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Intelligent Control in Asymmetric Decision-Making:
An Event-Triggered RL. Approach for
Mismatched Uncertainties

Xiangnan Zhong"™', Member, IEEE, and Zhen Ni

Abstract—Artificial intelligence (AI)-based multiplayer systems
have attracted increasing attention across diverse fields. While
most research focuses on simultaneous-move multiplayer games
to achieve Nash equilibrium, there are complex applications that
involve hierarchical decision-making, where certain players act
before others. This power asymmetry increases the complexity
of strategic interactions, especially in the presence of mis-
matched uncertainties that can compromise data reliability and
decision-making. To this end, this article develops a novel event-
triggered reinforcement learning (RL) approach for hierarchical
multiplayer systems with mismatched uncertainties. Specifically,
by establishing an auxiliary augment system and designing
appropriate cost functions for the high-level leader and low-level
followers, we reformulate the hierarchical robust control problem
as an optimization task within the Stackelberg-Nash game
framework. Furthermore, an event-triggered scheme is designed
to reduce the computational overhead and a neural-RL-based
method is developed to automatically learn the event-triggered
control policies for hierarchical players. Theoretical analyses are
conducted to 1) demonstrate the stability preservation of the
designed robust-optimal transformation; 2) verify the achieve-
ment of Stackelberg—Nash equilibrium under the developed
event-triggered policies; and 3) guarantee the boundedness of
the impulsive closed-loop system. Finally, the simulation studies
validate the effectiveness of the developed method.

Index Terms—Asymmetric decision-making, event-triggered
control, hierarchical optimization, mismatched uncertainties,
neural networks, reinforcement learning (RL).

I. INTRODUCTION

RTIFICIAL intelligence (AI) has achieved growing suc-

cess in networked systems where multiple intelligent
agents collaborate or compete to achieve complex objec-
tives [1], [2], [3], [4]. The applications span various domains,
such as networked microgrid energy management [5] and
connected intelligent transportation [6]. Among the current
Al techniques, reinforcement learning (RL) has emerged
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as one of the most powerful tools to autonomously learn
decision-making policies through trial and error [7], [8],
[9], [10]. By continuously improving strategies based on
interactions with the environment and other players, RL
has revolutionized the way how intelligent agents navigate
complex decision-making and multiplayer interactions [11],
[12], [13], [14], [15]. These advancements enable agents
to dynamically adapt their strategies based on real-time
feedback, leading to enhanced performance in complex envi-
ronments [16], [17], [18], [19], [20].

Despite the success, most of the existing studies focus on
synchronized decision-making with Nash equilibrium, where
all participants typically share an equivalent status and operate
on the same level. As a result, no agent can unilaterally
gain an advantage by deviating from the equilibrium strategy.
However, these studies overlook the sequential order of policy
execution, where one controller may have the authority to
act with priority, while the others attempt to respond with
appropriate counterstrategies. There are many practical appli-
cations in the real-world. For instance, in energy management
and demand reduction applications [21], utility providers
often enforce temporary reductions in electricity usage during
peak hours to prevent excessive expenditures on high-priced
power. In response, local businesses and households mod-
ify their energy consumption patterns to meet their own
needs while adhering to utility guidelines. Such hierarchical
optimization is also commonly seen in smart grid [22], traffic
networks [23], [24], and autonomous driving [25], where a
dominant player holds an advantage to determine the strategies
first, while other subordinate players respond based on the
dominant’s decisions. These hierarchical systems introduce
power asymmetries and sequential decision-making, which
present challenges go beyond the standard Nash equilibrium
framework. Effectively addressing these complexities requires
tailored methods.

Fortunately, the Stackelberg game provides valuable insights
into asymmetric decision-making. In the Stackelberg game,
two players with distinct hierarchical roles are involved:
1) the high-level leader and 2) the low-level follower [26],
[27], [28], [29]. The leader, serving as the dominant player,
optimizes its performance and announces a policy first,
while the follower responds optimally. Developing learning-
based control algorithms for such system is more challenging
than the simultaneous-move multiplayer systems due to the
information asymmetry and player interdependencies. In [27],
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an adaptive learning framework was developed based on RL
techniques for a two-player linear Stackelberg differential
game. The authors ensured that the resulting policies of the
leader and the follower constituted a Stackelberg equilibrium.
The nonlinear hierarchical control problem for two-player
input-affine systems was investigated in [30]. An adaptive
critic algorithm was established to derive the Stackelberg
equilibrium policy in such a problem. This mechanism has also
been extended to scenarios involving one leader and multiple
followers, where the decision-making scheme incorporates
both hierarchy and simultaneity [31], [32]. Depending on
the different assumptions of multiple followers, Mukaidani
and Xu [33] designed the Pareto-based and Nash-based
Stackelberg strategies respectively. In [34], the RL algorithm,
incorporating a new form of value function, was designed from
a Stackelberg—Nash perspective for linear hierarchical system
with one leader and multiple followers. This structure was
extended to nonlinear hierarchical control problem in [35].
A robust approach was developed in [36] by formulating the
disturbed hierarchical system as a zero-sum game. Then, RL
techniques were applied to achieve Stackelberg—Nash—Saddle
equilibrium.

In the above research studies, the intelligent control
approaches were designed based on the periodic learning
scheme with time-triggered mechanism. However, due to the
coupled input interactions and asymmetric decision-making
dynamics, the hierarchical multiplayer systems usually exhibit
extensive computational burden. This leads to a notably high
computational load during the learning process, and may
impact the learning performance in resource-constrained envi-
ronments, such as limited computation bandwidth. To solve
this problem, the event-triggered mechanism with intermittent
control feedback was designed. By updating the control
policy only when some specific conditions are violated, the
event-triggered mechanism can effectively reduce the com-
putation and communication burden [37], [38], [39], [40],
[41], [42], [43]. In [44], an event-triggered optimal regulation
was developed for the multiagent synchronization problem
to reduce the controller updates and also maintain stability
and optimality. Recently, this mechanism was introduced in
the multiplayer Stackelberg—Nash games with matched uncer-
tainty in [45] and has demonstrated its effectiveness. However,
few studies address mismatched uncertainties, which are more
prevalent and often span a broader range, for hierarchical
multiplayer systems. This is critical in complex, unpredictable,
and resource-constrained environment.

Motivated by the above observations, this article develops
an event-triggered RL approach for mismatched uncertain
hierarchical multiplayer systems. The major contributions can
be summarized as follows.

1) In this article, we design a novel framework to reduce the
computational complexity and handle the mismatched
uncertainties for a class of systems characterized by
asymmetric decision-making. Different from the con-
ventional multiplayer systems [12], [13], [17], [19],
where all players act simultaneously, this type of system
involves a distinct power hierarchy that shapes the
strategic interactions within the system. This hierarchical
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structure creates interdependence and couplings in the
overall dynamics, increasing the complexity of control
design as it necessitates solving the coupled Hamilton—
Jacobi (HJ) equations.

2) By developing an auxiliary augment system with appro-
priate cost functions, we transform this hierarchical
robust control problem into an optimization task under
the framework of Stackelberg—Nash game to facilitate
the learning-based control process. The theoretical anal-
ysis is provided to demonstrate that the solution obtained
from the transformed system ensures the stability of
original robust problem. Comparing with the related
work [34], [35], [36], [42], [45], this article addresses
mismatched uncertainties in a hierarchical decision-
making environment, which is more demanding due to
the greater difficulties in predicting system dynamics and
enhanced interdependence.

3) We design an event-triggered control scheme tailored
specifically for hierarchical leader-follower interactions.
We demonstrate that the resulting event-triggered con-
trol policies can achieve Stackelberg—Nash equilibrium.
Different from the existing event-triggered approaches
for multiagent systems [38], [43], [44] that focus on
simultaneous decision-making, this design ensures that
the leader’s decisions optimally influence the followers
while reducing unnecessary control updates. The con-
vergence analysis becomes more challenging due to the
existence of couplings among players.

4) A neural-RL-based method is developed to automat-
ically learn the event-triggered control policies for
the high-level leader and low-level followers. Detailed
theoretical studies are conducted to guarantee the bound-
edness of the impulsive closed-loop system in both
the continuous and jump dynamic phases. These anal-
yses provide rigorous guarantees on system stability
and performance, validating that the proposed control
policies effectively manage the complexities introduced
by the hierarchical and event-triggered nature of the
problem.

The reminder of this article is organized as follows.
Section II formulates the robust hierarchical control problem
with asymmetric decision-making into the framework of
Stackelberg—Nash game. The event-triggered RL control
design and neural network implementation are provided in
Section III with stability guarantees. In Section IV, the
simulation studies are shown to demonstrate the effectiveness
of the proposed approach. Finally, Section V concludes this
work.

II. FORMULATION OF MISMATCHED UNCERTAINTIES IN
HIERARCHICAL MULTIPLAYER SYSTEMS

Consider the continuous-time hierarchical system with N+ 1
players P = {0, 1, 2, ..., N}, where player O is the leader and
other players F = {1, 2, ..., N} are the followers. This system
involves an asymmetric decision-making process where the
leader holds a dominant position and establishes the policy
first, while the followers share equal status and respond to the
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leader’s decisions. The system function is given as

X = f(x) + go(x)uo + ko(x)do(x)

N N
+ g+ Y ki(x)di(x) )

i=1 i=1

where x € R”" is the state vector, ug € R™ and u; €
R™_ i € JF are the policies controlled by the leader and
ith follower, respectively, dp(x) € Rb and d;(x) € RA,
i € F are the unknown uncertainties applied on leader and ith
follower, respectively. f(x) € R" is the system drift dynamics,
go(x) € R™™M0_ gi(x) € R, ko(x) € R, and ki(x) €
R™i are local input and disturbance dynamics for leader
and ith follower, respectively. In this article, we consider
the mismatched uncertainties which follows go(x) # ko(x) if
mgy = lp, and g;(x) # ki(x) if m; = [;. Assume that all the
dynamic functions are Lipschitz continuous with f(0) = 0.

It is worth noting that the hierarchical multiplayer
system (1) considered in this article is substantially different
from the conventional simultaneous-move multiagent systems
or zero-sum games in [17], [19]. Specifically, in this article,
we focus on the asymmetric decision-making dynamics within
a hierarchy, where the leader holds a distinct advantage in
determining its policy before the followers responses. In
contrast, conventional multiagent systems operate on a flat
structure where decisions are made simultaneously for all
players. Furthermore, the state x in system (1) is influenced by
the policies of all the players, which leads to interdependence
and couplings between their decisions. Conversely, each player
in the conventional multiagent systems operates with its own
state, and each agent’s state evolves independently based
on its policy. Due to these properties, the control design
for hierarchical multiplayer system (1) is more complex and
challenging.

Assumption 1: The unknown uncertainty dj(x), j € P, is
bounded as ||d;(x)|| < cjo;(||x|]), where ¢; > O is the constant
and oj(-) is the class K function. Besides, dj(0) = 0 and
0j(0) = 0.

Note that physical constraints exist in systems, limit-
ing the magnitude and extent of uncertainties. Therefore,
this assumption is reasonable and aligns with the inher-
ent physical limitations of the systems. Define Z,(x) =
[| Z;v:o kj(x)cjo;i(|x]])|| as the upper bound for the overall
uncertainties.

Assumption 2: The system (1) is
f(0) =0. Moreover, rank(gj(x)) =
ng(x)kj(x) = 0 for the jth player.

The assumption ng (x)kj(x) = O1is a strict constraint that may
exclude certain nonlinear systems with uncertainties. However,
this condition helps avoid more restrictive assumptions, such
as the boundedness of the Moore—Penrose pseudoinverse of
gj(x), which can be computationally expensive, particularly
in high-dimensional systems [39]. Therefore, to facilitate the
discussion, this article considers ng(x)kj(x) = 0 for each
player j, j € P.

The goal of this article is to develop a set of intermittent
control policies based on the event-triggered RL scheme for
hierarchical multiplayer system (1) to achieve asymptotic
stability with reduced communication burden. However, due

controllable with
mj(m; < n) and
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to the existence of unknown uncertainties, the communication
data we rely on for learning cannot be trusted. Therefore,
we transform this robust control problem into an optimal
stabilization design with the following auxiliary nominal plant

& = £ + gouo + (I — go(¥)gg (¥))ko(x)vo

N N
+ ) giui+ Y (I — &g W)kivi  (2)

i=1 i=1

where gaL (x) and gl-+ (x) are the Moore—Penrose pseudoinverse
matrices of go(x) and g;(x), respectively, vy € Rl and v; €
R’ are the auxiliary inputs for the leader and ith follower,
respectively. Note that vy and v; will not be used in the robust
control process. However, they are critical in the learning
process to help construct the optimal policies uy and u;.

When gj(x), j € P, is a real matrix, we have g;'(x) =
(g.I.T()c)gj(x))_1 ng(x). Hence, based on Assumption 2, we can
further obtain

-1
g Wk = (8 Wg) gl Wh®=0. (3

Therefore, by defining ¢ = [u/.T,v/.T]T and Gi(x) =
[gj(x), kj(x)], the auxiliary plant (2) becomes

N
E=f@) +Go@do+ Y Gid; @)

i=1
which is a multiplayer Stackelberg—Nash game. Comparing
with (1), the transformed system (4) also involves multiple
players in hierarchy: the player O as the leader who takes the
action first and the other players i € F as the followers who
make the decisions later by considering the leader’s decisions.
The control input function G;(x), j € P, is assumed upper
bounded as ||G;(x)|| < Gu. Since Gj(x) = [g;(x), kj(x)], we
have [|gj(x)|| < Gu. In this article, we demonstrate that the
solution obtained from system (4) can asymptotically stabilize
the original uncertain system (1) if an appropriate cost function
is established for each player (see Section III-C, Theorem 1).
Assume the augment system (4) is controllable. Construct

the cost function associated to each player j € P as

Jj(x, l?j, 29_]') = /(; lq’jz(x(t))
+ Ry (x(0), 95(0), 940) T (5)

where W;(x) is the design parameter, R;(x, 9%, ¥'_;) is the utility
function for the jth player, and ¥_; = [uzj, vzj]T with u_j =
{uglg € P, & #j} and v = {vel§ € P, § #j}.

Define the utility function for the leader as

N
Yo + Zaﬂ%

i=1

2

Ro(x, 99, 0—0) = x" Qox + ‘ (6)

Mo

where o; € R0+)xmi+l) denotes the coupling coefficient
of follower i to the leader and «; = diag{w;, ajp} with o1 €
R™M0*Mi and @ € Ro*i o > 0 and app > 0. Besides,
Qo € R™" is the symmetric positive-definite matrix, and
My € ROmo+lo)x(mo+h) jg the diagonal positive-definite matrix
as Mo = diag{ly,, po} with po = diag{po1, o2, - - -, poi},
poy >0,y=1,2,..., 1.
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For the follower i € F, define

D =x"0;

2

Ri (x93 0 o, @
where B; € RO%H)*motl) represents the coupling coef-
ficient of the leader to follower i, which is defined as
Bi = diag{Bi1, B} with By € R™>™ and Bp e Rixh. We
have B;; > 0 and Bj > 0. Furthermore, Q; € R™" is the
positive-definite symmetric matrix, and M; e ROi+:)xnitl)
is the diagonal positive-definite matrix as M; = diag{l,,;, o}
with p; = diag{p;1, pi2, - - -, Pit:}s Piy; >0, 1 =1,2,..., ;.

Definition 1 (Stackelberg—Nash Equilibrium): If there exists
amapping D; : %oy — i, i € F, such that for a given control
policy of the leader ¥y € %o, 19{ = D;(¥y) is the optimal

control policy for the ith follower. If for any given 9o € %o
Ji(x, Di(Vo), D-i(D0)) < Ji(x, Vi, D_i(Do)), Vi € %i (8)
and if there exists ﬁ(’) for the leader that
Jo(x, 99, D—o(¥))) < Jo(x, B0, D_o(%0)), Yo € %o (9)

where D_;(-) = {D: ()€ € F.& # i} and D_g = {D: ()| €
F}, then the set {0, 9{,..., 08} € o X U1 X -+ X UN is
considered to constitute the Stackelberg—Nash equilibrium.

Note that condition (8) of Definition 1 characterizes that the
follower i responds to the leader’s decision ¥y and engages
in a strategic interaction with other followers D_;(y) to
reach a Nash equilibrium. Moreover, condition (9) denotes the
Stackelberg equilibrium, in which the leader leverages on its
hierarchical position to strategically anticipate how followers
will respond. This foresight guides the leader on determining
the policy ¥ that can minimize its cost function Jo. Therefore,
the dynamics of this hierarchical system reveal a continuous
interplay between leader and followers, where the Stackelberg
equilibrium for the leader and the Nash equilibrium for the
followers are interdependent.

III. EVENT-TRIGGERED RL APPROACH DESIGN
A. Coupled HJ Equation

Design the performance index for each player j € P as
o0
v = [ {gam)
t

+ R (x(2), 9j(), ﬂ_j(r))]dt

where R;(x, ¥j, ¥_;) is defined in (6) for leader and in (7) for
the ith follower. The Hamiltonian with respect to V;(x) and v;
can be provided as

(10)

H;(x, VV;, 9, 95) = W7 (x) + Rj(x. 9}, 9))

N
+ V(£ + Govo + Y Ge @) (1)
£=1

where VV;(x) = ([0V;(x)]/0x). Hence, we have the optimal
performance index as

V*(x) m1n Vix), jeP (12)
%J
which satisfies the coupled HJ equation
Hy(x, Vi, 07,97) =0, jeP (13)
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with V]* 0)=0.

Based on (13), we can further derive the coupled control
policies for leader and followers, respectively. Specifically,
since the leader has a strategic advantage, which will impact
the responses of the followers, given the leader’s control policy
Yo, the optimal control policy of the ith follower can be
determined as

o

97 = arg min H(x AL 0_,»)

RASZS

= —Bivo — EM,-‘IQ,T @V @) (14)
where V'V (x) [0V (x)]1/0x), and V'°(x) is the
performance index of the ith follower given ¥y.

Conversely, the optimal control policy of the leader is deter-
mined by taking into account the followers’ best responses.

We have
¥y = arg min Hy (x, VvV, 9, 19?%)
DS

N T
—Ki (Qo SEDD gl-<x>ﬂ,-> vV ()

i=1

N
+K2 ) oM G VS () (15)
i=1
where

—1
T N

N
1
K= 3 (Im0+10 — Z%‘ﬂi) Mo <1m0+10 - Z%ﬂi)
i=1 i=1
1 N -
Ky=3 <1m0+10 - Z%‘ﬂi) .
i=1

Considering the definition of ¥y, Go(x), and G;(x), we can
rewrite (15) as

T
uly = —K11<g0(x) ->Y, g,-(xm,-l) VVE )
+Ka1 YN angi(x) VVE(x) .
vy = — K2 (ko(x) -y, ki(x)ﬁn) VV§(x)

+Kn YN anp gV V()

(16)

where
-1

Ky = ( m

Ki» = —( Iy, —

| -1

E(Imo Z‘%lﬁll)

| -1

3 (110 - Zaizﬂn) :
i=1

It is easy to select appropriate coefficients such that

| =

T N
0 Z“zlﬂn) <1m0 - Zailﬂﬂ)
i=1

-1

—_

T N
Z%zﬁ;z) Pi (110 ZaiZ,BiZ)
i=1
Ky =

Ky =
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ZI,N:I a1 Bi1 # Imy and vazl apBin # 1.
Substituting (15) into (14), we have the optimal response of
the ith follower given the optimal leader’s policy ¥ as

0 = —p05 - M T WYV D

ie.,

uf = —Piuf — 1gi()VVF(x)
' ’ (1)
l

vi = —Buavy — 30 KV

It is noteworthy that the control policy of the leader (15)
involves the responses of all followers, while each fol-
lower’s control policy (17) also includes an additional term
related to the leader. This coupling property between the
leader and followers introduces a complex interdependency
within the multiplayer game, which makes the overall design
challenging.

B. Design Event-Triggered Control Within the Framework of
Stackelberg—Nash Game

To alleviate the computational burden, we design an event-
triggered control scheme for the augment system (4) within
the framework of Stackelberg—Nash game.

Let {f5}32, be the sequence of triggering instants, where f;
represents the sth triggering instant and #; < 41, s € N. At
the triggering instant t;, we have the sampled system state as
Xs = x(t5), s € N. Hence, the event-triggered control policy
Vj(x;) for player j € P, designed based on the sampled state
Xs, 1s the intermittent feedback. There exists a gap between
the sampled and current state, which is given as

es =x(t) —Xs, 1€ [ty ts41). 19)

This means when the event is triggered (r = t;), we have
es = 0. The control policy is only updated at the triggered
instants and kept as the same with a zero-order hold (ZOH)
until the event is triggered again. In this way, the control
signals in the sequence ¥;(x;) can be converted into a
continuous-time signal 7;(Xy, 1) as
mj(Xs, 1) = 0j(Xs), 1 E [ty Loy1). (20

Applying this event-triggered control policy (20) on the
transformed augment system (4), we have

N
k=1 + GoWmo(s. ) + Y Gimi(Es, ). (21)

i=1

This event-triggered control design is within the framework
of Stackelberg—Nash game. Specifically, all the players are
triggered at the same time instant + = #;, s € N. The
hierarchical structure persists during this time instant, that
is, the leader mo(X, 1) = ¥o(Xs) acts first, and the followers
wi(Xs, 1) = Ui(xs) respond to the leader’s decision subse-
quently. In this way, we further convert this robust hierarchical
control problem into an event-triggered optimization design of
Stackelberg—Nash game.
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Considering (15) and (17), the optimal event-triggered
control policy for the leader is given as

N T
TG ) = 03 () = —K) (go(xs) = Qi(fcs)ﬂ,)

i=1

N
SVVEE) + Ko Y M GiR) YV () (22)
i=1
and the optimal event-triggered control policy for the ith
follower is provided as

(X, 1) = 0] (Xy)
= B — MG VYR @)
where VVi(x,) =
(OVF(91/3) s,

Based on the definition of 196" and ﬂi*, we can further derive
that

([0Vg()]/0x)|x=2, and VVi(x) =

N T
7 G 1) = 0 (5) = —Kny <go(5€s) ~ Zgi(xs)ﬁﬂ>

i=1

N
VVEE) + K Y engiG)VVEE)  (24)
i=1
7l (s 1) = (%)
1
= —Pu(%s) = S&iE)VV] &), (25)

Substituting (22) and (23) into (13), we obtain the coupled
event-triggered HJ equation for each player j € P as

Hy(x, WV} 07 ), 07G0) ) = Ry (v, 977, 97 (50))

N
+ 0200 + (Wj*(x))T(f(x) +Y G w; (xs)). (26)
£=0

C. Stability Preservation of the Designed Transformation

Assumption 3: The control policy 19]-* for each player satis-
fies the Lipschitz condition. Therefore, we can find a Lipschitz
constant ,Cﬁj > 0 such that

19/ () = 97 Gl < Loyl lx(@) — Xsl| = Loy lesl].  27)
Note that due to the fact ¥ = [u!

/ va]T and the definition
of norm || - ||, we can also derive

7 () — i G| < Lol les]]- (28)
Define %y = Z;-VZO Lyp,. Lipschitz continuity ensures pre-
dictable and bounded control behavior.

Theorem 1: Consider the optimal event-triggered control
policies ¥j(X;) in (22) and ¥/ (xy),i € F, in (23). Assume
the validity of Assumption 1-3. Let V]?“(x), Jj € P, be the
performance index, with the parameter \11]2 (x) defined as

Wl (x) = %vvj*T(x)vv;‘ @) + 220 + B1x) (29

Authorized licensed use limited to: Florida Atlantic University. Downloaded on February 18,2026 at 16:15:36 UTC from IEEE Xplore. Restrictions apply.
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where %2(x) is an upper bound given as Z,(x) >
I ZJNZ 0 kj(x)v/’.‘ (x)|l. If the triggering condition is designed as

0(1 = @ Y min (Q) 2
N+ 1G22

where a; € (0, 1) and Apin(Q;) denotes the minimum eigen-
value of Q;, then the policies ¥ (x;) and ¥/ (xy) ensure the
asymptotic stability of the hierarchical mismatched uncertain
system (1).

Proof: Choose the Lyapunov function candidate as

N
=2_ Vi@
j=0

Taking the time derivative of L(x) in (31) along the trajectory
of system (1) with the event-triggered control policies (22) for
the leader and (23) for the followers, we obtain

2
lles!|” <

(30)

L(x) (31)

N N
Lxy=)" {W,*T<x> (f(x) + ) ek (%)
j=0 §=0
N
+ ) ke (0)de (x)) } (32)
£=0

According to (13), we have

VVIT@f () = =W (x) —

(x 07,97

A/ Z Ge ()07 ().
=0

Substituting (33) into (32), it follows:

N
Lx) = Z{ Wl (x) —

J=0

(33)

(x v, 9 ) — v

N N
Y G WRF® + VVIT () Y g (ouf ()
§=0 £=0
N
+ VT Y ke (0)dz (x) }
£=0
Considering the definition of ﬂj* = [u; T *T]T and G;(x) =
[gj(x), k;(x)], we can further rewrite (34) as

(34)

Lx) =

Mz

{ — W) — R (x, 97, lﬁj) + vV

~.

g

N

N
A D e () — 1 (0) + Y ke (0) (d () — vg(x)))}
§=0 £E=0

_{

j=0

= Ry(x. 07, 9%)) = P - B

2

N 2
WG —uE @)+ | Y ke (e ()
£=0

2}. (35)

N
+| D ke @i
£=0

7293

Based on the bounded conditions, it follows:

N

i < Z{ ~ Grmn(@)1P - [ (1

J=0

— @) omin () 1412

~ v+ 1>g§4$§||es||z]}. (36)

If the triggering condition (30) holds, we obtain L(x) <
Yo —aAmin(@)|Ix|[> < 0 for Vx # 0. Therefore, the
designed event-triggered control scheme is guaranteed to
asymptotically stabilize the hierarchical system with mis-
matched uncertainties (1). This concludes the proof. [ |

Theorem 1 demonstrates that the event-triggered optimal
control solution for the transformed Stackelberg—Nash game
guarantees the asymptotic stabilization of the original hierar-
chical robust control system.

Based on (30), we can derive the triggering instant f.
Subsequently, the minimal intersampling interval can be
calculated as Tgmin = (fs+1 — f5)min. For the continuous-
time systems with an event-triggered controller design, it is
crucial to ensure Ty pmin # O, i.e., free from Zeno behavior.
Therefore, consider the event-triggered mechanism, at the sth
triggering instant e; = 0, the time of (||es||/||x]]) growing
from O to Pihreshold provides a lower bound for the minimal
intersampling interval. Here, we can obtain Piyreshold =

(/1L 1Gml 1D/ (01 — @) Amin(@))/ (N + 1)) > 0.
This means the designed method can guarantee T min > 0 and
achieve Zeno-free behavior.

Theorem 2: Let V*(x) be the optimal performance index
with the parameter \Ifz(x) defined as (29). If the triggering
condition is defined as (30) and Assumption 1-3 hold,

then the designed event-triggered control policy set
{95 (x5), 91 (Xs), ..., ON(X)} can achieve Stackelberg-Nash
equilibrium.

Proof: Based on Theorem 1, we have x — 0 when t — oo
with the designed event-triggered control policies. The optimal
performance index for each player j € P satisfies Vj* (x(00)) =
Vj* (0) = 0. Set a new parameter Z;(x) = Vj*(x). Therefore,
the cost function (5) under the event-triggered control policy
1;(X;) can be rewritten as

T, 950, 9i(E) = /O [R(x(0). 9,2, 93)

+lIljz(x(t))}dr + Zi(x(0)) + / Z(x(v))dt (37)
0

where Zi(x) = VZI@(F® + Yo 0:(0)0:(E,)) and
VZi(x) = ([02j(x)]/9x). Considering (26), we can obtain that
at the triggering instant

Ji(x, 95(s), 0—(%5)) 2/0 {R/(X(T),l?/(fcs),l‘/‘—j()?s))

N
= Ry (x(), 07 G, 97,30 + VE () Y G ()
£=0

: (195 @) — 9;‘@)) }dt + Z5(x(0)). (38)
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For the leader, assume that all the followers take the optimal
control policies 9" (X) = {9{°(%,)|E € F} given 9o(X,).
Therefore, we have

Jo((x o), 975G

— Z0(x(0)) + /0 H

N
95 (%) + Y e ¥f (%)
&=1

N 2
Do) + Y e 9" ()
£=1

Mo

2
+ V2§ (%)Go(x) (90 (%)
Mo

N
—95 ) + VET ) D Ge G (9 Gy) — 97 (R) }dr
&=1

= 2000 + [ {Ho( V200, 2065, 95

—Ho(x, VZ0(Xy), 94 (%), ﬁfo()_cs))}- (39)

At the equilibrium point 99 (xs) = l?{f()"cx), the integral term
in (39) becomes zero. It follows:

Jo(x. 95 (), 97 (&s)) = Z0(x(0)).

Since the goal of dp(xy) is to minimize Hy, we
have Ho(x, VZo(fcs),ﬁo(fcs),ﬁf%(is)) > Ho(x, VZ(xy), Oy
(X5), ¥X(Xs)). Combining this with (40), we obtain

(40)

Jo(x. 90, 975 ) = Jo(x, 95 (R, 9720()). (A1)
Now, we consider the situation for the ith follower. Assume
that the other followers take the optimal policies given ¥ (x)

as 0%,(%) = 00 (E) = BFGIE € F & # i}. Based
on (38), we obtain

Ji(x, 9i(%s), 97,(%s)) = Zi(x(0)) +/0 “ﬂi(fcs)
2 2
SCOIES] B LACORRES]
+V 21 (%) Gi (&) (9iGs) — 07 (%)) }dT. (42)
According to (23), it holds
vzl (x)6! &) = —2(97 () + ﬂiﬁ(}k()_cs))TMi- (43)

Substituting (43) into (42) and completing the square, it
follows

T, 950, 9%,(5)) = Zx(0))
+ [0 = 07 Go)M (00 = o7 o) e

It is clear that when ¥;(x;) = ©/(x), we have
Ji(x, 97 (Xs), 9*;(x5)) = Zi(x(0)). Hence, from (44), one has
Ji(x, 9i(Xs), 97, (%)) > Zi(x(0)), or

Ji(x, i), 971(Re)) = Jix, 97 (), 97%,(Kp)). (45)

Combine (45) and (41), and compare them with the
conditions (8) and (9) in Definition (1), respectively. We
obtain that the designed event-triggered control policy set
{95 (Xs), 97 (Xs), ..., Oy(x)} can achieve Stackelberg-Nash
equilibrium. |
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Remark 1: Consider the fact that 9(x;) = [u (), v{ (x)]"
and (%) = [u!(%),v](x)]". Based on Theorem 2
and Definition 2, we can easily obtain that the derived
event-triggered control policy set {ug(Xy), uj, ..., uy(Xs)} also
achieves Stackelberg—Nash equilibrium.

D. Neural-RL-Based Approach With Stability Guarantee

Since the developed event-triggered control policies (22)
and (23) require the knowledge of Vj*()"cs), Jj € P which is
difficult to solve directly, this article develops a neural-RL-
based approach to automatically learn the optimal strategies
for both the leader and the followers.

Establish a critic network for each player j € P to
approximate the optimal performance index as

VE®) = 0f ¢ (0) + € (x) (46)

where a)jJ are the ideal critic network weights, ¢ is the
activation function, and € is the function reconstruction error.
The partial derivative of Vj?"(x) with respect to x can be
provided as

VVi(x) = Vol x)w); + Veg(x)

where Ve;(x) = (13¢¢()1/3x) and Vegi(x) = ([9e¢j(x)]/0x).
Substituting (47) into (26), it follows:

(47)

WP () + Rj(x. 9j(%s). 0 (%)) = —wi A+ Ap,  (48)
where Ag, = —Vei(x0)(f(x) + Zévzogg(x)ﬁg()'cs)) is the
residual error due to the function approximation and A; =
Ve (0 (F () + 30 Ge (1) D (%))

Assumption 4: For every x € R", V¢ (x) and Ve (x)
are bounded as ||V, (x)|| < Ay, and |le)|| < B,
respectively, with # 4, and Z ¢ ; being the positive constants,
j € P. In addition, for every x € R”, AH]. is bounded as
[|Ap|| < & a;» with Z a; being the positive constant, j € P.

Substituting (47) into (22) and (23), we derive the optimal
control policies for leader and ith follower, respectively.
However, achieving a)jj is often challenging or impractical,
which makes the implementation difficult. Therefore, we
consider the current estimated value c?)cj instead and obtain the
approximate performance index as

Vi(0) = &fpej(x).

The partial derivative of (49) becomes V‘7j(x) = V¢6Tj(x)(2)cj.
Note that, at the triggering instant #;, we have

(49)

VVi(xs) = V() dj (50)

where V(xs) = ([9¢¢(x)]/9x)|r=z,. Replace VV(xs)
in (22) and VV*(,), i € F, in (23) with VV;(x,), j € P,

in (50). We attain the estimated event-triggered control policy
for the leader as

N T
Po(xs) = —Ki (go()_cs) -3 gi@x)ﬂi) Vol G dco

i=1

N
+ K ) oM GiE) Vel () e
i=1

(SD
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and for the i th follower as
_ _ | _ N
Di(%) = —fido(%) = 3 M; 6T )Vl (e (52)

Additionally, with (51) and (52), the estimated form of coupled
event-triggered HJ equation can be established as

I"Ij(xs C?)cj’ 19j()_cs)» ﬁ—j()_cs))

= WP () + Ry(x, 9(Xs), 0-j(E)) + OGA. (53)

Define e.; = H;(x, &, 9(%;), ¥—;(%,)). Hence, the objective
function for the critic network can be designed as
1
Ecj = Eezjecj.
Taking the partial derivative of (54) with respect to &, we
have the updating rule for the critic network weights as

(54)

. N
e = Nt (55)

2
(W2 +1)

where 7,; is the learning rate of the critic network for the jth
player, and (Afkj + 1)? is the normalization term.
Besides, define the critic network weight estimation error

as ¢ = a):/- — &. Based on (53) and (55), we obtain

(P00 + Ry, 950, i) + 6T ). (56)

Substituting (48) into (56), we can further derive the dynamics
of @ as

~ T ~ A
Wej = —NejVj¥j Ocj + NejVj——
v
where y; = (x,-/[()\fx,- + D)) and ¢; = )\ij + 1.

The framework diagram of this developed method is
provided in Fig. 1, where the leader and followers update
their control policies intermittently based on the event-
triggered mechanisms. The leader’s policy directly influences
the followers, while each follower optimizes its strategy by
responding to the leader’s decision.

Assumption 5: Both a)z‘] and & are upper bounded, i.e.,
llogll = PBo, and |logll < Bu,;, with B, being the
positive constant, j € P.

Theorem 3: Consider the augment system (4) with the
event-triggered control policy given by (51) for the leader
and (52) for the ith follower. Let the critic network weights
be updated based on (55). If the triggering condition (30) and
Assumption 1-5 hold, then both the closed-loop system (4)
and the weight estimation error @ are uniformly ultimate
boundedness (UUB).

Proof: Define the Lyapunov function candidate as

(57

N N N
La=Y Vi®+ Y ViG)+ Y ng't@lag) (58)

j=0 j=0 j=0
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Event Generator (30) Xs x
¥ Leader ¥ Follower i
Critic Network (49) | 7, P X Critic Network (49) | 7; P
for Leader Vo (%) for Follower i Vi%s)
— "} ——— 7
L Updating Rule (55) | ! L Updating Rule (55) | !
— for Leader — for Follower i
Critic.0 . . Critic.i
l L
v v v
Event-Triggered 95(%s) Event-Triggered 9; (%)
Controller (51) for g Controller (52) for
Leader Follower /
Coupled Event-Triggered HJ

Equation (53) for Follower i

x 1 x Hierarchical Multiplayer Yo 3
s System (4) L
Fig. 1. Framework of the developed event-triggered RL approach.

Note: ZOH stands for Zero-Order Hold.

with Ly = Vi) + Vi) + ng'w@lag), Ly = Vi),
Lyj = Vi (%), and Ly; = ' tr(@Lac).

This proof is conducted in two parts, i.e., the continuous
dynamic phase and the jump dynamic phase. The goal is to
demonstrate that both phases of the impulsive closed-loop
system are UUB.

We start with the continuous dynamics, t € [tq, f11)-
By taking the time derivative of (58), we notice sz = 0.
Therefore, Le; = Lij 4 Lsj, which can be further provided as

Lo = vV @i + 5 w(@héy)| . (59)
i=eq. (4) cj=eq. (56)
Note that Ly = Zf]: 0 Lclj- .Therefore, by demonstrating
Lo < 0, we can easily obtain Ly < 0.
The first term in (59) can be derived as
N
Lij= Vv () <f(x) + ) Ge (e @)). (60)
£=0
Based on (13), we obtain
Ly = =9} —R(x 97, 0%))
N
+VVT 0 Y G (G - 97). (61
£=0

Applying Young’s inequality and Cauchy—Schwartz inequality,

we can further derive that

. 1 2

L= = 2@ = R(x. 97, 9%) + 5[ Vol + Veyo]

+ ! 2
2

N
P ACICHENER)
£=0

< -V - Rj(x, 97, ﬁij) + B B+ B

€cj

| A 2
o+ DGy Y [oe -0z (62)
£=0

K
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The last term in (62) can be rewritten as

= i H (95 o) — 0F (9) + (9F (&) — 9F () H2

al 2
=2) |60 - 976
E=0

Based on Assumption 3, we obtain

2
e <223 e + 2<H Do) — 03 ()

)

i) — 07 (%)

Substituting (52) into (64), it follows:

€ <22 |2 + 2(”190(5m) — DGy
MG G (VoL Goidei + eci)

) N
+4)°
i=1

B 2
— 95 () — 3 )

< 225 |es|* + 2| 90G) — 95 G)

NN
a5 Lo

<283 +2(1 + 23 [1F) 200 - o360
—_——

i=1
K']}O

26, 3 |7 (3 ol + ).
i=1

By taking (51), the term «y, in (65) becomes

N T
Ky = H - K (goo‘cs) - Zgi@s)ﬂ,») (VoioGaco

i=1

N
+ Ve ) + K2 ) eiM; ' Gi(xy)
i=1 5
(VoliE)dei + Ve (xy))

We can further rewrite (66) as

N 2
oy = 2|Ki HzHgoo‘cs) =Y GiGp| |VelyGEoae
i=1

2
+ Veco (s) MG

2
: (V¢Z;'()_Cs)5)ci + VécO()_Cs)) H

N
=4k P+ gy (1+ Y 8]°)

i=1
(Bilocol’ + Bey)

N
2 —12
+4]Ka | 'NG; 3 e~ |H (2
i=1

Bi (90 (xs)

2
16T Go) (VLG e + €ci)

2
() H . (63)

(64)

Ly | - B0
i=1

(65)

(66)

2 N> + Ze). 67)

Considering the fact [|@g]> = leoy = bgll® < 2y ”2 ’
20logl> < 425, we have (2 llogl® + %é) =

(4%’2 %’2 +<@2 ) = 82,1 eP. Therefore substituting (67)
into (65) we obtaln

K <223 es|) + 202, (68)

where
N N
= (142 18 0P) (0 P + 03 (14 3 181753
i=1 i=1

52 (69)

N N
+al&a N} Zuwluzaf) M

_932 %’2

wq

Combining (62) with (68), and setting %’2
‘@2@ we have the first derivative of Lj; as

Ly < = hin(@)INIP + B3, + N + DGH.L3 e
+ (N + G303, (70)

Then, for the second term ng in (59), we derive

Utilizing Young’s inequality, we have

. AR
Ly = — n;jlt ( ncjwqyj)/] (UL] +77qwq)/] v ) (71)
J
; T R 20~ 12, |2H
ws—MMngw@mﬂwﬂ+Hf

2
vj )
n 1
< —( c’)lle EXk + 5 — %

,@ A (72)
Insert (72) and (70) into (59). With some calculation, we
obtain

Loy = = aPrmin(@)IIKI2 = [ (1 = @) Amin (Q)) 1411
Ne
—(N+1)9A24$§||6s||2]—( ])HVJ” ]

1
B . 73
2770j A ( )

+ B+ (N + 1G04 +

Hence, if the triggering condition (30) holds, we have Ldj <0
given that x ¢ S and & ¢ Qp,;, Where

B7,+ (N + DGy 03 }
ajz)\min(Qj)

%i-/zncj
91:{5)':”5)-”5 — }
@ g (1 = ne/2) w112

It follows Lo < 0 as long as x ¢ Q, and @cj ¢ 24, This
demonstrates that x and @.; are guaranteed to be UUB in the
continuous dynamic phase.

Now, we consider the boundedness of the jump dynamics.
When t = f,41, the first difference of the Lyapunov func-
tion (58) is provided as follows:

Q= {XIIIXII =

A=Y (@ -vi())+ iy (v @ - V&)
=0 =0

&n;jl(u(@g%) w(ag'as)) o
Jj=0
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where x~ = x(t_ ) = limy_o-x(ts41 + T1)s J)C_j =
(;)cj(ts__H) = limrl—>0— C‘Z)cj(ts+1 + 1) and 71 € (& — £541,0).
Since we prove that Ly < 0 if x ¢ Q, and @y ¢ Qo
for all t € [ts, ts+1), then L is monotonically decreasing for
t € [ty tg41). Therefore, V(x) < Vi¥(x7) and tr(cT)CchZ)q-) <
tr(ch_ch?)c_j) at the jump instants. On the other hand, for the
sampled data, because we have proved that the state estimation
error is UUB, then Vj?"()"cSJrl) < Vj*(y"cs). Hence, we have
AL¢ < 0, which indicates x and @,; are also UUB in the jump
dynamic phase. This completes the proof. |

IV. EXPERIMENT STUDIES

Example 1: Consider the following nonlinear hierarchical
game with four players (open loop unstable)

X = f(x) + go(up + ko(x)do(x)

3 3
+) gi@ui+ Y ki(0)dix).

i=1 i=1

(75)

This game follows an asymmetric decision-making structure,
where player O acts as the leader, making decisions first, while
the followers (i € {1, 2, 3}) respond optimally based on the
leader’s choice. The system dynamics are provided as

. i —x1 +x2 + $adn
fo) = 2, 1 2 0 (qin(d2 2
| —x1 —x2 + X105 + 1x2((cos(2x1) +2)% + (sin(4x?) +2)7)

[ o 0
go() = _cos(xl)i|’ §1(%) = |:cos(2x1 + 1)j|

o 0
8200 = _sin(x1 + 2)i|’ g0 = |:sin(4x%) + 1i|

where x = [x1, x2]7 € R? is the state, ug € R and u; € R are
the policies controlled by leader and follower i, respectively.

Furthermore, the term k;j(x)d;j(x), j € {0,1,2,3}, is the
unknown mismatched uncertainties applied on each player
with

1
di(x) = A1x] cos + A3xp sin (Agx1x2),
/i (X) 1X1 <x2+)\2> 3% sin (A4x1x2)

- (D
ko(x) = [Sm(()xl)}, ki(x) = |:(1)1|

i 1
ko (x) = |:sm(xé)—|— 1):|’ ks (x) = |:(2):|

and Ay € [—1,1], A, € [ —100,0)J(0, 100], 23 € [ —
1,1], and A4 € [ — 100, 100] are the unknown parameters.
We can easily verify that Assumption 2 holds in this system,
ie., rank(gj(x)) = 1 < 2 and ng(x)kj(x) = 0. Therefore, the
designed event-triggered RL control approach is applied for
this robust control problem.

Based on Theorem 1, we first transform this hierarchical
mismatched uncertain system (75) into an optimization design
of Stackelberg—Nash game

3
F=f0)+) G

J=0

(76)
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[N

N

A

Weights of Critic Network
o

Weights of Critic Network

Weights of Critic Network
\ o
I
Weights of Critic Network

Fig. 2. Convergence process of the critic network weights @;,j € {0, 1, 2, 3}:
(a) Leader, (b) Follower 1, (c¢) Follower 2, and (c) Follower 3.

where ¥; = [uj,vj]’, v; € R is an auxiliary input and
Gi(x) = [gi(x), kj(0)], j € {0, 1,2, 3}. Note that the open-loop
configuration of (76) is also unstable.

Since ||dj(x)|| < |lx||, define the upper bounds as
Pa(x) = 4llxl| and B = || Ziig ok @vjl1* with pj = 2.
Design the utility function based on (6) for leader and based
on (7) for followers with Q; = 5h, M; = b, j € {0, 1,2, 3},
and o; = 0.2, B = 0.2, i € {1, 2, 3}.

Then, establish the critic network for each player to
approximate the performance index \7j(x) based on (49)
and calculate the event-triggered control policy ¥;(x;) =
[uj (xs), y/(fcs)]T based on (51) and (52). The learning rate is
chosen as 1, = 0.05. The critic network for each player
is designed as a three layer network with the input as
Ci = [x1,x2, uj, vj]T and the output as \7j(x). We consider 6
neurons for the hidden layer with the activation function as
$i(0) = ([1— e “i91/[1 + e~ ®155]), where w1, are the
weights between the input and hidden layer. In this article,
we randomly choose w.1,j € [—0.5,0.5] at the beginning and
fix the values thereafter. Then, the weights between the output
and hidden layer &,; are adjusted based on (55).

Select the sample interval as 0.01s and let the initial state
be x(0) = [1,—0.5]". Choose a; = 0.5 and Ly, = 3, €
{0, 1, 2, 3}, for the triggering threshold (30). Besides, to satisfy
the persistent excitation condition, we add a probing noise
0.1sin?(#) cos(r) + 0.1sin?(2¢) cos(0.1¢) to the control u;(x;)
for the first 80 time steps.

The learning process spans a total of 6 s (600 time
steps x 0.01 s sample interval). The learning evolution of
the critic network weights between the hidden and output
layer &,; is provided in Fig. 2. We can observe that all the
weights can converge quickly, which demonstrates the optimal
learning process of the developed method. Fig. 3 provides
the event-triggered control policy u;(Xs) and event-triggered
auxiliary policy vj(xy), j € {0, 1,2,3}. The updating steps
can be detected, which confirms that both control signals are
intermittent feedback and updated aperiodically. Based on the
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Fig. 3. Evolution of event-triggered control policies #;(xXs) and v;j(Xs) in the
learning process. (a) t/s. (b) t/s.
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Fig. 4. (a) Triggering condition verification. (b) Intersampling period.

definition, ¥(Xs) is constituted by ¥;(x;) = [u;(Xs), vj()_cs)]T.
The triggering condition and triggering period are shown in
Fig. 4. Particularly, Fig. 4(a) compares the square norm of e
with the triggering threshold e7, ensuring that ||eg||? is strictly
smaller than er which satisfies the triggering condition (30)
and guarantees the asymptotic stability of the system. In
addition, Fig. 4(b) provides the triggering period Ts = ft4+1—1;,
s € N. We can observe that Ty ymin = 0.02 which verifies
that the Zeno behavior does not occur. Note that 7 becomes
constant after 2.2 seconds. This indicates that the learn-
ing process has reached the optimal solution. Furthermore,
we compare the triggering number in the developed event-
triggered method with the time-triggered control method in
Fig. 5. It is shown that the developed method only needs
66 state samples while the traditional time-triggered method
requires 600 state samples, which is 89% reduction of the
control updates. This indicates that the developed method can
effectively reduce the computational burden.

After the training, we evaluate the control performance of
the obtained event-triggered control policy on the mismatched
uncertain hierarchical system (75). Without loss of generality,
we randomly select admissible unknown parameters of uncer-
tainty and measure the mean square error (MSE) of the state
x = [x1,x2]7 for each set of parameters. We perform 5000
independent runs and the results are presented in Fig. 6. It
is demonstrated that the MSE of the state remains finite for
all uncertain parameters under the designed event-triggered
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Fig. 6. Histogram of MSE for state in robust control process: (a) MSE for x1,
and (b) MSE for x;.

control policy. This implies that the closed-loop system is
compelled to be asymptotically stable and exhibits robustness
against any admissible uncertainties. Fig. 7 shows a general
state trajectory in the robust control process. These results
further demonstrate the stability preservation of the designed
robust-optimal transformation, ensuring that the transformed
system accurately reflects the original dynamics. Moreover,
the results validate the effectiveness of our developed method
in achieving reliable and robust performance in hierarchical
multiplayer systems, even under complex uncertainties.
Example 2: To further evaluate the proposed method, we
apply it to a ten-player hierarchical system with the following:

X = f(x) + go(x)uo + ko(x)do(x)

9 9
+ 3 giui+ Y k(i)

i=1 i=1

(77)

where x = [x1,x]7 € R? is the state, ug € R and
u; € R are the policies controlled by leader and follower i €
{1,2,3,...,9}, respectively. The dynamics are given as
—x1 +x2 + sin(x%)
= 78
S |:—x1 — X2 + xlx% + 0.5xp(cos(2x1) + 2)2 (78)
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Fig. 7. General state trajectory in robust control process.

and go(x) [0, cosxn)]”, g1 = (0,11, g2(x)
[0, cos2x)]”, g3() = [0.2]", g4(x) = [0, sin(4x1) +
117, g5(x0) [2cos(x1), 01", g6(x) [2sin(x2), 017,
g7(x) [0, cos(x)]”,  gs(x) [0, sin(x2)]", and
g9(x) = [0, sin(2x1) + 1]7. Here, the leader 0 acts first and the
follower i € {1,2,3,...,9} respond to the leader’s decision.

The unknown mismatched uncertainties k;(x)d;(x) are
applied on each player j € {0,1,2,...,9} with ky(x) =
[sin(x?), 017, ki1(x) = [cos(2x3),01", ko(x) = [sin(x> +
2),01", k3(x) = [1,01", ka(x) = [sin(x1 + 1), 01", ks(x) =
[0, sin(2x2 + D17, ke(x) = [0, cosx?7, k7 (x) = [1/2,0]7,
kg (x) (1,017, ko(x) [sin(x1), 017, and dj(x)
p1x1cos(xp) + poxpsin(xy;), where pi,p» € [—2,2] are
unknown parameters.

We implement the designed event-triggered RL control
method to address this hierarchical robust control problem.
The auxiliary plant is constructed based on (4) with N = 9.
The utility function is designed in (6) for the leader and
in (7) for the followers with Q; = 8L, M; = 2b, j =
{0,1,2,...,9}, and the coupling coefficients «; 0.115,
Bi = 0.1, i € {1,2,3,...,9}. The triggering threshold is
established with @; = 0.5 and Ly, = 3. The learning rate
process spans a total of 6 s (600 time steps x 0.01 s sample
interval). To satisfy the persistent excitation condition, the
probing noise is added to the control u;(Xs) for the first 100
time steps.

The event-triggered control policy u;(Xs) and the event-
triggered auxiliary policy v;(x;) are provided in Fig. 8 and
Fig. 9, respectively. We can observe that both control signals
are intermittent feedback and updated aperiodically, adjusting
updates based on system conditions rather than fixed time
intervals. The triggering condition and triggering period are
illustrated in Fig. 10. As shown in Fig. 10(a), the term ||e,||?
consistently remains below the threshold e to ensure the
stability of the learning process. This indicates that the learn-
ing updates are effectively regulated, preventing excessive or
unnecessary updates while maintaining control performance.
Furthermore, the triggering period in Fig. 10(b) confirms that
Zeno behavior is successfully avoided. Note that this method
triggers only 134 control updates comparing with 600 updates
in traditional time-triggered methods.
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Fig. 8. Evolution of event-triggered control policy u;(x;s), j € {0,2,3,...,9}.
3
25 1]
Fig. 9. Evolution of event-triggered control policy v;(xs), j € {0,2,3,...,9}.
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Fig. 10. (a) Triggering condition verification. (b) Intersampling period.

After that, we fix the critic network weights and apply
the designed feedback controller to the original uncertain
system (77). Set the uncertain parameters to p; = —2 and
P2 2. We conduct the robust control process for 500
time steps x 0.01 sample interval = Ss, starting from the

February 18,2026 at 16:15:36 UTC from IEEE Xplore. Restrictions apply.
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Fig. 11. State trajectory in robust control process.

initial state [2, —2]7. The corresponding state trajectory under
this control scheme is shown in Fig. 11. We can observe
that the system rapidly converges to the equilibrium point
under the designed controller. These results further validate
our developed learning-based control method and demon-
strate its capability to handle hierarchical multiplayer systems
with mismatched uncertainties while ensuring stability and
performance.

V. CONCLUSION

This article develops an RL-based robust event-triggered
approach for hierarchical multiplayer systems with mis-
matched uncertainties. The proposed framework addresses
the computational complexities and mismatched uncertainties
inherent in the learning-based asymmetric decision-making
process. Specifically, the problem is transformed into
the Stackelberg—Nash game framework, complemented by
an intelligent event-triggered hierarchical robust-optimal
approach developed with RL techniques. Theoretical analysis
is provided to demonstrate that the solution of the transformed
event-triggered control scheme ensures the asymptotic stabi-
lization of the original hierarchical robust control problem.
Neural network techniques are applied to implement the
developed method and the detailed stability guarantee is
discussed. Finally, the numerical studies are conducted to
validate the effectiveness of the proposed method.
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