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Abstract: Reinforcement learning behavioral control (RLBC) is limited to an individual agent without any swarm
mission, because it models the behavior priority learning as a Markov decision process. In this paper, a novel
multi-agent reinforcement learning behavioral control (MARLBC) method is proposed to overcome such limitations
by implementing joint learning. Specifically, a multi-agent reinforcement learning mission supervisor (MARLMS)
is designed for a group of nonlinear second-order systems to assign the behavior priorities at the decision layer.
Through modeling behavior priority switching as a cooperative Markov game, the MARLMS learns an optimal joint
behavior priority to reduce dependence on human intelligence and high-performance computing hardware. At the
control layer, a group of second-order reinforcement learning controllers are designed to learn the optimal control
policies to track position and velocity signals simultaneously. In particular, input saturation constraints are strictly
implemented via designing a group of adaptive compensators. Numerical simulation results show that the proposed
MARLBC has a lower switching frequency and control cost than finite-time and fixed-time behavioral control and
RLBC methods.
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1 Introduction

Multi-agent systems have been widely used in
civilian and military areas in the past decade, since
they complete complex missions through swarm co-
ordination (Cao YC et al., 2013; Liu Y et al., 2022).
Second-order systems are usually used to charac-
terize their dynamics, because most robot systems
satisfy Newton’s second theorem (Yao DY et al.,
2020). Although the second-order systems generally
exhibit better mission performance than individual
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agents, they sometimes encounter conflicts in multi-
mission scenarios (Garattoni and Birattari, 2018).
For example, second-order systems may form a rigid
formation, but encounter obstacles along the path.
Finding solutions to such conflicts is one of the key
challenges in managing second-order systems.

Behavioral control was initially proposed by
Brooks (1986), providing an effective solution by
modeling and fusing behaviors. Originally, behav-
ioral control is a layered and competitive architec-
ture, in which lower-layer behaviors are allowed to
execute only after all higher-layer behaviors have
been completed (Brooks, 1991). However, since only
the highest-layer behaviors are executed at each sam-
pling time, mission execution efficiency is reduced,
and system redundancy is wasted. To address this
issue, a motor schema-based behavioral control sys-
tem with a cooperative architecture was introduced
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(Arkin, 1989; Balch and Arkin, 1998), where all be-
havior commands were summed to output a com-
posite command. Nevertheless, it was challenging to
select layers or weights due to each behavior having a
unique physical meaning, and none of the behaviors
was fully completed. To tackle the layer or weight
selection problem, fuzzy behavioral control offered
an effective solution by leveraging fuzzy logic tech-
nology, but it still struggled to balance complete ex-
ecution and execution efficiency (Vadakkepat et al.,
2004). For this purpose, Antonelli and Chiaverini
(2006) proposed a novel null-space-based behavioral
control (NSBC) framework, in which the highest-
priority behavior must be completed in conjunction
with simultaneous execution of one part of the lower-
priority behaviors taking place on the null space of
the highest-priority behavior. On one hand, behav-
ior priorities are fixed or preset, which results in re-
duction in the dynamic performance of the mission.
On the other hand, once the behavior priorities are
switched, it is difficult to track the reference com-
mands, which reduces the tracking control accuracy.

Since the NSBC method depends on a mission
supervisor to assign behavior priorities, several mis-
sion supervisor design methods have been proposed
to improve the dynamic performance of the mis-
sion, such as finite state automata mission supervisor
(FSAMS) (Marino et al., 2013), fuzzy mission super-
visor (FMS) (Marino et al., 2009), and model pre-
dictive control mission supervisor (MPCMS) (Chen
YT et al., 2020). Nevertheless, both FSAMS and
FMS rely on human intelligence to design state tran-
sition rules and fuzzy logic rules, respectively. The
MPCMS relies on high-performance computing and
storage units to meet online-computing and real-time
requirements. In addition, the NSBC method re-
quires a group of behavioral controllers to track ref-
erence commands in real time. In particular, the
decision of behavior priorities and tracking of ref-
erence commands occur step by step, forming an
integrated structure of decision and control. Most
existing behavioral controllers primarily focus on im-
proving the accuracy of reference command tracking
(Schlanbusch et al., 2011; Ahmad et al., 2014; Ott
et al., 2015; Huang et al., 2017; Santos et al., 2017;
Wang WJ et al., 2021; Yao P et al., 2022). Specifi-
cally, some works proved that the tracking errors of
reference commands can achieve finite-time or fixed-
time convergence (Zhou et al., 2015, 2022; Chen J

et al., 2016; Huang et al., 2019, 2022b; Zheng et al.,
2023). Although these behavioral controllers have
achieved excellent tracking control performance, con-
trol inputs and costs become excessively large when
behavior priorities are switched. More recently, rein-
forcement learning behavioral control (RLBC) has
been proposed to improve the mission supervisor
and behavioral controller via trial-and-error learn-
ing (Zhang et al., 2022). Specifically, a reinforce-
ment learning mission supervisor (RLMS) has been
proposed to avoid artificial design rules and reduce
online calculations. Moreover, a reinforcement learn-
ing controller (RLC) has been proposed to learn the
optimal control policy and balance the control con-
sumption and resource. Nevertheless, RLBC has the
following shortcomings: (1) RLMS can be used for
only single-agent applications, since it is modeled
through Markov decision processes. As a result, any
cooperative behavior cannot be implemented, which
greatly limits the swarm intelligence. (2) Although
RLBC guarantees the convergence of position error
signals, it is not enough for second-order systems.
Generally, second-order systems require both posi-
tion and velocity error signals to converge. (3) RLC
does not have input saturation constraints, and thus
the control input may exceed the physical limit of
the actuator. Particularly, if behavior priorities are
switched, the problem of excessive control input may
be aggravated.

Motivated by the concerns discussed above, in
this paper we propose a novel multi-agent rein-
forcement learning behavioral control (MARLBC)
method to overcome the three above-mentioned de-
fects. The contributions of this paper are summa-
rized as follows:

1. A multi-agent reinforcement learning mission
supervisor (MARLMS) is proposed to learn the op-
timal joint behavior priority policy. The behavior
priority switching problem is first modeled as a co-
operative Markov game. The MARLMS allows co-
operative behaviors to be added to training, learn-
ing, and execution, so that the individual limitation
of the RLMS is broken. Through learning a joint
behavior priority policy, the switching frequency of
behavioral control is reduced significantly.

2. A group of second-order reinforcement learn-
ing controllers (SORLCs) with the identifier–actor–
critic structure are developed to learn the opti-
mal control policies. The Hamilton–Jacobi–Bellman
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(HJB) equations of second-order systems are con-
structed by combining the position and velocity
errors. During the mission execution, the control per-
formance and consumption are always balanced. As
a result, the control cost of behavioral control is re-
duced significantly.

3. Input saturation constraints are implemented
to avoid second-order systems exceeding the physi-
cal limitations. A group of adaptive compensators
are designed to maintain the optimal control perfor-
mance and counteract the saturation effect in real
time. The mission, tracking, and weight error sig-
nals are all proved to be semi-globally uniformly ul-
timately bounded (SGUUB).

2 Modeling and problem statement

2.1 Modeling

Consider a group of N (N ≥ 2) nonlinear
second-order systems, in which the dynamic model
of the ith (i = 1, 2, . . . , N) agent is described as

{
ṗi = vi,

v̇i = ui + fi(χi),
(1)

where pi ∈ R
n and vi ∈ R

n are the position and
velocity respectively, ui ∈ R

n is the control input,
fi(χi) : R

2n → R
n is the unknown nonlinear dynam-

ics part with fi(0) = 0n, and χi = [pT
i ,v

T
i ]

T is the
generalized state.

The control input ui = [ui,1, ui,2, . . . , ui,n]
T is

limited by the input saturation constraints as (Cao
SJ et al., 2023)

ui,ι =

⎧⎨
⎩

ulim,i, ui,ι ≥ ulim,i,

ui,ι, −ulim,i < ui,ι < ulim,i,

−ulim,i, ui,ι ≤ −ulim,i,

(2)

where ι = 1, 2, . . . , n and ulim,i > 0 is the known
limitation.

Thereafter, we divide the control input as

ui = u0,i + uΔ,i, (3)

where u0,i = [u0,i,1, u0,i,2, . . . , u0,i,n]
T ∈ R

n is
the nominal part and uΔ,i = [uΔ,i,1, uΔ,i,2, . . .,
uΔ,i,n]

T ∈ R
n is the compensation part with

uΔ,i,ι=

⎧⎨
⎩

ulim,i − u0,i,ι, u0,i,ι≥ulim,i,

u0,i,ι, −ulim,i<u0,i,ι<ulim,i,

−ulim,i − u0,i,ι, u0,i,ι≤−ulim,i.

(4)

Assumption 1 The unknown nonlinear dynamics
part fi(χi) is assumed Lipschitz continuous on the
set containing the origin, and it is bounded with
|fi(χi)| ≤ εf , where εf is a known positive constant.
Assumption 2 The second-order systems work in
a scenario in which all obstacles are static and fixed.
Assumption 3 The second-order systems are not
always input-saturated, and the compensation part
uΔ,i is bounded with |uΔ,i| ≤ εΔ, where εΔ is a
known positive constant.
Property 1 (Wen et al., 2021) Given two vectors
η1, η2 ∈ R

n, there is tr{η1η
T
2 } = ηT

1 η2 = ηT
2 η1,

where tr denotes the trace.
Property 2 Given two vectors η1, η2 ∈ R

n, there
is (ηT

1 η2)
2 ≤ ‖η1‖2‖η2‖2.

Property 3 Given two real numbers ς1, ς2 ∈ R,

there is ς1ς2 ≤ 1

2
ς21 +

1

2
ς22 .

Lemma 1 (Wen et al., 2018) Given a continuous
function V (t) ∈ R satisfying V̇ (t) ≤ −ϑ1V (t) + ϑ2,
where ϑ1, ϑ2 ∈ R are positive constants, we have the
following result:

V (t) ≤ e−ϑ1tV (0) +
ϑ2

ϑ1

(
1− e−ϑ1t

)
. (5)

2.2 Control objective

The control objective is to learn a joint behav-
ior priority and a group of tracking control policies
for the second-order systems (1) to complete some
conflicting missions in a work scenario with Assump-
tion 1, such that (1) agents form a desired formation
while avoiding obstacles near the trajectories; (2) the
behavior priorities of agents are dynamically and in-
telligently switched; (3) the control cost is minimized
with the input saturation constraints, and all signals
are bounded theoretically.

3 MARLBC design

In this section, a novel MARLBC method is
proposed for a group of nonlinear second-order sys-
tems to switch the optimal behavior priorities and
implement the optimal control inputs via trial-and-
error learning. Fig. 1 portrays the block diagram
of the proposed MARLBC method, which is a two-
layer decision-control integration structure. In the
upper layer, the NSBC framework is used to gen-
erate the reference commands, and it embeds an
MARLMS to achieve intelligent switching of the
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behavior priorities via the learning of a joint be-
havior priority policy. In the lower layer, a group
of SORLCs are designed to implement the opti-
mal tracking control with the input saturation con-
straints via minimizing the control cost and using
the adaptive compensator. Particularly, bearing in
mind the objective that agents must be enabled to
interact with their environment at each time step,
the priority-wise decision formulation and tracking
control of the proposed MARLBC method are exe-
cuted in a step-by-step manner.

3.1 Elementary and composite behavior
design

First, a mission variable ρi,j ∈ R
m (m ≤ n) is

used to model the jth elementary behavior as

ρi,j = gi,j(pi), (6)

where gi,j(·) : R
n → R

m is the mission function
and j = 1, 2, . . . ,M with M being the number of
behaviors.

Then, the differential of Eq. (6) is yielded as

ρ̇i,j =
∂gi,j(pi)

∂pi
ṗi = Ji,jvi, (7)

where Ji,j ∈ R
m×n is the mission Jacobian matrix.

Finally, the reference velocity command of the
jth elementary behavior of the ith agent is yielded via
using the closed-loop inverse kinematics algorithm as

(Antonelli and Chiaverini, 2006)

vi = J†
i,j(ρ̇d,i,j +Λi,jρ̃i,j), (8)

where J†
i,j = JT

i,j(Ji,jJ
T
i,j)

−1 ∈ R
n×m is the right

pseudo-inverse matrix of Ji,j , ρd,i,j ∈ R
m is the de-

sired mission, Λi,j ∈ R
m×m is the mission gain, and

ρ̃i,j = ρd,i,j − ρi,j ∈ R
m is the mission error.

Without loss of generality, a local behavior and
two cooperative behaviors are given as follows.

3.1.1 Obstacle avoidance (OA) behavior

The OA behavior is a local behavior, which is
designed to ensure that agents avoid obstacles near
the path:

⎧⎪⎨
⎪⎩

ρOA,i = min{doi },
ρOA,d,i = dOA,

JOA,i = ΥT
OA,i,

(9)

where ρOA,i ∈ R, ρOA,d,i ∈ R, and JOA,i ∈ R
1×n

are the mission function, desired mission function,
and mission Jacobian matrix of the OA behavior,
respectively; min{doi } ∈ R is the minimum distance
between the ith agent and obstacles; dOA ∈ R is

the safe distance; and ΥOA,i =
po
i,min

min{doi }
∈ R

n with

po
i,min ∈ R

n being the position difference vector cor-
responding to the minimum distance between the ith

robot and the obstacles.
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Fig. 1 Principle block diagram of the proposed MARLBC method
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3.1.2 Formation maintenance (FM) behavior

The FM behavior is a cooperative behavior,
which is designed to ensure that agents form and
maintain a desired formation:

⎧⎪⎨
⎪⎩

ρFM,i = pi − pc − pc
i ,

ρFM,d,i = pc,d − pc,

JFM,i = In,

(10)

where ρFM,i ∈ R
n, ρFM,d,i ∈ R

n, and JFM,i ∈ R
n×n

are the mission function, desired mission function,
and mission Jacobian matrix of the FM behavior,

respectively; pc =
1

N

∑N
i=1 pi is the formation cen-

troid; pc,d is the desired centroid trajectory; pc
i

is the relative position required for agent i and the
formation centroid to form the formation; In is an
identity matrix.

3.1.3 Formation reconstruction (FR) behavior

The FR behavior is a cooperative behavior,
which is designed to drive agents to form and main-
tain a temporary formation:

⎧⎪⎨
⎪⎩

ρFR,i = pi − pc − ΓFR,i p
c
i ,

ρFR,d,i = pc,d − pc,

JFR,i = In,

(11)

where ρFR,i ∈ R
n, ρFR,d,i ∈ R

n, and JFR,i ∈ R
n×n

are the mission function, desired mission function,
and mission Jacobian matrix of the FR behavior,
respectively, and ΓFR,i ∈ R

n×n is the reconstruction
matrix.

Although the designs of FM and FR behav-
iors are similar, their roles are inconsistent. The
FM behavior aims to drive agents to form a desired
formation. The FR behavior aims to drive agents
to reconstruct a temporary formation when the de-
sired formation cannot be achieved; e.g., agents en-
counter large-range obstacles. Thus, the design of
the FR behavior includes a reconstruction matrix,
which changes the desired formation to a temporary
formation.

Composite behaviors are composed of elemen-
tary behaviors with different priorities. Behavior
priority functions and hierarchy rules are the same
as those adopted in Huang et al. (2022a). If the
behavior priorities are assigned at time step t, then
the reference commands of composite behaviors are

expressed as
⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

vi,r,t = v1
i,t +

∑M
ĵ=2 J

1,ĵ−1
i,t vĵ

i,t,

J1,ĵ−1
i,t = I3 −

(
J1,ĵ
i,t

)†
J1,ĵ
i,t ,

J1,ĵ
i,t =

[(
J1
i,t

)T
,
(
J2
i,t

)T
, . . . ,

(
J ĵ
i,t

)T
]T

,

(12)

where ĵ is the value of the behavior priority, and
J1,ĵ−1
i,t ∈ R

n×n is the projection on the null space of
the augmented Jacobian.

3.2 MARLMS design

We describe the behavior priority switching
problem as a cooperative Markov game, where all
agents share the same reward (Littman, 1994). We
define the joint state set as S = {st}, where st =

(Xt,Prt,Gt) ∈ R
(2n+1)N+1 with Xt = [xi] ∈ R

2nN

being the joint generalized state, Prt ∈ R
N the joint

behavior priority identifier, and Gt ∈ R the forma-
tion identifier. We further define the joint behavior
set as B = {bt}, where bt = [vi,r,t] ∈ R

nN , and de-
fine Te, Ts, and D as the total number of training
episodes, total number of time steps, and experience
replay buffer, respectively.

Then, the reward function is designed as

rt = r1 + r2, (13)

r1 =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

−10, Gt = 0,min{doi } ≤ dOA,

∃i = 1, 2, . . . , N,

0, Gt = 0,min{doi } > dOA,

∀i = 1, 2, . . . , N,

−10, Gt = 1,min{doi } ≤ dOA,

∃i = 1, 2, . . . , N,

+5, Gt = 1,min{doi } > dOA,

∀i = 1, 2, . . . , N,

−10, Gt = 2,min{doi } ≤ dOA,

∃i = 1, 2, . . . , N,

+10, Gt = 2,min{doi } > dOA,

∀i = 1, 2, . . . , N,

(14)

r2 =

{
0, Prt+1 = Prt,

−3, Prt+1 	= Prt.
(15)

Through comparing the relative positions between
agents, the formation that has been taken up by the
agents can be ascertained. If the relative positions
meet the desired formation, then Gt = 2; if the rel-
ative positions meet the temporary formation, then
Gt = 1; otherwise, Gt = 0. Gt is used to de-
fine the formation state and receive the formation
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reward. The reward function (13) is used to drive
agents to learn a joint behavior priority policy that
can meet the mission objective, which is composed
of two parts; r1 is designed to achieve the mission
objective, and r2 is designed to reduce the num-
ber of behavior priority switches. Specifically, the
safety issue of agents is most important; so, as long
as there is an agent entering the safe range of obsta-
cles, the team will receive a reward of −10, regardless
of whether the formation is formed or not. If agents
do not violate safety constraints, then the focus can
be on whether the agents form formations. If agents
form a desired formation, then the team will receive
a reward of +10; if agents form a temporary for-
mation, then the team will receive a reward of +5;
otherwise, the team will not receive any reward. The
design of r2 is simple: if the behavior priority of the
previous sampling is different from that of the cur-
rent sampling, the team will receive a reward of −3;
otherwise, the team will not receive any reward.

Remark 1 For reinforcement learning algorithms,
the reward function is the only evaluation indica-
tor. In this study, the mission objective is that the
second-order systems form a desired formation while
avoiding obstacles near the path. Thus, the reward
function needs to encourage the second-order sys-
tems to form a desired formation and avoid obstacles
during the learning process. On one hand, if agents
choose a certain joint behavior priority that violates
the safety distance, then they will receive a negative
reward, and tend to choose other joint behavior pri-
orities in the same joint state. On the other hand,
if agents choose a certain joint behavior priority to
form a desired formation, then they receive positive
rewards, and tend to select such joint behavior pri-
ority in the same joint state.

An MARLMS is developed based on the le-
nient deep Q-network (LDQN) algorithm (Wei
and Luke, 2016). The pseudo code of the pro-
posed MARLMS is shown in Algorithm S1 (sup-
plementary materials). Before starting training,
Te and Ts should be inputted manually. At
the initialization phase, all the learning-related
components will be initialized, including Q-value
Q(st, bt;ωQ, ωV, ωB), experience replay buffer D,
T̄ (φ(st))-greedy exploration, and leniency L(st, bt).
Specifically, the Q-value is estimated via using the
dueling network to improve the estimation accuracy,
in which Q(st, bt;ωQ, ωV, ωB) = V (st;ωQ, ωV) +

B(st, bt;ωQ, ωB), where V (st;ωQ, ωV) is the state-
value network and B(st, bt;ωQ, ωB) is the behav-
ior advantage network with ωQ, ωV, and ωB being
the main network weights of the Q-value network,
state-value network, and behavior advantage net-
work, respectively (Wang ZY et al., 2016). At time
step t, agents interact with the off-line training en-
vironment; they observe st and select bt based on a
T̄ (φ(st))-greedy policy, resulting in a team reward rt
and a transition to st+1. The T̄ (φ(st))-greedy policy
is that agents select a random bt with probability
T̄ ζ(φ(st)) and bt = argmaxb Q(st, bt) with proba-
bility 1 − T̄ ζ(φ(st)); ζ is an exponent; T̄ (φ(st)) =
1

M̄

∑M̄
j=1 Tt(φ(st), bj), where Tt(φ(st), bt) is the de-

cay temperature of state-behavior pair (st, bt) and
M̄ is the number of combinations of different be-
havior priorities, which usually satisfies M̄ = M !.
Thereafter, the transition (st, bt, rt, st+1) will be
stored into D, and it is marked by a leniency as⎧⎪⎨

⎪⎩
L(st, bt) = 1− e−κLTt(φ(st),bt),

Tt+1(φ(st), bt) = γLTt(φ(st), bt),

γL = eργd
t
γ ,

(16)

where κL is the leniency moderation factor, φ(·) is
the hash auto-encoding function, γL is the discount
factor, ργ is the temperature exponent, and dγ is the
decay rate.

To further reduce the overestimate of Q-value,
the averaged Q-value framework is introduced to
update the Q-value (Anschel et al., 2017). As a
result, the iterative form of the Q-value is shown
in line 7 of Algorithm S1, where λ is the num-
ber of previously learned Q-values. The temporal-
difference (TD) error can be calculated as δt =

yst,bt − Q(st, bt;ωQ, ωV, ωB), where yst,bt is shown
in line 8 of Algorithm S1, and ω−

Q , ω−
V , ω−

B are
the target network weights of the Q-value network,
state-value network, and behavior advantage net-
work, respectively, which are fixed within some time
steps. Thereafter, the Q-value updating is deter-
mined based on the leniency L(st, bt) as

Q(st, bt;ωQ, ωV, ωB)

=

{
Q(st, bt;ωQ, ωV, ωB) + αtδt, δt > 0 or ϑ > Lt,

Q(st, bt;ωQ, ωV, ωB), δt ≤ 0 and ϑ ≤ Lt,

(17)

where αt ∈ (0, 1) is the learning rate, ϑ ∼ U(0, 1)

represents a random variable, Lt is short forL(st, bt),
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and the updating of network weight is as shown in
line 9 of Algorithm S1.

The off-line training stops until all episodes
are accomplished. Finally, the learned joint policy
guides agents to select the optimal joint behavior
priority in real time. Once the behavior priorities
are determined, the reference velocity vi,r and posi-
tion pi,r can be calculated using Eq. (12).
Remark 2 In this study, we focus on the means for
designing a mission supervisor for deciding the be-
havior priorities based on joint learning. Although
the MARLMS uses the lenient DQN algorithm, other
joint learning algorithms are also effective, e.g., hys-
teretic DQN. Since the joint behavior priority is a
discrete policy, the value iterative algorithms usu-
ally work better.

3.3 SORLC design

We define the position and velocity tracking er-
rors of second-order systems as

ep,i = pi − pi,r, (18)

ev,i = vi − vi,r. (19)

The differentials of Eqs. (18) and (19) are
yielded as

ėp,i = ṗi − ṗi,r = ev,i, (20)

ėv,i = ui + fi(χi)− v̇i,r, (21)

where v̇i,r is the differential of vi,r.
We define the integrated tracking error as

ei =
[
eTp,i, e

T
v,i

]T
, (22)

ėi =
[
ėTp,i, ė

T
v,i

]T
. (23)

The value function is defined as

Vi(ei) =

∫ ∞

t

Li

(
ei(μ),ui(ei)

)
dμ, (24)

where Li

(
ei(μ),ui(ei)

)
= αVe

T
i ei + βVu

T
i ui ∈ R

is the cost function with αV and βV being the ad-
justable cost parameters. In most cases, if there are
no special requirements, it is common and convenient
to select αV = βV = 1 (Liu DR et al., 2021).

We define u∗
i as the optimal tracking control

policy. As a result, the optimal value function is
expressed as

V ∗
i (ei) = min

ui∈Θ(Ω)

(∫ ∞

t

Li

(
ei(μ),ui(ei)

)
dμ

)

=

∫ ∞

t

Li

(
ei(μ),u

∗
i (ei)

)
dμ,

(25)

where ui ∈ Θ(Ω) is the admissible control policy.
Definition 1 (Admissible control policy (Wen et al.,
2021)) A control policy ui is said to be admissible
in association with Eq. (24) on a set Ω, denoted
by ui ∈ Θ(Ω), if ui is continuous, ui(0) = 0, ui

stabilizes Eq. (1), and Vi(ei) is finite.
The HJB equation of a second-order system is

yielded by integrating Eqs. (18)–(23) and (25) as

Hi

(
ei,u

∗
i ,

dV ∗
i (ei)

dei

)

=Li(ei,ui) +
dV ∗

i (ei)

deTi
ėi

=αV ‖ei‖2 + βV ‖u∗
i ‖2

+
dV ∗

i (ei)

deTi

[
vi − vi,r

u∗
i + fi(χi)− v̇i,r

]

=0,

(26)

where
dV ∗

i (ei)

dei
=

[
dV ∗

i (ei)

deTp,i
,
dV ∗

i (ei)

deTv,i

]T

∈ R
2n is

the gradient of V ∗
i with respect to ei, and

dV ∗
i (ei)

dep,i
∈

R
n and

dV ∗
i (ei)

dev,i
∈ R

n are the gradients of V ∗
i with

respect to ep,i and ev,i, respectively.

By solving
dHi

(
ei,u

∗
i ,

dV ∗
i (ei)

dei

)

du∗
i

= 0, the op-

timal control policy u∗
i is yielded as

u∗
i = − 1

2βV

dV ∗
i (ei)

dev,i
. (27)

Furthermore, the following equation is obtained
by substituting Eq. (27) into Eq. (26):

Hi

(
ei,u

∗
i ,

dV ∗
i (ei)

dei

)

=αV ‖ei‖2 + dV ∗
i (ei)

deTp,i
ev,i +

dV ∗
i (ei)

deTv,i
(fi(χi)− v̇i,r)

− 1

4βV

dV ∗
i (ei)

deTv,i

dV ∗
i (ei)

dev,i
.

(28)

Eq. (27) is not the complete form of an ana-

lytical solution of u∗
i , since

dV ∗
i (ei)

dev,i
is unknown.

To implement u∗
i , it is required to obtain the term

dV ∗
i (ei)

dev,i
by solving Eq. (28). Nevertheless, the ana-

lytical solution of
dV ∗

i (ei)

dev,i
is difficult to obtain, since
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the dynamic models of second-order systems are non-
linear and imprecise. Therefore, an identifier–actor–
critic reinforcement learning algorithm is introduced
for learning the optimal control policy instead of cal-
culating the analytical solution.

Thus, we divide the optimal value function gra-
dient as

dV ∗
i (ei)

dev,i
=2βVξp,iep,i + 2βVξv,iev,i

+ 2βVfi(χi) + 2βVτi + V o
i ,

(29)

where V o
i = −2βVξp,iep,i − 2βVξv,iev,i − 2βVfi −

2βVτi +
dV ∗

i (ei)

dev,i
∈ R

2, ξp,i and ξv,i are positive

constants, and τi ∈ R
n is the adaptive compensation

with the updating law rendered as

τ̇i = −ξτ,iτi + uΔ,i, (30)

where ξτ,i > 0 is the designed compensation
parameter.

Substituting Eq. (29) into Eq. (27), we obtain

u∗
i =− ξp,iep,i − ξv,iev,i − fi(χi)

− τi − 1

2βV
V o
i .

(31)

Neural networks (NNs) are known to have ex-
cellent approximation capabilities. As a result, given
the compact set Ω1 ∈ R

n and Ω2 ∈ R
2n, for ∀τi ∈ Ω1

and ∀χi ∈ Ω2, fi(χi) and V o
i can be approximated

by NNs as

fi(χi) =
(
ω∗

f,i

)T

Ψf,i(χi) + σf,i(χi), (32)

V o
i =

(
ω∗

V,i

)T
ΨV,i(χi, τi) + σV,i(χi, τi), (33)

where ω∗
f,i ∈ R

wf×n and ω∗
V,i ∈ R

wV×n are the ideal
weight matrices with wf and wV being the neuron
numbers, Ψf,i(χi) ∈ R

wf and ΨV,i(χi, τi) ∈ R
wV

are the basis function vectors, and σf,i(χi) ∈ R
n

and σV,i(χi, τi) ∈ R
n are the approximation errors

bounded as ‖σf,i(χi)‖ ≤ εf and ‖σV,i(χi, τi)‖ ≤ εV
respectively with εf and εV being positive constants.

Then, the following equations are obtained by
substituting Eqs. (32) and (33) into Eqs. (29) and
(31):

dV ∗
i (ei)

dev,i
=2βVξp,iep,i + 2βVξv,iev,i + 2βVτi

+ 2βV

(
ω∗

f,i

)T
Ψf,i(χi)

+
(
ω∗

V,i

)T
ΨV,i(χi, τi)

+ 2βVσf,i(χi) + σV,i(χi, τi),

(34)

u∗
i =− ξp,iep,i − ξv,iev,i − τi

− (
ω∗

f,i

)T
Ψf,i(χi)− 1

2βV

(
ω∗

V,i

)T
ΨV,i(χi, τi)

− σf,i(χi)− 1

2βV
σV,i(χi, τi).

(35)

Nevertheless, u∗
i cannot be implemented, since

the optimal weights ω∗
f,i and ω∗

V,i are unknown.
Therefore, an identifier–actor–critic reinforcement
learning algorithm is used to learn the optimal con-
trol policies, in which ω∗

f,i is estimated by the iden-
tifier NN, and ω∗

V,i is estimated by both actor and
critic NNs. Specifically, the critic NN estimates ω∗

V,i

in
dV ∗

i (ei)

dev,i
, while the actor NN estimates ω∗

V,i in

u∗
i . The idea underlying such a network structure

stems from the actor–critic reinforcement learning
algorithm, which variously uses two different net-
works to implement and evaluate the control policy.

Specifically, the identifier NN is designed to es-
timate the unknown nonlinear dynamics part as

f̂i(χi) = ω̂T
f,iΨf,i(χi), (36)

where f̂i(χi) ∈ R
n is the estimate of fi(χi), and

ω̂f,i ∈ R
wf×n is the weight matrix of the identifier

NN. The updating law of identifier NN is designed
as

˙̂ωf,i = Γf,i

[
Ψf,i(χi)

(
eTp,i + eTv,i

)− νf,iω̂f,i

]
, (37)

where Γf,i ∈ R
wf×wf is a positive-definite matrix and

νf,i ∈ R is the designed identifier parameter.
Then, the critic NN is designed to evaluate the

control performance as

dV̂ ∗
i (ei)

dev,i
=2βVξp,iep,i + 2βVξv,iev,i

+ 2βVω̂
T
f,iΨf,i(χi) + 2βVτi

+ ω̂T
c,iΨV,i(χi, τi),

(38)

where
dV̂ ∗

i (ei)

dev,i
∈ R

n is the estimate of
dV ∗

i (ei)

dev,i
,

ω̂c,i ∈ R
wV×n is the weight matrix of the critic NN,

and V̂ o
i = ω̂T

c,iΨV,i(χi, τi) in the critic NN. The up-
dating law of the critic NN is designed as

˙̂ωc,i = −γc,iΨV,i(χi, τi)Ψ
T
V,i(χi, τi)ω̂c,i, (39)

where γc,i > 0 is the critic learning factor.
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Finally, the actor NN is designed to implement
the control input as

ui =− ξp,iep,i − ξv,iev,i − ω̂T
f,iΨf,i(χi)

− τi − 1

2βV
ω̂T

a,iΨV,i(χi, τi),
(40)

where ω̂a,i ∈ R
wV×n is the weight matrix of the actor

NN, and V̂ o
i = ω̂T

a,iΨV,i(χi, τi) in the actor NN. The
updating law of the actor NN is designed as

˙̂ωa,i =− ΨV,i(χi, τi)Ψ
T
V,i(χi, τi)[γa,i(ω̂a,i − ω̂c,i)

+ γc,iω̂c,i],
(41)

where γa,i > 0 is the actor learning factor.
Theorem 1 Using the SORLCs (36), (38), and
(40) with updating laws (37), (39), and (41) for the
second-order systems (1) with bounded initial con-
ditions, and ascertaining that the design parameters
are satisfied with the following conditions:
⎧⎪⎪⎪⎨
⎪⎪⎪⎩

ξe,i > ξp,i + ξv,i −
√
4(ξp,i − 2)(ξv,i − 3),

ξp,i > 2, ξv,i > 3, ξτ,i >
3

2
, γa,i >

1

2β2
V

,

γa,i > γc,i >
γa,i
2

,

(42)

we infer that (1) the tracking error ei, adaptive com-
pensation τi, weight error of identifier ω̃f,i, weight
error of actor ω̃a,i, and weight error of critic ω̃c,i are
SGUUB and (2) ei will converge to a desired accu-
racy pursuant to adjusting ξe,i in such a way that it
becomes large enough.
Definition 2 (SGUUB (Wen et al., 2021)) An error
ei(t) is said to be semi-globally uniformly ultimately
bounded for any compact set Ωe and for all ei(t0) ∈
Ωe, if there exist κi > 0 and T (κi, ei(t0)) such that
‖ei(t)‖ ≤ κi, ∀t ≥ t0 + T .

The proofs of Theorem 1, mission stability,
and boundedness are provided in the supplementary
materials.

4 Simulations

In this section, numerical simulations are con-
sidered under which four second-order systems form
desired formations while avoiding obstacles via exe-
cuting the designed OA, FM, and FR behaviors.

4.1 Case study

In the simulation case, the state dimension of
second-order systems is set to n = 2. The desired

mission of the FM behavior is pc,d = [−2.5 + t; 0].
The initial positions are p1,0 = [−2; 8], p2,0 =

[−2;−8], p3,0 = [−7; 14], and p4,0 = [−7;−14]. The
target positions are p1,g = [100; 6], p2,g = [100;−6],
p3,g = [95; 12], and p4,g = [95;−12]. The initial ve-
locities all are [0; 0]. The relative positions required
for agents and the formation centroid to form the
desired formation are pc

1 = [2.5; 6], pc
2 = [2.5;−6],

pc
3 = [−2.5; 12], and pc

4 = [−2.5;−12]. The recon-
struction matrices are ΓFR,1 = [9/5, 0; 0, 0], ΓFR,2 =

[3/5, 0; 0, 0], ΓFR,3 = [−3/5, 0; 0, 0], and ΓFR,4 =

[−9/5, 0; 0, 0]. The initial weights of the identifier are
ωf,1 = 112×2, ωf,2 = 0.9812×2, ωf,3 = 0.9612×2, and
ωf,4 = 0.9412×2. The initial weights of the actor are
ωa,1 = 0.512×2, ωa,2 = 0.4812×2, ωa,3 = 0.4612×2,
and ωa,4 = 0.4412×2. The initial weights of the critic
are ωc,1 = 112×2, ωc,2 = 0.9612×2, ωc,3 = 0.9212×2,
and ωc,4 = 0.8812×2. The NNs are designed with
wf = 12, wV = 12, with centers evenly spaced in the
range [−6, 6] and the width being 2. The dynamic
models of agents are set as
⎧⎪⎪⎪⎨
⎪⎪⎪⎩

ṗi = vi,

v̇i = ui+

[
vi(1) sin

2(pi(2)) + vi(2) cos
2(pi(1))

vi(1) sin
2(pi(2))− vi(2) cos

2(pi(1))

]
︸ ︷︷ ︸

fi(χi)

.

(43)

Remark 3 Eq. (43) is a numerical simulation case
of dynamic models (1), which does not correspond
to the practical system. However, the dynamic mod-
els (1) can characterize many practical systems, such
as unmanned mobile vehicles (Huang et al., 2019),
unmanned aerial vehicles (Dong et al., 2017), and
robotic manipulators (Wen et al., 2017). In fact,
any practical system that can be modeled or simpli-
fied into the form of the dynamic models (1) would
be capable of implementing the proposed MARLBC
method.

Other simulation parameters of the environ-
ment and MARLBC are listed in Tables 1 and 2,
respectively.

4.2 Simulation results

4.2.1 Comparison between the proposed MARLMS
and other existing mission supervisors

The mission performance of the proposed
MARLMS is compared with those of the FSAMS
(Marino et al., 2013), MPCMS (Chen YT et al.,
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2020), and RLMS (Zhang et al., 2022). The switch-
ing rules of the MARLMS for the ith agent are de-
signed as follows: if dOA < min{doi } ≤ 2dOA, then
the FR behavior is switched as the highest priority;
if min{doi } ≤ dOA, then the OA behavior is switched
as the highest priority; otherwise, the FM behavior
is switched as the highest priority. For the MPCMS,
the cost function is set as the weighted sum of forma-
tion and reconfiguration errors; meanwhile, the OA
behavior is set as the constraints. Since the RLMS
cannot be applied to the cooperative behaviors, both
FM and FR behaviors are regarded as the motion be-
havior. The results of different mission supervisors
are shown in Figs. 2 and 3. Because the FSAMS
has the switching effect near the state transition
threshold, the trajectories have strong oscillations
and the safety constraints are violated sometimes.
The MPCMS achieves perfect mission performance,
but its iteration time is much longer than that of

Table 1 Simulation parameters of the environment

Parameter Symbol Value

Obstacle 1 pO1 [20; 5]

Obstacle 2 pO2 [40;−11]

Obstacle 3 pO3 (x− 60)2 + (y − 9)2 = 52

Obstacle 4 pO4 (x− 70)2 + (y − 9)2 = 52

Obstacle 5 pO5 (x− 60)2 + (y + 9)2 = 52

Obstacle 6 pO6 (x− 70)2 + (y + 9)2 = 52

Table 2 Simulation parameters of the MARLBC
method

Parameter Symbol Value

Mission gains ΛOA, ΛFM, ΛFR 20, 8In, 8In
Safe distance dOA 2

Positive-definite matrix Γf,i 0.4I12
of the identifier

Designed parameter νf,i 0.6

of the identifier
Positive constants with ξp,i, ξv,i 100, 100

respect to tracking errors
Compensation ξτ,i, τi(0) 50, [0; 0] N·m
Input constraint ulim,i 200 N·m
Sampling time Δt 0.05 s
Learning factors γa,i, γc,i 6, 4

Leniency factor κL 2

Temperatures ργ , dγ −0.01, 0.95
Learning rate αt 0.0001

Exponent ζ 0.999

Replay buffer D 50 000

Total number of Te 100 000

training episodes
Total number of Ts 2000

time steps
Weights αV, βV 1, 1

other mission supervisors. This phenomenon is ex-
plained by the fact that the MPCMS has to perform
online calculation of the optimal behavior priority at
each sampling time. Because of the cooperative be-
haviors of agents being incapable of implementation,
the RLMS ignores the swarm intelligence. The pro-
posed MARLMS maintains not only the good mis-
sion performance but also the low iteration time.
To better demonstrate the advantages of MARLMS,
some numerical results are shown in Tables 3 and 4.
Compared to the FSAMS, the numbers of behavior
priority switches of the MARLMS are significantly
reduced, by 96.6%, 97.7%, 97.7%, and 96.6%, for
the 1st, 2nd, 3rd, and 4th agents, respectively. Com-
pared to the MPCMS, the online iteration time of
the MARLMS is significantly reduced, by 99.8%, for
all the four agents. All results prove the superiority
of the proposed MARLMS.

4.2.2 Comparison between the proposed SORLC
and the traditional RLC

The control performances of the proposed
SORLC and the traditional RLC (Zhang et al., 2022)
are compared, and the results are shown in Figs. 4–7.
Fig. 4 shows that the network weights of the identi-
fier, actor, and critic are all converged and bounded.
Fig. 5 shows that the weight errors of the identi-
fier, actor, and critic are all converged to near zero.
Based on the results of Figs. 4 and 5, the various op-
timal weights are obtained; thus, the optimal weight
norms of identifiers of the four agents are all 0.1; the
optimal weight norms of actors of the 1st, 2nd, 3rd,

Table 3 Number of behavior priority switches of dif-
ferent mission supervisors

Agent
Number of switches

MARLMS FSAMS MPCMS RLMS

1 4 118 4 6
2 2 86 2 4
3 2 86 2 4
4 4 118 4 6

Table 4 Online iteration time of different mission
supervisors

Agent
Time (ms)

MARLMS FSAMS MPCMS RLMS

1 1.4 1.0 597.2 1.0
2 1.1 0.8 530.8 0.7
3 1.3 0.9 663.5 0.8
4 1.5 1.3 796.2 1.1
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and 4th agents are 3.305, 3.173, 3.040, and 2.908,
respectively; the corresponding optimal weight
norms of critics are 6.610, 6.346, 6.081, and 5.817.
Because the control inputs of agents are not always
in a saturated state, the adaptive compensators are
bounded. Figs. 6 and 7 show the control perfor-
mances of the SORLC and RLC, respectively. It is
easy to see from Fig. 7 that once the behavior prior-
ities are switched, the tracking accuracy of RLC will
become very poor, and the trajectories of agents will
become unstable. Moreover, it is easy to see from
Figs. 6c and 7c that the velocity error of SORLC
is converged within 0.7 s at the initial phase, but
the RLC needs 3.4 s. This phenomenon is explained
by the fact that the RLC cannot effectively track
the reference velocities or ensure the convergence
of velocity errors. As a result, when the behavior
priorities are switched and reference velocities are
suddenly changed, the RLC is unable to track the
velocity signals, and its control accuracy is greatly
reduced. Since the SORLC guarantees the conver-
gence of both position and velocity errors, the tra-
jectories of agents are smooth. For the second-order
systems, it is necessary to track position and ve-
locity simultaneously to maintain control accuracy.
In addition, the SORLC always maintains the con-
trol input value below the input limit by implement-
ing the input saturation constraints. Although the
control accuracy will be slightly reduced, the ac-
tuator can be prevented from exceeding the physi-
cal limit when the behavior priorities are switched.
All results prove the superiority of the proposed
SORLC.

4.2.3 Comparison between the proposed MARLBC
and other existing NSBC methods

The control performance of the proposed
MARLBC is compared with those of the finite-time
NSBC (Huang et al., 2019), fixed-time NSBC (Zhou
et al., 2022), and RLBC (Zhang et al., 2022) meth-
ods. The results of different NSBC methods are
shown in Figs. 8 and 9, where Fig. 8 shows the tra-
jectories of agents and Fig. 9 shows the control per-
formance of the 4th agent. The finite-time NSBC
method has satisfactory control performance, but its
tracking control has obvious overshoot when the be-
havior priorities are switched. The fixed-time NSBC
method has the highest error convergence speed and
the smallest tracking error, but its control cost is

the largest. Specifically, the control inputs and costs
of both the finite-time and fixed-time NSBC meth-
ods will rise to unacceptable values, once the be-
havior priorities are switched. This phenomenon
is explained by the fact that both finite-time and
fixed-time NSBC methods will greatly increase the
control input to achieve the desired control accuracy.
It is not difficult to find from Fig. 9 that the RLBC
method has many undesirable control results, since it
ignores swarm intelligence in the decision layer and
cannot effectively track the reference velocity sig-
nals in the control layer. MARLBC not only strictly
satisfies the control saturation constraints, but also
reduces the control cost when the behavior priori-
ties are switched. Note that when the control limit
is not implemented and the behavior priorities are
switched, the control input will often increase to a
value that may exceed the physical limit of the actu-
ator. MARLBC is the only second-order behavioral
control method that can maintain the control ac-
curacy and satisfy the control limit simultaneously.
To better demonstrate the advantages of MARLBC,
some numerical results are shown in Tables 5 and 6,
where Max-ai and Tot-ai (i = 1, 2, 3, 4) represent the
maximum (corresponding to some performance indi-
cator) and total (cumulative value corresponding to
some performance indicator) values of the ith agent,
respectively (here, the performance indicator is ei-
ther control cost or control input). The maximum
and total values of control cost are calculated by
maxt{eTi ei + uT

i ui} and
∫∞
0

(
eTi ei + uT

i ui

)
dμ, re-

spectively. The maximum and total values of control
input are calculated by maxt{‖ui‖} and

∫∞
0 ‖ui‖dμ,

respectively. Compared to the finite-time NSBC
framework, both the maximum and total values of
control cost of MARLBC are reduced, where the
maximum values of the 1st, 2nd, 3rd, and 4th agents
are reduced by 47.1%, 47.1%, 85%, and 85%, re-
spectively, and the corresponding total values are
reduced by 12.2%, 9.9%, 58.8%, and 56.2%. In addi-
tion, both the maximum and total values of control
input of MARLBC are reduced compared with those
of the finite-time NSBC framework, where the max-
imum values of the 1st, 2nd, 3rd, and 4th agent are
reduced by 47.9%, 47.9%, 74.0%, and 74.0%, respec-
tively, and the corresponding total values are reduced
by 19.8%, 18.8%, 21.9%, and 21.6%. Compared to
the fixed-time NSBC framework, both the maximum
and total values of control cost of MARLBC are also
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Table 5 Maximum and total control cost values of different NSBC frameworks

Index
Maximum control cost value (×104)

Index
Total control cost value (×104)

MARLBC Finite-time Fixed-time MARLBC Finite-time Fixed-time

Max-a1 9 17 103 Tot-a1 382 435 518
Max-a2 9 17 115 Tot-a2 364 404 790
Max-a3 9 60 372 Tot-a3 570 1384 1813
Max-a4 9 60 372 Tot-a4 609 1391 1868

Table 6 Maximum and total control input values of different NSBC frameworks

Index
Maximum control input value

Index
Total control input value

MARLBC Finite-time Fixed-time MARLBC Finite-time Fixed-time

Max-a1 200 384 960 Tot-a1 2210 2756 9127
Max-a2 200 384 1061 Tot-a2 2341 2883 13 370
Max-a3 200 768 1920 Tot-a3 4118 5274 16 112
Max-a4 200 768 1920 Tot-a4 4285 5466 16 646
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reduced, where the maximum values of the 1st, 2nd,
3rd, and 4th agents are reduced by 91.3%, 92.2%,
97.6%, and 97.6%, respectively, and the correspond-
ing total values are reduced by 26.3%, 53.9%, 68.6%,
and 67.4%. Moreover, compared to the fixed-time
NSBC framework, both the maximum and total val-
ues of control input of MARLBC are reduced, where
the maximum values of the 1st, 2nd, 3rd, and 4th

agents are reduced by 79.2%, 81.1%, 89.6%, and

89.6%, respectively, and the corresponding total val-
ues are reduced by 75.8%, 82.5%, 74.4%, and 74.3%.
All results prove the superiority of the proposed
MARLBC method.

5 Conclusions

In this paper, a novel MARLBC method is pro-
posed for nonlinear second-order systems to achieve
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swarm intelligence by performing multiple conflict-
ing missions. The proposed MARLBC is a decision-
control integrated structure including the MARLMS
and SORLC. At the decision layer, the MARLMS
learns an optimal joint behavior priority policy to
assign behavior priorities dynamically and intelli-
gently. At the control layer, the SORLC learns
a group of optimal control policies to track both
the position and velocity signals, and implement
the input saturation constraints. Simulation re-
sults show that MARLBC has smaller control input
and cost values than the existing NSBC methods of
second-order systems when the behavior priorities
are switched. In addition, compared with the tra-
ditional RLBC, the proposed MARLBC allows the
implementation of cooperative behavior and ensures
the convergence of velocity signals. Since the NSBC
frame relies on a centralized mission supervisor to as-
sign behavior priorities, the scalability of MARLBC
is poor. Our future research would involve the over-
coming of defects of the centralized mission super-
visor via designing a distributed behavioral control
structure.
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