ̄i,m(ωi,m(km))

× [ ˆ̄�i,m(km)× φ̄i,m(ωi,m(km))+ Q̂i (k)].
Similar to (15), it yields

grad(ρ,�i,m(k)) =
ρ


l=1

φ̄i,m(ωi,m(km − l + 1))

× [χi,m(km − l + 1)+ χi,o(k − l + 1)]
(20)

where χi,m(km − l +1) = ˆ̄�i,m(k)φ̄i,m(ωi,m(km − l +1)). Then,
the multigradient recursive updating law can be designed as

ˆ̄�i,m(k + 1) = ˆ̄�i,m(km)− ζi,m

ρ

l=1

φ̄i,m(ωi,m(km − l + 1))

× [χi,m(km − l + 1)+ χi,o(k − l + 1)] (21)

where ζi,m > 0 is the convergence factor.
Step n: In the light of (5) and (6), we have

ξi,n(k + 1) = Gi,n(s̄i,n(k))+ τi,nνi,n(k)+ di(k)

− �̌i,n−1(k). (22)

For the convenience of controller design, the controller ui(k)
is used to express the input signal νi(k) of MASs. According
to the event-triggered condition in (4), there is a time-varying
parameter ϕi(k) that satisfies |ϕi(k)| ≤ 1, which makes the
following equation holds:

ut
i(k) = (1 + ϕi(k)η̌i )ui(k)+ ϕi(k)η̌iηi .

Then, νi (k) can be rewritten as

νi (k) = (1 + ϕi(k)η̌i )ui(k)+ ϕi(k)η̌iηi − ηi,d . (23)

Substituting (23) into (22), it gives

ξi,n(k + 1) = Gi,n(s̄i,n(k))+ τi,n((1 + ϕi(k)η̌i)

× ui(k)+ ϕi (k)η̌iηi − ηi,d )

+ di(k)− �̌i,n−1(k).
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The desired control signal is designed as

�i,n(k) = − 1

τi,n(1 + ϕi(k)η̌i )
(Gi,n(s̄i,n(k))− �̌i,n−1(k)).

Following the procedure in Steps 1 and m, one has

�i,n(k) = � T
i,nφi,n(ωi,n(k))+ εi,n(k) (24)

where ωi,n(k) = [s̄T
i,n(k), �̌i,n−1(k)]T . Then, we can obtain

ξi,n(k + 1) = τi,n(1 + ϕi(k)η̌i)(ui (k)− �i,n(k))

+ τi,nϕi (k)η̌iηi − τi,nηi,d + di(k). (25)

Inspired by the method with LLPs, we design the actual
control signal as

ui (k) = ˆ̄�i,n(k)φ̄i,n(ωi,n(k)) (26)

with ˆ̄�i,n being the estimate of �̄i,n = ��i,n� and φ̄i,n =
[�φ1,n�, . . . , �φN,n�]T . In addition, ηi,d is designed as

ηi,d = η̌iηi sgn(ϕi (k)) tanh

�
η̌iηi

σ̆i

	
(27)

where σ̆i > 0 is defined in Lemma 1 and sgn(0) = 0.
Substituting (24), (26), and (27) into (25), one has

ξi,n(k + 1) = τi,n(1 + ϕi(k)η̌i) ˜̄�i,n(k)φ̄i,n(ωi,n(k))

+ τi,nπi(k)+ τi,n�i,n + di(k)

where ˜̄�i,n(k) = ˆ̄�i,n(k) − �̄i,n , πi(k) = ϕi(k)η̌iηi −
ηi,d and �i,n(k) = (1 + ϕi(k)η̌i )�̄i,nφ̄i,n(ωi,n(k)) − (1 +
ϕi(k)η̌i )�

T
i,nφi,n(ωi,n(k))− (1 + ϕi (k)η̌i)εi,n(k).

Then, we define

ξi,cn(k) = ˆ̄�i,n(k)φ̄i,n(ωi,n(k))+ [Q̂i(k)− Qi,d(k)].
Thus, we design the CF as

�i,n(k) = ξ2
i,cn(k)

2
.

The gradient can be derived as

∇ ˆ̄�i,n(k) = ∂�i,n(k)

∂ ˆ̄�i,n(k)

= φ̄i,n(ωi,n(k))[ ˆ̄�i,n(k)φ̄i,n(ωi,n(k))+ Q̂i (k)].
Similar to (20), it yields

grad(ρ,�i,n(k)) =
ρ


l=1

φ̄i,n(ωi,n(k − l + 1))

× [χi,n(k − l + 1)+ χi,o(k − l + 1)]
where χi,n(k − l + 1) = ˆ̄�i,n(k)φ̄i,n(ωi,n(k − l + 1)). Then,
the multigradient recursive updating law can be designed as

ˆ̄�i,n(k + 1) = ˆ̄�i,n(k)− ζi,n

ρ

l=1

φ̄i,n(ωi,n(k − l + 1))

× [χi,n(k − l + 1)+ χi,o(k − l + 1)] (28)

where ζi,n > 0 is the convergence factor.

Fig. 2. Communication topology.

C. Stability Analysis

The main theorem of this article is as follows.
Theorem 1: Considering the feasible virtual control signals

�̌i,1(k) in (12), �̌i,m(k) in (19), the multigradient recursive
updating laws ˆ̄�i,o(k+1) in (9), ˆ̄�i,1(k+1) in (16), ˆ̄�i,m(k+1)
in (21), ˆ̄�i,n(k + 1) in (28), and controller ui (k) in (26), all
signals in the closed-loop MASs (1) are SGUUB.

The proof of Theorem 1 can be seen in the Appendix.

IV. SIMULATION RESULTS

In this section, two simulation examples are addressed to
test the effectiveness of the designed algorithm.

We suppose that the nonlinear MASs consist of a leader
and four followers. Fig. 2 shows the communication topology
with 0 being the leader and 1–4 being four followers.

Example 1: Choose the numerical example as follows:

si,1(k + 1) = 0.02s2
i,1(k)

0.8 + s2
i,1(k)

+ τi,1si,2(k)

si,2(k + 1) = s2
i,2(k)

0.5 + s2
i,1(k)+ s2

i,2(k)
+ τi,2νi (k)+ di(k)

yi = ζ̌i(k)si,1(k)+ ιi(k)

where

di (k) = 1.09 cos(si,1(k)) cos(0.064k)

with i = 1, 2, 3, and 4. In addition, the desired signal
is selected as yd(k) = (3/20) + (3/10)cos(−25π/14 +
50kTπ/299).

We define the parameters s1(0) = [0.4, 0.2]T , s2(0) =
[0.4, 0.2]T , s3(0) = [0.4, 0.2]T , s4(0) = [0.4, 0.2]T , ζi,o =
0.0006, ζi,1 = 0.026, ζi,2 = 0.0344, τi, j = 0.245,
ǒi = 0.00035, ζ̌1(k) = 1, ι1(k) = 0.3, ζ̌2(k) = 0.9, ι2(k) = 0,
ζ̌3(k) = 1, ι3(k) = −e−s3,1(k) , ζ̌4(k) = 1, and ι4(k) = 1 with
i = 1, 2, 3, and 4 and j = 1 and 2.

The numerical simulation results are given in Figs. 3–6.
Fig. 3 shows that the outputs of followers can converge to a
neighborhood of the leader’s output. The responses of con-
trollers and input signals of MASs are shown in Fig. 4. Fig. 5
shows the event triggering time of u1–u4, and it can be seen
that the event-triggered controllers can save communication
resources. In addition, Fig. 6 shows the trajectories of ˆ̄�1,o,
ˆ̄�1,1, and ˆ̄�1,2.

Example 2: To further verify the effectiveness of the pro-
posed control method, a stirred tank reactor practical system
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Fig. 3. Trajectories of followers yi and leader yd with i = 1, 2, 3, and 4 in
Example 1.

Fig. 4. Controllers and input signals of MASs in Example 1. (a) Trajectories
of controller u1 and input signal ν1. (b) Trajectories of controller u2 and input
signal ν2. (c) Trajectories of controller u3 and input signal ν3. (d) Trajectories
of controller u4 and input signal ν4.

Fig. 5. Triggering time of ui with i = 1, 2, 3, and 4 in Example 1.
(a) Triggering time of u1. (b) Triggering time of u2. (c) Triggering time
of u3. (d) Triggering time of u4.

is considered. The same topology is selected as Example 1.
In addition, each parameter’s physical meaning is shown
in Table I, and the system [60] is described as follows:

si,1(k + 1) = si,1(k)+ T (−si,1(k)+ �i,1(k))

si,2(k + 1) = si,2(k)+ T (−si,2 + μ̌i,1�i,1(k)

−�i,2(k))+ di(k), i = 1, 2, 3, 4

Fig. 6. Trajectories of ˆ̄�1,o , ˆ̄�1,1 and ˆ̄�1,2 in Example 1.

Fig. 7. Trajectories of followers yi and leader yd with i = 1, 2, 3, and 4 in
Example 2.

TABLE I

PARAMETERS OF SIMULATION

with

�i,1(k) = σ́i,1(1.23 − 2.2si,1)e
�̌i si,2 (k)
�̌i +si,2 (k)

�i,2(k) = σ́i,2(si,2(k)− νi (k))

where �̌i = 28.5 and di(k) = (2/25) cos((1/50)k)
cos(si,1 (k)). Moreover, the signal of the leader is yd(k) =
(7/1000) cos((97/20)+ (17/2660)kπ)+ (9/200).

We define the parameters s1(0) = [0.053, 0.053]T , s2(0) =
[0.053, 0.053]T and s3(0) = [0.053, 0.053]T , s4(0) =
[0.053, 0.053]T , and the remaining parameters are the same
as Example 1.

The practical simulation results are shown in Figs. 7–10.
Fig. 7 verifies the tracking control performance of the MASs.
Fig. 8 shows the responses of controllers and input signals
of MASs. Fig. 9 describes the event triggering time of u1–u4.
Fig. 10 shows the trajectories of multigradient recursive updat-
ing laws. From Figs. 3 to 10, it can be seen that all signals of
the discrete-time closed-loop MASs are SGUUB.
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Fig. 8. Controllers and input signals of MASs in Example 2. (a) Trajectories
of controller u1 and input signal ν1. (b) Trajectories of controller u2 and input
signal ν2. (c) Trajectories of controller u3 and input signal ν3. (d) Trajectories
of controller u4 and input signal ν4.

Fig. 9. Triggering time of ui with i = 1, 2, 3, and 4 in Example 2.
(a) Triggering time of u1. (b) Triggering time of u2. (c) Triggering time
of u3. (d) Triggering time of u4.

Fig. 10. Trajectories of ˆ̄�1,o , ˆ̄�1,1 and ˆ̄�1,2 in Example 2.

Remark 3: To obtain the desired control performance,
select and adjust these parameters under the premise of meet-
ing the design conditions by our experience. In addition, these
parameters should be selected according to different system
models.

V. CONCLUSION

In this article, a fault-tolerant adaptive multigradient recur-
sive RL event-triggered consensus control strategy has been
presented for strict-feedback discrete-time MASs. The multi-
gradient recursive RL algorithm has been used to avoid the
local optimal problem existed in the gradient descent scheme.
Then, a new event-triggered relative threshold control strategy
with compensation operator has been addressed to improve
the utilization of communication resources and weaken the
negative impact of the event-triggered threshold on tracking
accuracy and stability of closed-loop MASs. A distributed
fault-tolerant control method has been used, which can effec-
tively reduce the number of online estimation parameters.
Moreover, by combining the direct adaptive control method
and the multigradient recursive RL algorithm with LLPs,
the computational burden has been effectively reduced. It has
been proved that all signals of the closed-loop MASs are
SGUUB. At last, the effectiveness of the proposed control
scheme has been testified by two simulation examples. Switch-
ing threshold event-triggered multigradient recursive RL con-
trol problem of discrete-time MASs will be an interesting topic
for our further work.

APPENDIX

This section will give the proof of Theorem 1.
Step 1: The following Lyapunov function candidate is

considered:
Vi,1(k) = Vi,a1(k)+ Vi,b1(k)+ Vi,c1(k)+ Vi,d1(k)

with

Vi,a1(k) = αi,a1

3(θi + ςi,0)2
ξ2

i,1(k),

Vi,b1(k) = αi,b1

ζi,1

n−1

j̆=0

˜̄� 2
i,1(k1 + j̆),

Vi,c1(k) = αi,o

ζi,o

˜̄� 2
i,o(k),

Vi,d1(k) = 2αi,o

ρ

l=1

e2
i,o(k − l)

where αi,a1 > 0, αi,b1 > 0 and αi,o > 0 are constants, and
ei,o(k − l) = ˜̄�i,o(k)φ̄i,o(k − l) with ˜̄�i,o(k) = ˆ̄�i,o(k)− �̄i,o

being the estimation error.
In the light of Cauchy–Schwarz inequality, it yields

�Vi,a1(k) ≤ αi,a1τ
2
i,1ξ

2
i,2(k)+ αi,a1τ

2
i,1e2

i,1(k1)

+ αi,a1τ
2
i,1�

T
i,1(k1)�i,1(k1)− αi,a1

3(θi + ςi,0)2
ξ2

i,1(k)

≤ αi,a1τ
2
i,1ξ

2
i,2(k)+ αi,a1τ

2
i,1e2

i,1(k1)

+ αi,a1τ
2
i,1�̄i,1 − αi,a1

3(θi + ςi,0)2
ξ2

i,1(k),

�Vi,b1(k) ≤ −αi,b1(1 − ρβζi,1)

×
ρ


l=1

(χi,1(k1 − l + 1)+ χi,o(k − l + 1))2

− αi,b1

ρ

l=1

e2
i,1(k1 − l + 1)
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+ 2αi,b1

ρ

l=1

e2
i,o(k − l + 1)

+ 2ρβαi,b1[�̄i,o + �̄i,1]2,

�Vi,c1(k) ≤ −αi,o(1 − ρβζi,oǒ2
i )

×
ρ


l=1

(ǒiχi,o(k − l + 1)+ϒi (k − l + 1)

−χi,o(k − l))2 − αi,oǒ2
i

ρ

l=1

e2
i,o(k − l + 1)

+ 2αi,o

ρ

l=1

e2
i,o(k − l)+ 2ραi,o

× [�̄i,oβ(1 + ǒi)+ 1]2

�Vi,d1(k) = 2αi,o

ρ

l=1

e2
i,o(k − l + 1)− 2αi,o

×
ρ


l=1

e2
i,o(k − l)

where ei,1(k1) = ˜̄�i,1(k1)φ̄i,1(ωi,1(k1)) and �T
i,1(k1)�i,1(k1) ≤

(ε̄i,1 + 2
√
β�̄i,1)

2 = �̄i,1 with �̄i,1 > 0 being a constant and
εi,1(k) ≤ ε̄i,1. Then, one has

�Vi,1(k)

≤ −αi,b1(1 − ρβζi,1)

×
ρ


l=1

(χi,1(k1 − l + 1)+ χi,o(k − l + 1))2

− αi,o
�
1 − ρβζi,oǒ2

i

�
×

ρ

l=1

(ǒiχi,o(k − l + 1)+ϒi (k − l + 1)− χi,o(k − l))2

− αi,a1

3(θi + ςi,0)2
ξ2

i,1(k)−
�
αi,b1 − αi,a1τ

2
i,1

�
e2

i,1(k1)

− αi,b1

ρ

l=2

e2
i,1(k1 − l + 1)− �

αi,oǒ2
i − 2αi,b1 − 2αi,o

�

×
ρ


l=1

e2
i,o(k − l + 1)+ αi,a1τ

2
i,1ξ

2
i,2(k)+ ri,1, (29)

where ri,1 = αi,a1τ
2
i,1�̄i,1 + 2ρβαi,b1[�̄i,o + �̄i,1]2 +

2ραi,o[�̄i,oβ(1 + ǒi)+ 1]2.
Step m (2 ≤ m ≤ n − 1): The following Lyapunov function

candidate is considered:

Vi,m(k) = Vi,am(k)+ Vi,bm(k)

with

Vi,am(k) = αi,am

3
ξ2

i,m(k)

Vi,bm(k) = αi,bm

ζi,m

n−m

j̆=0

˜̄� 2
i,m(km + j̆)

where αi,am and αi,bm are positive constants.

In the light of the forward difference, it yields

�Vi,am(k) ≤ αi,amτ
2
i,mξ

2
i,m+1(k)+ αi,amτ

2
i,me2

i,m(km)

+ αi,amτ
2
i,m�

T
i,m(km)�i,m(km)− αi,am

3
ξ2

i,m(k)

≤ αi,amτ
2
i,mξ

2
i,m+1(k)+ αi,amτ

2
i,m

× e2
i,m(km)+ αi,amτ

2
i,m �̄i,m − αi,am

3
ξ2

i,m(k)

�Vi,bm(k) ≤ −αi,bm(1 − ρβζi,m)

×
ρ


l=1

(χi,m(km − l + 1)+ χi,o(k − l + 1))2

− αi,bm

ρ

l=1

e2
i,m(km − l + 1)

+ 2αi,bm

ρ

l=1

e2
i,o(k − l + 1)

+ 2ρβαi,bm[�̄i,o + �̄i,m]2,

where ei,m(km) = ˜̄�i,m(km)φ̄i,m(ωi,m(km)) and �T
i,m(km)�i,m

(km) ≤ (ε̄i,m + 2
√
β�̄i,m)

2 = �̄i,m with �̄i,m > 0 being a
constant and εi,m ≤ ε̄i,m . Then, it yields

�Vi,m(k) ≤ −αi,bm(1 − ρβζi,m)

×
ρ


l=1

(χi,m(km − l + 1)+ χi,o(k − l + 1))2

− αi,am

3
ξ2

i,m(k)+ 2αi,bm

ρ

l=1

e2
i,o(k − l + 1)

− �
αi,bm − αi,amτ

2
i,m

�
e2

i,m(km)

− αi,bm

ρ

l=2

e2
i,m(km − l + 1)

+ ri,m + αi,amτ
2
i,mξ

2
i,m+1(k), (30)

where ri,m = αi,amτ
2
i,m �̄i,m + 2ρβαi,bm[�̄i,o + �̄i,m]2.

Step n: The following Lyapunov function candidate is
considered:

Vi,n(k) = Vi,an(k)+ Vi,bn(k)

with

Vi,an(k) = αi,an

4
ξ2

i,n(k)

Vi,bn(k) = αi,bn

ζi,n

˜̄� 2
i,n(k)

where αi,an and αi,bn are positive constants.
On the basis of the forward difference, it yields

�Vi,an(k) ≤ αi,anτ
2
i,n(1 + ϕi(k)η̌i)

2e2
i,n(k)

+ αi,anτ
2
i,n�

T
i,n(k)�i,n(k)+ αi,and2

i (k)

+ αi,anτ
2
i,nπ

2
i (k)−

αi,an

4
ξ2

i,n(k)

≤ αi,anτ
2
i,n(1 + ϕi(k)η̌i)

2e2
i,n(k)

+ αi,anτ
2
i,n �̄i,n + αi,an d̄2

+ αi,anτ
2
i,nπ

2
m − αi,an

4
ξ2

i,n(k),

�Vi,bn(k) ≤ −αi,bn(1 − ρβζi,n)
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×
ρ


l=1

(χi,n(k − l + 1)+ χi,o(k − l + 1))2

− αi,bn

ρ

l=1

e2
i,n(k − l + 1)

+ 2αi,bn

ρ

l=1

e2
i,o(k − l + 1)

+2ρβαi,bn[�̄i,o + �̄i,n]2

where ei,n(k) = ˜̄�i,n(k)φ̄i,n(ωi,n(k)) and �T
i,n(k)�i,n(k) ≤

(1 + ϕi(k)η̌i )
2(ε̄i,n + 2

√
β�̄i,n)

2 = �̄i,n with �̄i,n > 0 being
a constant and εi,n ≤ ε̄i,n. In addition, by using Lemma 1,
it yields that πi (k) ≤ πm with πm > 0 being a constant. Then,
it gives

�Vi,n(k) ≤ −αi,bn(1 − ρβζi,n)

×
ρ


l=1

(χi,n(k − l + 1)+ χi,o(k − l + 1))2

− αi,an

4
ξ2

i,n(k)+ 2αi,bn

ρ

l=1

e2
i,o(k − l + 1)

− �
αi,bn − αi,anτ

2
i,n(1 + ϕi(k)η̌i)

2
�
e2

i,n(k)

− αi,bn

ρ

l=2

e2
i,n(k − l + 1)+ ri,n (31)

where ri,n = αi,anτ
2
i,n �̄i,n + αi,an d̄2 + αi,anτ

2
i,nπ

2
m +

2ρβαi,bn[�̄i,o + �̄i,n]2. Then, we let

Vi (k) =
n


ψ=1

Vi,ψ

=
n


ψ=1

αi,bψ

ζi,ψ

n−ψ

j̆=0

˜̄� 2
i,ψ (kψ + j̆)+ αi,a1

3(θi + ςi,0)2

× ξ2
i,1(k)+

n−1

ψ=2

αi,aψ

3
ξ2

i,ψ (k)+
αi,an

4
ξ2

i,n(k)

+ αi,o

ζi,o

˜̄� 2
i,o(k)+ 2αi,o

ρ

l=1

e2
i,o(k − l)

where kn = k.
Consider the Lyapunov function as

V (k) =
N


i=1

Vi(k).

By combining (29)–(31), we can obtain

�V (k)

≤ −
N


i=1

n

ψ=1

αi,bψ(1 − ρβζi,ψ )

×
ρ


l=1

(χi,ψ (kψ − l + 1)+ χi,o(k − l + 1))2

−
N


i=1

αi,o
�
1 − ρβζi,oǒ2

i

�

×
ρ


l=1

(ǒiχi,o(k − l + 1)+ϒi (k − l + 1)− χi,o(k − l))2

−
N


i=1

αi,a1

3(θi + ςi,0)2
× ξ2

i,1(k)−
N


i=1

n−1

ψ=2

αi,aψ

3
ξ2

i,ψ (k)

−
N


i=1

αi,an

4
ξ2

i,n(k)−
N


i=1

n−1

ψ=1

�
αi,bψ − αi,aψτ

2
i,ψ

�
e2

i,ψ (kψ)

−
N


i=1

�
αi,bn − αi,anτ

2
i,n(1 + ϕi (k)η̌i)

2�e2
i,n(k)

−
N


i=1

n

ψ=1

αi,bψ

ρ

l=2

e2
i,ψ (kψ − l + 1)

−
N


i=1

�
αi,oǒ2

i − 2αi,b1 − 2αi,o
� ρ


l=1

e2
i,o(k − l + 1)

+
N


i=1

n

ψ=2

2αi,bψ ×
ρ


l=1

e2
i,o(k − l + 1)

+
N


i=1

n−1

ψ=1

αi,aψτ
2
i,ψ ξ

2
i,ψ+1(k)+ r

where r =
N�

i=1
ri with ri =

n�
ψ=1

ri,ψ .

Choose the proper parameters such that 0 < ζi,o <
(1/(ρβǒ2

i )), 0 < ζi,ψ < (1/ρβ), where ψ = 1, . . . , n. Hence,
it results in

�V (k) ≤ −
N


i=1

αi,a1

3(θi + ςi,0)2
ξ2

i,1(k)

−
N


i=1

n−1

ψ=2

�αi,aψ

3
− αi,a(ψ−1)τ

2
i,(ψ−1)

�
ξ2

i,ψ (k)

−
N


i=1

�αi,an

4
− αi,a(n−1)τ

2
i,(n−1)

�
ξ2

i,n(k)

−
N


i=1

n−1

ψ=1

�
αi,bψ − αi,aψτ

2
i,ψ

�
e2

i,ψ (kψ)

−
N


i=1

�
αi,bn − αi,anτ

2
i,n(1 + ϕi(k)η̌i )

2
�
e2

i,n(k)

−
N


i=1

n

ψ=1

αi,bψ

ρ

l=2

e2
i,ψ(kψ − l + 1)

−
N


i=1

⎛
⎝αi,oǒ2

i − 2αi,b1 − 2αi,o −
n


ψ=2

2αi,bψ

⎞
⎠

×
ρ


l=1

e2
i,o(k − l + 1)+ r.

Clearly, the parameters satisfy

αi,aψ > 3αi,a(ψ−1)τ
2
i,(ψ−1), ψ = 2, . . . , n − 1

αi,an > 4αi,a(n−1)τ
2
i,(n−1)

αi,bψ > αi,aψτ
2
i,ψ , ψ = 1, . . . , n − 1
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αi,bn > αi,anτ
2
i,n(1 + ϕi(k)η̌i )

2

αi,oǒ2
i > 2αi,b1 + 2αi,o +

n

ψ=2

2αi,bψ .

Based on [32], we can get �V (k) < 0 from the following
conditions:

|ξi,1(k)| >
√

r�
αi,a1/(3(θi + ςi,0)2)

or

|ξi,ψ(k)| >
√

r√
�1
, ψ = 2, . . . , n − 1

or

|ξi,n(k)| >
√

r�
αi,an/4 − αi,a(n−1)τ

2
i,(n−1)

or

|ei,ψ(k)| >
√

r�
αi,bψ − αi,aψτ

2
i,ψ

, ψ = 1, . . . , n − 1

or

|ei,n(k)| >
√

r�
αi,bn − αi,anτ

2
i,n(1 + ϕi(k)η̌i)2

or �����
ρ


l=2

e2
i,ψ(kψ − l + 1)

����� >
√

r√
αi,bψ

, ψ = 1, . . . , n

or �����
ρ


l=1

e2
i,o(k − l + 1)

����� >
√

r√
�2

where �1 = αi,aψ/3 − αi,a(ψ−1)τ
2
i,(ψ−1), �2 = αi,oǒ2

i −
2αi,b1 − 2αi,o − �n

ψ=2 2αi,bψ . Then, it means that all signals
of closed-loop MASs are SGUUB.

Remark 4: Compared with the results in [30]–[32],
the multigradient recursive RL algorithm with LLPs is used
in this article, which can avoid the local optimal issue
and decrease online estimation time. In addition, differ-
ent from the traditional relative threshold event-triggered
strategy [35]–[41], a compensation operator is introduced in
this article, which can reduce the communication burden and
weaken the negative impact of the event-triggered threshold
on tracking accuracy and stability of closed-loop MASs.
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