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In this paper, the optimal bipartite consensus control (OBCC) problem is investigated
for unknown multi-agent systems (MASs) with coopetition networks. A novel distributed
OBCC scheme is proposed based on model-free reinforcement learning method to achieve
OBCC, where the agent’s dynamics are no longer required. First, The coopetition networks
are applied to establish the cooperative and competitive interactions among agents, and
then the OBCC problem is formulated by introducing local neighbor bipartite consensus
errors and performance index functions (PIFs) for each agent. Second, in order to obtain
the OBCC laws, a policy iteration algorithm (PIA) is employed to learn the solutions to
discrete-time (DT) Hamilton-Jacobi-Bellman (HJB) equations. Third, to implement the pro-
posed methods, we adopt a data-driven actor-critic-based neural networks (NNs) frame-
work to approximate the control laws and the PIFs, respectively, in an online learning
manner. Finally, some simulation results are given to demonstrate the effectiveness of the
developed approaches.

© 2019 Elsevier Inc. All rights reserved.

1. Introduction

Recently, the cooperative control problem of MASs has received a surge of attention due to its wildly applications in
UAV [1], smart grids and power systems [2], formation control in robotic systems [3,4] and so on [5-7]. For cooperative
MASs, consensus problem is a very important topics [8-12], and some related researches have been investigated for various
situations, such as leader-follower (LF) tracking control [13,14], fault-tolerant consensus [15,16], and so on. However, most
of the researches on the MASs control problem always has a common assumption that the interaction among agents is
cooperative. In contrast with cooperation, competition is the other inherent phenomenon. The cooperation and competition
(coopetition for simplicity) coexist in social systems. For example, the confrontational situation is common in a two alliances
(political parties) such that the opposing opinions are held by the two parties, where members of each party reach an

agreement [17,18].
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Hence, the other type of consensus control problem, namely, bipartite consensus (BC) control, for coopetitive MASs has
been intensively studied from various perspectives in recent years [19-22]. For instance, some adaptive control based meth-
ods were utilized for BC control of reaction-diffusion neural networks (NNs) in [23] and high-order MASs in [24]. The au-
thors in [25] also studied the corresponding BC problem under directed signed communication network. However, it is noted
that the aforementioned results on BC controller designs of MASs strictly depends on system dynamics (SDs). Therefore, they
usually need an important assumption that the knowledge of the SDs are known in advance. In fact, it has to take the real
world cases into considerations, the information of accurate dynamics is always difficult to establish or obtain under the
complex external environment. Meanwhile, in the aforementioned BC control of the MASs, the energy consumption opti-
mization of each agent is not considered. From the above discussion and analysis, how to utilize a model-free (data-driven)
based method to design control law and stabilize the unknown (i.e., black box) systems while minimizing the energy con-
sumption, which is the first motivation of this paper.

Recently, intelligent technologies (ITs), such as machine learning, have been widely used in practical production and
life, such as medical applications, flood debris forecasting and management, wireless sensor networks, and so on [26-28].
Especially, reinforcement learning (RL) as one of ITs, which has ability to tackle the optimal control (decision) problem
for control systems in the case of energy consumption and cost. Adaptive dynamic programming (ADP) integrates adap-
tive control theory, optimization theory, which is regarded as the advanced tools of RL to handle optimal control problems
[29-32]. Till now, there are two mainstream methods in this research field, one is value iteration algorithm (VIA), the other
one is policy iteration algorithm (PIA), which are often used to approximate the optimal solution of the HJB equation indi-
rectly in an iterative fashion [33]. For example, the authors in [34] studied the general nonlinear systems with the aid of VIA.
The authors in [35,36] addressed the optimal control issue for DT nonlinear systems on account of VIA. In the meantime,
the authors in [37] discussed the same theme for the continuous-time (CT) nonlinear systems based on PIA.

In the meantime, the ADP/RL-based MASs optimal control problems has attracted increasing attention for many re-
searchers. Notice that some widespread interests have focused on several works on DT case [38-41]. Very interestingly,
to handle with the situation where the SDs are unknown, model-free-RL/data-based methods were developed for various
cooperative optimal control problems of MASs, such as consensus tracking control [42,43], synchronization in MASs graph-
ical games [44], optimal containment control [45,46]. However, it is important to note that the above mentioned results
are only focusing on cooperative relationship between agents. In fact, the coexistence of the competition and cooperation
among agents is a universal phenomenon and an inevitable case. To the best of our knowledge, the OBCC problem for MASs
with coopetition interactions has not been considered by using data-driven or model-free-RL based methods, which forms
the second motivation of this paper.

From the above observations and analysis, this paper proposes a model-free-RL based controller designs to solve the
OBCC problems for unknown DT LF MASs. Meanwhile, the general BC problem is transformed into the problem of OBCC by
introducing PIFs, which relies on the local neighbour BC errors and the distributed control laws. The main contributions of
the paper are summarized as follows: (1) A novel distributed OBCC scheme, to the best of our knowledge, is the first time
to be proposed for unknown DT LF MASs; (2) A model-free-RL method based on the PIA is developed to obtain the optimal
control laws, without requiring the accurate model of SDs; (3) An online learning mechanism, that is, actor-critic NNs, is
established to estimate the PIFs and the control laws only using measurement system data instead of the accurate model of
SDs.

2. Preliminaries

In this section, the basic signed graph theory for molding the MASs with coopetitive interactions is introduced, and then
the OBCC problem is formulated.

2.1. Signed graph theory

We consider a coopetition communication network consisting of N agents, and define a signed graph (SG) as F =
(V,&,Ar), where the nonempty finite set of vertex is denoted as V = {vy,v,,..., vy}, and € = {(v;, v))[v;, vj eV} SV xV
denotes the nonempty finite set of arcs. Let Ar = [q;;] € RN*N be a weighted adjacency matrix with —1,0, 1 elements. Arc
£(1, j) is regarded as a communication flow from node i to node j, where a; is nonzero, that is, a;#0 is equivalent to
(vj,v;) €V x V, which represents agent i is able to obtain agent j's information. If a; >0, the interactions relationship be-
tween vertex i and j is cooperative; a; <0 indicates the interactions between vertex i and vertex j is competitive; otherwise,
a;; = 0. Then, let N'(i) = {j|j # i, (v}, ;) € £} be the set of node i’s neighbours. The degree matrix D = diag{d;} of the SG Ar
is a diagonal matrix with d; = 3"\ |a;;|. Thus, the Laplacian matrix of F can be calculated by £ = -Ar+D e RNxN,

In order to describe the relations between N agents and the leader, an augmented graph, ie., F = (V,£) is introduced
where ¥ = {1y, 11,15, ..., vy} and € € ¥ x V. Define a diagonal matrix B, that is, B = diag{b;, ..., by} € RN*N_If b; >0, the
agent i can obtain information form the leader. A directed path from node v; to node v; is denoted as a sequence of edges
(Wi, Y1) Wkt Vi) -+ (Vkm- vj)}. If the coopetition network F contains a spanning tree, then there is a root node such that
F exists a directed path from the root to any other nodes.
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The coopetition network F is called as structurally balanced (SB) [19], if the whole nodes in V can be able to be divided
into two disjoint subsets, that is, V;, V,. They satisfy the following three conditions: 1) V=V, UV,, and V=V NV, =0, 2)
If Vi, jeVy (pe{l,2}), a;>0,3)If VieVy jeVy, p#£q (pefl, 2}), a; <0.

2.2. Problem formulation

This paper considers a class of DT MASs consisting of N agents, whose dynamics are expressed by
xi(k+1):Axi(k)+Bjui(l<), (l)

where x;(k) € R", u;(k) e R™, (i=1,2,...,N) denote the state variable of agent i and its control law, respectively. A ¢ R"
is the state matrix, B; € R™™ denotes the control input matrix. Herein, we assume that the system matrices A and B; are
considered as unknown matrices in the paper.

The state of leader (reference signal) is defined as xy(k) with the following dynamics

Xo(k+ 1) = Axg (k). (2)
Assumption 1. The coopetition network F is SB and F has a spanning tree with the root note vy (leader).

Throughout this paper, we introduce the following lemma and definitions, which will be employed to introduce our main
control problem.

Lemma 1 [47]. According to the Assumption 1, it can be obtained that £ + B is a positive definite matrix.

Definition 1 (BC control problem). For each agent i, the goal of the BC control problem aims at designing the control law
u;(k) only utilizing agent i’s information and its neighbours’, then the following conditions can be satisfied for Vi, that is

Jim (x; (k) —xo(k)) =0, (3)
for agent i € Vg,
lim (x; (k) +xo(k)) = 0, (4)
k— o0
for agent i € V5.
For convenience of analysis, a gauge transformation matrix is defined by S = diag{s;, s>, ..., sy} € RN*N, where s; = 1 for
ieV;and s; = -1 forieV,.

Remark 1. In fact, the above Egs. (3) and (4) can be rewrote as one equation format, that is
lim (x; (k) — s;xo(k)) =0,
k—o00

where s; =1 for i e V; and s; = —1 for i € V».

In order to analysis the BC control problem with coopetition networks, we define the local neighbour BC errors of each
agent as follows

gi(k) = Z ;| (x; (k) — sign(ai;)x;(k)) + b;(x; (k) — sixo (k)). (5)
jen @
Then, we define (k) = (] (k),...,ef (k)T € R™, n;(k) = x;(k) — sixg (k) as the BC error vector and the tracking error,
respectively. Then, we can rewrite above local errors as following impact form
e(k) = ((L+B) @ In)n(k), (6)
where
n(k) = x — SXo (7)
is the overall tracking error, S=S®I,, X =1®xy and 1=col(1,...,1) e RN is the N-vector of ones, x=

(x] (k). x5 (k). ..., xy (k)T e R,
Considering (6) and (7), from Lemma 1, the important relationship between the local neighbour BC errors (k) and the
tracking errors n(k) can be obtained, namely, if klim lle(k)|| = 0, then klim [n(k)|| = 0. So, once the local neighbour BC error

decreases to 0, then the BC control problem can be achieve for all the agent according to Definition 1.
By combining (1), (2) and (5), for agent i, the dynamics of the local neighbour BC errors are given as follows

Ei(k + l) = AS,’(k) + (d, + b,‘)lel,'(k) — Z |a,-j|sign(a,-j)Bjuj(k). (8)
JjeN ()
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In the field of RL [48], cost (reward) functions are usually employed to identify the performance of a series of control
laws (actions). Inspired by it, for each agent, the discounted PIF which is defined as follows:

o0
Ji(ei(k)) = Zan_kci(si(w), Ui (W), Uy iy (W), (9)
w=k
where ¢;(g;(w), u;(w), ty) (W) is the utility function, that is, ¢;(e;(w), u;(W), uy g (W) = &7 (W)Qjig; (W) + u] (W)Rju;(w) +
> u]T (W)Sjjuj(w), Q;; >0, R; >0, S;; >0 are symmetric positive matrices. u,.;, denotes the sets of the control laws from
JeN ()
the agent i's neighbors, and o €(0, 1] is discount factor.
From (9), it is noted that the PIF for each agent i relies on the local neighbour BC error ¢;(k), control input signal of itself
u;(k) and its neighbors.

Definition 2 (OBCC problem). The goal of the OBBC is to find control laws to guarantee BC control problem can be achieved
in Definition 1 and minimize the PIF with respect to the local neighbour BC errors (5) at the same time.

Remark 2. It is noted that the general BC control problem for MASs has been investigated in [24,47]. Different from them,
the goal of the paper is aim at designing the optimal control law u;(k) to ensure that not only the BC control can be
achieved, but also the PIF (9) can be minimised, which increases the difficulty of the controller designs.

3. PI based OBCC design

This section employs the optimality principle and DT HJB equation to solve the OBCC problem while simultaneously
minimize the PIF. We first derive the optimal control law according to the DT HJB equation and then obtain its approximate
solution by using PIA.

3.1. DT HJB equation

In fact, for Vi, the PIF (9) can be expressed as follows
JiCgik), ui(k), upay (k) = ci(gi(k), ui(k), upy (k) + oefi(gi(k + 1), ui(k + 1), tpy (k + 1)). (10)
In the rest of the paper, for brevity, we let J;i(g;(k), u;(k), uyy (k) =Ji(6i(k)), ci(&i(k), uij(k), upay (k) = ¢;(&;(k), u;j(k)),
respectively.

In light of [38], and using Bellman’s optimality principle, it can be obtained that the optimal PIF Jf(g;(k)) satisfies the
coupled DT HJB, which is given by

Ji (eik)) = {lrl&r)l{cf(ei(k)» ui(k)) +ajf (ei(k + 1))} (11)
The optimal control law satisfies d];/du; = 0, and therefore yields the optimal control law
ui (k) = —%(di + bi)RngiTV]{‘(e,»(k +1)), (12)

where VJi(gi(k+1)) = ] (ei(k+1))/9¢;(k + 1).

Therefore, the OBCC can be solved based on the solution of the HJB equation. Unfortunately, the analytical solution of
the HJB equation is generally impossible to be obtained. To overcome the above issue, an iterative method is employed to
approximate the solution of the HJB Eq. (11) the next.

Remark 3. From (12), we can note that the above optimal controller design is a model-based pattern, which requires in-
formation of the explicit dynamics matrices B; beforehand. However, this model-based method doesn’t work for completely
unknown systems in the practical scenarios. Therefore, to this end, a model-free-RL based method will be introduced to
handle above difficulty in this paper.

3.2. PIA for the DT-HJB equation

In this section, a PIA is presented to estimate the approximate solution of the DT HJB equation. First, let [ €[0, co) and
k €[0, co) be the iteration index and time step, respectively. Then, let uf(k), ]}(si(k)) be the iterative PIF and iterative control
law, respectively.

PIA: Define the u? (k) as an initial admissible control law.

(1) (Policy evaluation): Update the performance index ],.’(el-(k)) as follows:

Ji(ei(k)) = ci(ei(k), uj(k)) + af (gi(k + 1)) (13)
(2) (Policy improvement): The iterative control policy uf(k) for Vi is updated by:
™! (k) = argminfei (e, (K). 1y (1)) +effei(k + 1)), (14)
uj

The iterations stop until uﬁ(k) converges to uf (k).
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It should be noted that the presented PIA can be mainly regarded as two parts: the policy evaluation part and the
policy improvement parts. Repeat above process which stops when ug(k) is convergent. In the next section, the theoretical
convergence analysis of the above PIA is provided.

4. Convergence analysis

In this section, the iterative ]l! (¢i(k)) and the iterative uﬁ(k) will be proved that they can converge to the optimal value
based on PIA, ie. J(g;(k)) and uf(k), respectively, as | — oco. In the meantime, it is proved that the OBCC problem of the
MASs can be guaranteed under the proposed optimal control laws.

Firstly, the following lemma will be used later for the proof of the convergence.

Lemma 2 [29]. The iterative control laws uf (k) are also admissible laws for | = 0,1, 2, ..., if the initial control law u? (k) is the
admissible control law.

Theorem 1. For Vi, given the arbitrary initial admissible policies, compute the ]{ (¢i(k)) and the uﬁ (k) by (13) and (14), respec-
tively. Then, we have ]l.’ (ei(k)) isn’t monotonically increasing satisfying ]}“ (gi(k)) 5]{ (gi(k)).

Proof. This theorem will be proved by using mathematical induction. Vi and VI, a new iterative PIF Tl.’“ (gi(k)) is defined
as follows

T (ER0) £ ek, u! (1) + ol (i(k+ 1)

. (15)
LI?(%{I;{Ci(Si(k), u;(k)) + afi(gi(k+ 1))}

Then, according to Eqs. (13)-(15), one has
Y (ei(k)) < Ji(&i(k)). (16)

From Lemma 2, ui.“ (k) is always admissible for arbitrary i and . Therefore, it is noted that ¢;(k) — 0 when k — co. Let
k = q with m — oo, we can have

JiEi@) =1 (@) = (8i(@)). (17)
Let k = q— 1, combining Eqs. (13), (14), and (17) yields
Jieiq—1) =ciei(@— 1), ul (g - 1) + aJi (8:(q))
=ci(ei(q— 1), u{*' (- 1)) + ol (£:i(9))

= min {ci(ei(q ~ 1), ui(@ — D) + Q) (¢:(0))) (18)
<ci(ei(q—1).ul(qg—1)) + aJi(ei(q))
= Jl(eilg = 1)).

It follows from (18) that the conclusion ]}“ (&i(k)) fjf(si(k)) holds when k = g — 1. Next, we assume that it holds when
k=K+1,K=0,1,..., that is,

Ji e K+ 1) <Ji(e(K +1)). (19)
Let k = K, we can obtain according to Eqs. (13), (14) and inequality (19) as follows
JF (ei(K)) = ci(ei(K), ul(K)) + o+ (ei(K + 1))
< ci(&i(K), ul(K)) + ol (8:(K + 1))
= T (& (K)
<Ji(&i(K)).

Therefore, for arbitrary i and I, we conclude that ]!“ (ei(k)) 5]} (e;(k)) holds for arbitrary k according to inequality (20).
Therefore, this completes the proof. O

(20)

Theorem 2. For Vi, given the arbitrary initial admissible control law and let ]} (ei(k)) and u§ (k) be updated by (13) and (14).
Then, we have that]} (ei(k)) and uﬁ (k) will converge to the optimum, when | — oo, that is,

llim J(ei(k)) = Ji (i(k)), llim ul(k) = uz (k).
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Proof. Firstly, the limit of the ],.l (¢i(k)) is denoted by J*(g;(k)) = llim ]1.’ (&i(k)). From Theorem 1, the {]f (ei(k))} isn’'t a mono-
tonically increasing sequence, one has
Je(ei(k) < W (gi(k))

= g}%}}{ci(gi(l<)’ui(k))+(X]l-l(81(k+]))}_ (21)
Then, let [ be enough large, where | — oo, such that
I (ei(k)) < Zl_l(ikl}{ci(si(k), ui (k) + af (gi(k+1))}. 22)

We chose x as an arbitrary positive constant. Since {]{ (ei(k))} isn’t a monotonically increasing sequence, so it has a
positive constant X yields

J(eik)) = x < J*(ei(k)) < [ (i (k). (23)
Therefore, combine (23) and (10) yields
I (eik) = J¥(eil) — x
= ci(ei(k). uf (k) + o) (gi(k + 1)) — x
= ci(&i(k), uf (k) + o> (ei(k + 1)) — x
> Ei](ikl}{ci(gi(k), ui(k)) + e (ei(k+ 1))} — x.

(24)

Because x is an arbitrary constant, one yields
I i) = ru{l(ilg{cf(si(k), ui(k)) + o (ei(k + 1)} (25)
From inequality (22) and (25), one has
I (ei(k)) = El(ikr)l{ci(&(k), ui (k) + o (ei(k + 1))} (26)
Next, we define v;(k) as an arbitrary admissible policy, and IT;(¢;(k)) is defined as an another new PIF, which is given as
follows
i(ei(k)) = ci(ei(k), vi(k)) + aTTi(ei(k +1)). (27)

Then, we set k =s, from Lemma 2, when s — oo, &;(s) — 0, which gets J>*(g;(s)) = IT;(&;(s)) = 0.
Let k =s— 1, we can obtain

[Mi(ei(s — 1)) = ci(ei(s = 1), v;(s — 1)) + aIl;(gi(s))

= min {ci(ei(s — 1), ui(s 1)) + T #i(5)) -
= ui};{q){cf(si(s =D, ui(s— 1)) + aJ*(&i(s))}
= Ji(s —1)).

Then, we assume the conclusion (28) holds for k= p+1 with p < {0,1,2,...}, that is IT;(g;(p+ 1)) = J*(¢;(p+ 1), thus
when k = p, we have

IT;(ei(p)) = ci(ei(p). vi(p)) + Il (gi(p + 1))
> ci(&i(p), vi(p)) +of*(ei(p+ 1)

= ry{l(ipr)l{ci(sf(p), vi(p)) + o (ei(p+ 1)) (29)
=J(&i(p)).
Therefore, for Vk=0,1,2, ..., it can be obtained that IT;(g;(k)) > J>*(&;(k)). Let v;(k) = uF(k) for Vi, one has
JiEilk) < Ti(ei(k)) = Ji (ei(k). (30)
Since J(g;(k) is the optimal value of the PIF, then we can get
I eik)) = Ji (gi(k)). (31)
Thus, combining inequality (30) and (31), it can be obtained that
llijoﬂoff (ei(k)) == (ei(k)) = J; (ei(k)). (32)

Therefore, the iterative PIF jl! (ei(k)) will converges to the optimal value Jf(g;(k)), as [— oco. Then, we can also obtain
lim;_, o uf.(k) = uf (k) based on the optimal control law (12). Therefore, this completes the proof. O
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Fig. 1. Coopetition networks F with vertex set {0, 1, 2, 3, 4, 5, 6, 7}.

The next theorem gives the convergence proof that indicating that the OBCC problem can be achieved under coopetition
network F.

Theorem 3. Assume that the Assumption 1 is held. For each agent i, if the optimal PIF J; (¢;(k)) satisfies the coupled DT HJB Eq.
(11) and the optimal control law uj (k) is calculated according to (12). Thus, the local neighbour BC error &;(k) is asymptotically
stable, that is, klim &i(k) = 0 and then OBCC problem can be achieved, that is, klim ni(k) = 0.

Proof. Because the optimal PIF J#(¢;(k)) satisfies the DT HJB Eq. (11), we can obtain

ci(ei(k), ui (k) = J7 (ei(k)) — a (gi(k + 1)). (33)
Then, we multiply both sides of (33) by «* yields

akci(ei(k). u (k) = i (e1(k)) — ¥ (g5 (k + 1)). (34)
Next, We chose oz"];k (¢;(k)) as Lyapunov function candidate, we can obtain

AN (1)) = a7 (gi(k + 1)) — a7 (gi(k)). (35)

Therefore, according to (34), the Eq. (35) can be rewritten as
A (gi(k))) = —aci(ei(k), u; (k) < 0.

From the above analysis, it is shown that the error system (8) is asymptotically stable, i.e., lim,_, . &;(k) = 0. Then, ac-
cording to Lemma 1 and the relationship between ¢;(k) and 7n;(k), we can obtain that n;(k) > 0 as k — oo, thus, all the agent
can achieve BC according to Definition 1. Further, the Jf(&;(k)) is the optimal vale of PIF, thus OBCC can be achieved by
Definition 2 finally. This completes the proof. O

5. Model-free-RL based implementation for the OBCC

In this section, the NNs based structures, namely, actor-critic neural networks (AcNNs) [48], which are employed to
implement the process of the presented OBCC method for each agent, that is, each agent has its own NNs architecture. The
actor NNs is established to estimate the control laws, the critic NNs is regarded as the approximator of the PIF, respectively.
In this paper, 3-layer NNs are selected for AcNNs. The detailed establishment process of the AcNNs are described as follows.

5.1. The actor-critic NNs

First, the critic NN is used to approximate the PIF of each agent. Thus, the approximate value of the PIF for each agent i
is represented as

Jitk) = wh f(whze (k). (36)

where z(k) denotes the input information containing &;(k), u;(k) and uy.;(k); And w,y; represents input-to-hidden (ITH)
layer weights vector, w,,; represents the hidden-to-output (HTO) layer weight vector, and f{ - ) denotes the activation function
for the critic networks. The activation function is expressed by the sigmoid function, i.e.,

fx) =16

1+ex
Then, the approximate error function for critic NN is given by

eqi(k) = ci(k) + afi(k + 1) = Ji(k). (38)

(37)
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Fig. 2. (a) The actor NNs weight elements of all agents (wgz)]., i=1,2,3,4,5,6,7); (b) The critic NNs weight elements of agent 1 (wg1 ).

In the critic NN, we define an objective loss function which will be minimized is

L) = S ea (k)2

Herein, for the sake of convenience, the HTO weight is chosen as an unit matrix, that is, w.y; = I. Then, the gradient-

descent-

rule [49] (GDR) is utilized to tuning the HTO weight parameters, which is given as follows
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Fig. 3. (a) Evolution of the local neighbour BC errors &;;(k) (i=1,2,3,4,5,6,7); (b) Evolution of the local neighbour BC errors ¢;,(k) (i=1,2,3,4,5,6,7).
—wh _ 0li(k) degi(k) (39)
2 "9 9eqi (k) dweyi(k)’
where «; is regarded as the learning rate for the critic NNs.

Next, in order to approximate the optimal control law, the actor NNs is presented, where the output of the actor NNs is
represented as

i (k) = Wy f (WqyiZai (k). (40)

(I+1)
c2i

w



10 Z. Peng, . Hu and K. Shi et al./Applied Mathematics and Computation 369 (2020) 124821

5
4+
3 —.
2 Leader
Agent1
—~ 1 - — —Agent2| |
~2 = + = Agent3
— 0 Agent4 | |
Y = = =Agent5
& ALk — % —Agent6 [ |
— © —Agent7
= :
3
4 -
5 i i i i i i
0 50 100 150 200 250 300 350 400 450 500
Iteration Steps
(a)
0.8 T
Leader
Agent1
0.6 = = —Agent2 ||
= + = Agent3
Agent4
0.4 = = =Agent5 ||
= % — Agent6
- © = Agent7
;&3‘ 0.2
~—
[
N
) 0
-0.2 | .
04§ _
06 i i i i i i i i i

0 50 100 150 200 250 300 350 400 450 500
Iteration Steps

(b)

Fig. 4. (a) Evolution of state of each agent’s first coordinate x;;(k) (i=0,1,2,3,4,5,6,7); (b) Evolution of state of each agent’s second coordinate x;,(k)
(i=0,1,2,3,4,5,6,7).
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Fig. 6. 3-D and 2-D phase plane plots of the states for seven agents and one leader.

where f{-) is activation function for the actor NNs. The activation function is the same definition as above. Let z,(k) be the
input information for actor NNs consisting &;(k). w,q; is the weights of ITH and w,,; represents the HTO layer.
Next the actor’s network error function is defined as follows

eqi(k) = Ji(k) — U, (41)

where U; is the cost-to-go objective which is designed to be zero. Then, in order to updating the actor network, the objective
function is defined as

li(k) = %eﬁi(k). (42)

As above, we keep the ITH weight of actor network as constant, that is, W;;; = I. Then, according to GDR, the weight of
HTO is updated as follows

0 Oli(k) deqi(k) 0Ji(k) dii(k)
@i "% 9eqi(k) fi(k) 9ti(k) Iwgi(k)’

where k; is the learning rate for the actor network.

(I+1)

Wa2i

=W

(43)



12 Z. Peng, . Hu and K. Shi et al./Applied Mathematics and Computation 369 (2020) 124821
5.2. Model-free-RL online learning scheme

Notice that on the basis of the AcNNs structure and the GDR of weight updating, the whole algorithmic framework of
the model-free-RL based OBCC method is presented in Algorithm 1. It should be emphasized out that only system data (x;,
Xo, U;) are involved in the process of the AcNNs framework to obtain the optimal control laws rather than the explicit SDs.
That is the system matrices A and B; are not appeared in the whole learning process of the dual-networks. Therefore, it is
said that the proposed method is a model-free controller designs.

Algorithm 1 Model-free-RL based OBCC algorithm.

Initialization: (For each agent i)

1: Initialize followers x;(0) and leader xo(0), respectively;
: Computation precision €;
: Calculate the initial local neighbour BC error ¢;(0) < (5);
. Initialize the critic weights wég? with zero values and initialize the actor weights wgg? in [0,1] randomly;
. kg and k¢ are learning rates;

6: Set Q;, R; and S;; as positive definite matrices;
Iteration:

7: Let the iteration and step index k=0, [ = 0;

8: repeat

9:  The control law #;(k) < (42);

10:  The local performance indices f;(k) < (38);

11:  The bipartite error ¢;(k+ 1) < (5) according to available system data x;(k + 1) and xo(k + 1);
12:  The control law d;(k + 1) < (42);

13:  The performance index functions fj(k+ 1) « (38);

14:  Update the critic network weight wi';” by

wih « wl —kglei(k) + afi(k+ 1) = it Nl f (2 (k + 1)) — fEa (k)] (44)

where Z;(k) =w/};z:(k) and k; is the learning rate.

15:  Update the actor network weight wé’;l.” by

uohA W N

D W — keqw; (k) f (2 ()Y Wi W 4G f (Zai (k) (45)

where Zg; (k) = w24 (k), wc/i = 0f(Z;(k))/0Z:(k) and G = 0Z(k)/01;(k), and kg is the learning rate.

1
16: Letl=I1+1k=k+1;
. : N I+1 I+1 .
17: until 3o lwd —wi/ | <e;
18: return Wwgy;, Wy;, End.

w

6. Simulation results

In this section, we conduct experiment on numerical simulation environment to evaluate the effectiveness of the pro-
posed approach.

We consider a LF MASs with 1 leader and 7 followers. The interaction network F among agents is shown in Fig. 1, where
nodes 1,2,3,4,5,6,7 denote the follower agents, and the node 0 denotes the leader. From Fig. 1, the agents can be divided
into two competitive subgroups (agents 1 — 3 belong to the subgroup V;, agents 4 — 7 belong to the subgroup V). The
cooperative relationships among agents are expressed by the blue solid lines, and the competitive relationships are denoted
as red dashed lines. Notice that agent 1 and agent 4 can receive the information from the leader 0. The leader can be
treated as a coordinator for the two subgroups. From the coopetition network F, we can obtain the adjacency matrice
Az with non-zero elements dj; = ay1 = 33 = 3y = 45 = (54 = 56 = Ag5 = Ag7 = G54 = 1, 17 = Q71 = A34 = 43 = —1, leader
adjacency matrice is B = diag{1,0,0, 1,0, 0, 0}.

The SDs of the followers and the leader are the same as (1) and (2), respectively. The system matrices are given by

1 0.1 0.2047 0.2147 0.2097 0.2 0.2 0.02 0.2
A= [0.03 0.1}’ B = |:0.0898:|’ B2 = [0.2895]’ By = [0.1897]' Ba= [0.1}' Bs = [0.01}' Bo = [0.1 } B = [0.01}'

The Weighting matrices are selected as Qll = Q22 = Q33 = QA4 = Q55 = QGG = Q77 = 12><2, Rn = R22 = R33 = R44 = R55 =
Res =R77 =1, Sy1 = S31 =S40 = S12 = S13 = S14 = S93 = Sp4 = S3p = S34 = S41 = S43 = 1. For the implement of the proposed
method, each agent has its own AcNNs in the learning process. And they only depend on local information when network
learning. Let the discount factor @ = 0.95, and the learning rates are selected as k = k4 = 0.05 for Vi=1,2,3,4,5,6,7.
The computation precision is € = 1076, In addition, we set initial critic weights wég? (i=1,2,3,4,5,6,7) as zero and the
initial actor weights wgg? (i=1,2,3,4,5,6,7) are randomly initialized in [0,1]. The initial state of the leader and the follow-
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ers are chosen as x¢(0) = [0.7696,0.2341]T, x;(0) = [0.7461,0.1548] T, x,(0) = [0.1439, 0.6060] ", x3(0) = [0.2545, 0.3242],
x4(0) =[0.4018, 0.4064]", x5(0) =[0.3862,0.6098]", x5(0) = [0.1669,0.1881]T, and x;(0) = [0.0946, 0.3232]".

Fig. 2 (a) shows the weight parameters of the actor NNs for all agents are finally convergent. The update process of the
weight parameters of the critic NNs for agent 1 is depicted in Fig. 2 (b). The trajectories of the neighborhood BC errors &;;
and ¢;, are shown in Fig. 3, respectively. The state trajectories of all seven agents and the leader are shown in Fig. 4 (a) and
(b), which is shown that the leader can intervene in the two competitive subgroups effectively and thus guarantee the two
subgroups to reach BC with respect to the state of the leader finally. The trajectories evolution process of control laws for
all agents are given in Fig. 5. The 2-D and 3-D phase plane plots of the trajectory of the states x; for all agents are shown
in Fig. 6 (a) and Fig. 6 (b), respectively. It is shown that the seven agents reach BC which confirms the performance of the
presented approaches.

7. Conclusions

In this paper, the OBCC problem of MASs with unknown dynamics has been investigated using model-free-RL method.
In contrast to the traditional BC control methods with requiring the completely SDs, our proposed approach not only makes
BC control achieved without needing the explicit system models, but also the PIFs can be minimized. The coopetition net-
works have been applied to model the cooperative-competitive interactions among agents. The local neighbour BC errors
and PIFs have been defined for each agents to derive the DT H]B equations and the optimal control laws. Then, the approx-
imate optimal control solutions have been obtained for each agent by utilizing the PIA. Further, the AcNNs mechanism and
the gradient descent rule have been used to implement the proposed controller designs in an online learning manner, where
the system models are no longer needed. Finally, several numerical simulation results have justified the effectiveness of the
presented approaches. In the future work, the designed OBCC scheme will be extended to TS Fuzzy Systems and discrete-
time systems [50,51].
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