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Time-constrained leader-follower multi-agent
task scheduling and control synthesis

Pian Yu and Dimos V. Dimarogonas

Abstract—This paper addresses the problem of time-
constrained leader-follower multi-agent task scheduling and con-
trol synthesis. The leader-follower multi-agent system is subject
to a set of dynamically activated tasks, each of which is associated
with a relative deadline and can be completed at different
Quality-of-Satisfaction levels. By taking into account the reward
and cost of satisfying these tasks, a novel scheduling problem
is formulated and a dynamic scheduling strategy is proposed.
Based on the dynamic plan, distributed control laws are designed
accordingly for the leader and follower agents. Under the
condition that the information of the target regions are available
only to the leader agents, it is shown that the proposed control
laws guarantee the satisfaction of each task at its desired Quality-
of-Satisfaction level. A simulation example is given to verify the
theoretical results.

Index Terms—Multi-agent systems, Quality-of-Satisfaction, dy-
namic task scheduling, time constraints, control synthesis.

I. INTRODUCTION

THE integration of multi-agent task scheduling and coop-
erative control is of great practical interests. Over the past

decades, the problem of task scheduling is widely investigated
for applications, such as manufacturing [1], traffic systems [2],
and service robots [3]. In the area of multi-agent cooperative
control, the research has been usually focused on achieving
one single global task, such as reference-tracking [4], con-
sensus [5] or formation [6]. Recently, multi-agent cooperative
control under complex task specifications, such as temporal
logic tasks, has been gaining attention [7]–[9]. However, most
efforts have been devoted to static specifications, for which off-
line motion planning can be conducted. In practice, a group
of agents (robots) may encounter the request of a sequence
of tasks which are activated dynamically. Under this circum-
stance, off-line motion planning is no longer feasible and on-
line scheduling is necessary. Furthermore, deadline constraints
on the completion of each task is a common requirement,
e.g., “visit region A within 10 time units”. Therefore, jointly
scheduling of deadline-constrained dynamically activated task
sequences and designing the distributed controllers for a group
of agents is challenging.

In real-time systems, a task is usually characterized by a
specific deadline. For such systems, many dynamic scheduling
algorithms rely on Earliest Deadline First (EDF) policies [10],
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[11] and their extensions [12], [13]. The objective of these
algorithms is to execute a set of tasks in order to meet the
most possible number of deadlines. Reward-Based scheduling
(RBS) [14] represents another class of dynamic scheduling
algorithms, in which the reward of a task is associated with
its execution time rather than the deadline. For example,
Increasing Reward with Increasing Service (IRIS) models
[15] fall within the scope of this framework. Different from
EDF, RBS is capable of modeling tasks that are characterized
not only by a deadline, but also by their ‘importance’. The
performance of the algorithm is then evaluated by computing
the cumulative reward gained on a task set.

In this paper, we address the dynamic scheduling problem
under the framework of RBS. In the IRIS models, the reward
of a task increases with the residual time1 [15]. In our task
model, we consider that a task can be completed at several
Quality-of-Satisfaction (QoSa) levels, and each QoSa level
corresponds to a time interval within which the task should
be completed. However, different from IRIS, the reward of
a task does not necessarily increase with the residual time.
Apart from reward, the cost of satisfying a set of tasks is
further considered, which is defined as the (estimated) total
distance travelled by a group of agents. Based on the above
setting, a dynamic scheduling strategy is proposed to combine
the ideas of EDF and RBS.

On the other hand, to guarantee that the desired performance
(in terms of reward and cost) can be achieved based on the
dynamic scheduling strategy, one has to ensure that each
task is completed at the desired QoSa level. This further
requires that each task is completed at the specific time
interval associated with the QoSa level, e.g., “visit region
A within [6,8] time units”, and brings additional difficulties
to the control synthesis. To the best of our knowledge, this
type of control design problem under specific time interval
constraints is rarely considered in the context of multi-agent
systems (MAS). In our previous work [16], multi-agent control
under specific deadline constraints was studied and a linear
feedback controller was designed. Nevertheless, the control
design is not applicable when specific time interval constraints
are presented. In [17], [18], multi-agent control under signal
temporal logic tasks was investigated and a barrier function
based controller was proposed for each agent. However, the
control policy requires the knowledge of each agent of the
task plan and the target regions. In this paper, we consider a
leader-follower MAS, in which only the leader agents know

1The amount of time between the completion time and the absolute
deadline.
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the information of the target regions. Therefore, it is necessary
that the group of agents collaborate for the task completion. In
this case, the fully distributed control synthesis is challenging,
particular under an explicit time interval constraint.

This paper investigates the jointly design of task scheduling
and distributed controller for leader-follower MAS subject to
a sequence of dynamically activated tasks. More specifically,
each task is associated with a region of interest, where the
group of agents need to visit together within a deadline. The
main contributions of the paper are twofold: i) the notion
of QoSa levels is introduced for completing each task. By
associating the reward of completing a set of tasks to the
QoSa levels and the cost to the (estimated) total travelling
distance, a new task scheduling problem is formulated and
a dynamic scheduling strategy is proposed; ii) under the
condition that the information of the target regions is available
only to the leader agents, distributed control laws are designed
respectively for the leader and follower agents. It is shown
that the designed control laws can guarantee the satisfaction
of each task at the desired QoSa level. We note that the
control design is motivated by the funnel control (FC) [20] and
the prescribed performance control (PPC) [19], which have
been originally used to solve control problems with transient
performance constraints [19]–[21] and recently applied to the
multi-agent setting [22], [23]. In this work, we propose for
the first time a way to transform time interval constraints into
transient performance constraints under the leader-follower
MAS framework, and hence, FC and PPC can be applied.

This paper generalizes the preliminary conference results
of [24] in four main directions. First, we propose a dynamic
scheduling strategy for MAS whose goal is to complete a
set of dynamically activated tasks. Second, we introduce the
hybrid system framework to model the discrete task evolution
and the continuous state evolution. Third, the input constraint
for each agent is taken into account. Finally, we provide
comparisons between the proposed dynamic scheduling strat-
egy and the EDF policy in the simulation. The rest of the
paper is organized as follows. In Section II, notation and
preliminaries are introduced, while Section III formalizes the
considered problem. Section IV presents the proposed solution
in detail, which is further verified by simulations in Section
V. Conclusions are given in Section VI.

II. PRELIMINARIES

A. Notation

Let R := (−∞,∞), R≥0 := [0,∞). Let N be the set of
natural numbers. Denote by Rn the n dimensional real vector
space, Rn×m as the n×m real matrix space. In is the identity
matrix of order n. For x1 ∈ Rn1 , . . . ,xm ∈ Rnm , the notation
(x1,x2, . . . ,xm)∈Rn1+n2+···+nm stands for [xT

1 ,x
T
2 , . . . ,x

T
m]

T . Let
|λ | be the absolute value of a real number λ , ‖x‖ and ‖A‖ be
the Euclidean norm of vector x and matrix A, respectively. For
a set Ω, 2Ω represents the power set of Ω and |Ω| represents
the cardinality of Ω. A set-valued mapping from Rm associates
with every point in Rm a subset of Rn. The notation M : Rm⇒
Rn indicates that M is a set-valued mapping with M(x)⊂ Rn

for all x ∈Rm. The operators ∪ and ∩ represent set union and

set intersection, respectively. For two sets A and B, the set
difference A\B is defined by A\B := {x : x ∈ A and x /∈ B}. In
addition, we use ∧ to denote the logical operator AND and
∨ to denote the logical operator OR. P � 0 means that P is
a positive definite matrix and PT is the transpose of P. The
Kronecker product is denoted by ⊗.

B. Graph Theory
Let G = {V ,E } be a graph with the set of nodes V =

1,2, . . . ,N, and E ⊆ {(i, j) : i, j ∈ V , j 6= i} the set of edges.
If (i, j) ∈ E , then node j is called a neighbor of node i and
node j can receive information from node i. The neighboring
set of node i is denoted by Ni = { j ∈ V |(i, j) ∈ E }. A graph
is called undirected if (i, j) ∈ E ⇔ ( j, i) ∈ E . Given an edge
ek := (i, j)∈ E , i is called the head of ek and j is called the tail
of ek. A graph is called connected if for every pair of nodes
(i, j), there exists a path which connects i and j, where a path
is an ordered list of edges such that the head of each edge is
equal to the tail of the following edge.

C. Hybrid system
A hybrid system H is a tuple (C ,D ,F,G), where C ∈Rn

and D ∈Rn are the flow and jump sets, and F : Rn⇒Rn and
G :Rn⇒Rn the possibly set-valued mappings, called flow and
jump maps, respectively. Then H is represented by

H :

{
ẋ ∈ F(x) x ∈ C

x+ ∈ G(x) x ∈D ,
(1)

where x ∈ Rn is the hybrid state. Roughly speaking, the state
can flow through C following the dynamics given by F , and
it can jump in the jump set D according to G [28]–[30].

III. PROBLEM FORMULATION

A. Leader-follower MAS
Consider a leader-follower MAS consists of N agents, each

of which obeys the following second-order dynamics

ẋi(t) = vi(t),
v̇i(t) = ui(t), i = 1,2, . . . ,N,

(2)

where xi ∈ Rn,vi ∈ Rn and ui ∈ Ui ⊆ Rn are the position,
velocity and control input of agent i, respectively. Let x =
(x1, . . . ,xN),v = (v1, . . . ,vN),u = (u1, . . . ,uN) be the stack vec-
tor of positions, velocities, and inputs, respectively. The input
of agent i is constrained to a set Ui. Without loss of generality,
we suppose that the first nl ,nl ≤ N agents are leaders. Then,
one can define the leader set VL := {1,2, . . . ,nl} and the
follower set VF = {nl +1, . . . ,N}.

The input of each agent is subject to the following constraint
‖ui‖ ≤ umax

i , i ∈ V , where umax
i > 0. Then, the input set Ui is

given by
Ui = {u ∈ Rn : ‖u‖ ≤ umax

i }, i ∈ V . (3)

It is assumed that the graph G formed by the leader-follower
MAS is undirected and connected. Denote by x̄ = (x̄1, . . . , x̄p)
the p-dimensional stack vector of relative positions of pairs
of agents that form an edge in G , where p is the number of
edges. The kth element of vector x̄, denoted by x̄k := xi j =
xi− x j,k ∈ {1,2, . . . , p}, corresponds to an edge ek = (i, j) in
the graph.
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B. Task Specifications
For the group of agents, we assume the existence of a set

of M ∈N tasks, denoted by φ := {φ1,φ2, . . . ,φM}. To be more
specific, each task is associated with a target region that the
MAS has to visit within a deadline. To model the dynamic task
generation process, we need the notion of a task generation
signal. Let the set

Tg := {T0,T1, . . .} (4)

be the sequence of task generation times, where T0 < T1 < · · · .
Without loss of generality, we assume T0 = 0. Then, we define
the function δ : Tg→ 2φ as the task generation signal, which
maps each task generation time Tk to a subset of tasks that are
activated at Tk. We note that the task generation information,
i.e., the task generation times Tk and the subset of tasks being
activated at each Tk, is unknown to the scheduler.

The task set φ is assumed to have the following features:
1. Tasks are preemptable2 and activated dynamically;
2. Each task can be activated multiple times. However, a

task can not be activated again if the previous activated
one is not completed.

Each task φl , l ∈ {1, . . . ,M} is defined as a tuple φl :=
(Xl ,al ,dl ,Dl ,Al ,kl , Il ,Rl), where
• Xl ⊂ Rn: the target region associated with task φl ;
• al : the set of activation times al := {al,1,al,2, . . .} ⊆ Tg,

i.e., the subset of task generation times at which the task
φl is activated and becomes ready to execute;

• dl : the relative deadline, which is a constant value for
each task;

• Dl : the absolute deadline Dl := {Dl,1,Dl,2, . . .}. For task
φl that arrives at al,k ∈ al , Dl,k is computed as Dl,k =
al,k +dl ;

• Al : the (actual) completion times Al := {Al,1,Al,2, . . .},
where Al,k corresponds to al,k. We note that each Al,k is
determined online;

• kl ∈ N: the number of QoSa levels for φl ;
• Il : the interval set Il := {Il [kl − 1], . . . , Il [1], Il [0]}, where

Il [k̂], k̂ ∈ {0,1, . . . ,kl − 1} is the time interval corre-
sponding to task φl and QoSa level k̂. In addition, Il
satisfies the following properties: i) Il [0] = (dl ,∞); ii)
∪kl−1

m=1Il [m] = [0,dl ]; iii) Il [m1]∩ Il [m2] = /0,∀m1 6= m2; and
iv) ∀t1 ∈ Il [m1], t2 ∈ Il [m2], m1 > m2 implies t1 < t2;

• Rl : the reward set Rl := {Rl [kl − 1], . . . ,Rl [1],Rl [0]},
where Rl [k̂], k̂ ∈ {0,1, . . . ,kl − 1} represents the reward
that task φl contributes if it is completed at QoSa level k̂.

For the sake of notation simplicity, in the following, we
use al ,Dl ,Al to represent any al,k ∈ al ,Dl,k ∈ Dl ,Al,k ∈ Al ,
respectively, when there is no ambiguity. Note that when al
corresponds to al,k, Dl ,Al correspond to Dl,k,Al,k, respectively.
Then, we have the following definition.

Definition 1: Given the task φl and the activation time al ,
we say that φl is completed at time Al if xi(Al) ∈ Xl ,∀i ∈ V .
In addition, we say that φl is completed at QoSa level k̂ if the
(actual) completion time satisfies

Al ∈ {al + t|t ∈ Il [k̂]}.
2Preemptable means that the execution of a uncompleted task can be

temporarily halted and later resumed.

Remark 1: Each task φl has at least two QoSa levels, i.e.,
kl ≥ 2. From the properties i)-iv) of Il and Definition 1, one can
see that a QoSa level of bigger than or equal to 1 means that
the task is completed before the deadline, while QoSa level
0 means that the deadline of the task is violated. In addition,
a higher QoSa level means that the task is completed faster.
However, we note that the reward is not necessarily higher
for a higher QoSa level. It is assumed here that for each task
φl , Il [k̂],Rl [k̂],∀k̂ ∈ {0, . . . ,kl − 1} are given a priori and are
known to each agent.

In the following, each target set Xl will be over-
approximated by its largest inscribed ball, denote by Xl . Let
cl be the Chebyshev center of Xl . Then, Xl can be represented
by

Xl := B(cl , r̄l) = {y ∈ Rn : ‖y− cl‖ ≤ r̄l}, (5)

where r̄l is the radius of Xl . It is assumed that all target
regions are compact and have non-empty interiors, i.e., there
exist rmin,rmax > 0 such that rmin ≤ r̄l ≤ rmax,∀l. In addition,
the target regions are disjoint, i.e., Xk1 ∩Xk2 = /0,∀k1,k2 ∈
{1, . . . ,M},k1 6= k2. Note that the problem of finding the
maximum inscribed ball can be solved offline by several
iterative algorithms, such as the one proposed in [25].

Remark 2: In this paper, we consider that the task φl is
completed once all agents lie inside the target region Xl .
However, in practice, there might be a (set of) service(s)
associated with φl , for which the group of agents can provide
only when being present in the region of interest Xl . Hence,
upon the visit to Xl , the group of agents may still need to
accomplish services, such as loading or releasing a cargo,
etc. Note that in this paper, we do not focus on how these
services are being provided at the target region, but rather
aim at guaranteeing the necessary preconditions for providing
these services: being present at the target region.

C. Reward and cost of a given task set

In this paper, we are interested in the quantitative reward
and cost of satisfying the dynamically activated tasks. Let η ∈
2φ \ /0 be any subset of φ except /0. The index set associated
with η is denoted by Iη . Let Πη be the set containing all
permutations of Iη , and π ∈Πη be π := (π[1], . . . ,π[|Iη |]).

Example 1: Let η = {φ1,φ5,φ7}, then Iη = {1,5,7} and
Πη = {(1,5,7),(1,7,5),(5,1,7),(5,7,1),(7,1,5),(7,5,1)}. If
π = (5,7,1) ∈Πη , then π[1] = 5,π[2] = 7,π[3] = 1.

Denote by Pη(π[0]π) = Pη(π[0]π[1] . . .π[|Iη |]) =
Xπ[0] . . .Xπ[|Iη |] a path generated by the task set η with
the order of completion given by π , where π[0] := 0, Xπ[0] is
a collection of the agents’ initial states, which thus contains
finite number of elements and will be formally defined later.

1) Reward: The reward of the path Pη(π[0]π) is given by

R(Pη(π[0]π)) =
|Iη |
∑
l=1

Rπ[l][k̂π[l]], (6)

where k̂π[l] ∈ {0, . . . ,kπ[l] − 1}, l = 1, . . . , |Iη |, represents the
QoSa level of task φπ[l]. Note that the QoSa levels are defined
in terms of the (actual) completion time and each task can be
completed at different QoSa levels (and thus return different
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rewards). Therefore, R(Pη(π[0]π)) is dependent on the time
needed to complete each task.

2) Cost: Motivated by [27], the cost of the path Pη(π[0]π)
is defined as the (estimated) distance travelled by the group of
agents. Let W (Xk,X j) ∈ R≥0 be the transition cost from set
Xk to X j, which is given by

W (Xk,X j) :=

{
∑x∈Xk

‖x− c j‖, if k = 0, j ∈ {1, . . . ,M}
N(‖ck− c j‖), if k, j ∈ {1, . . . ,M},k 6= j.

Then, the cost of Pη(π[0]π) is defined as:

C(Pη(π[0]π)) =
|Iη |−1

∑
k=0

W (Xπ[k],Xπ[k+1]). (7)

It is obvious that the completion of the tasks in η can be
scheduled in different orders, which corresponds to different
paths. Let Pη = ∪π∈Πη

{Pη(π[0]π)} be the set of all paths.
In this paper, we want to maximize the reward as well as
minimizing the cost. Therefore, we propose the following
objective function

J(Pη),

max
π∈Πη ,

k̂π[l]∈{0,...,kπ[l]−1},
l∈{1,...,|Iη |}

{ςR(Pη(π[0]π))− (1− ς)C(Pη(π[0]π))},

(8)
where ς ∈ [0,1] is a parameter used to balance between the
reward and the cost.

Example 2: Following Example 1, we assume that the
number of QoSa levels k1 = 3,k5 = 4,k7 = 2. Then k̂1 ∈
{0,1,2}, k̂5 ∈ {0,1,2,3} and k̂7 ∈ {0,1}. Given one sched-
ule π = (5,7,1), we have R(Pη(π[0]π)) = R5[k̂5] +R7[k̂7] +
R1[k̂1] and C(Pη(π[0]π)) = ∑x∈X0

‖x− c5‖+ N‖c5 − c7‖+
N‖c7 − c1‖, where N is the total number of agents, X0 :=
{x1(0), . . . ,xN(0)}. Note that the reward R(Pη(π[0]π)) is
further determined by the chosen QoSa level for each task.

D. Problem

In this work, we consider that only the leader agents know
the information of the target regions. Therefore, it is necessary
for the group of agents (both leader and follower agents) to
coordinate to complete the tasks. Let η(t) ∈ 2φ be a set of
tasks that are active (being activated) at time t. The purpose of
this paper is to maximize, in an online fashion, the objective
function (8) for the set of active tasks η(t). Formally, the
problem is stated below.

Problem 1: Given the leader-follower MAS (2) and the
task specifications in Section III-B, jointly schedule the dy-
namically activated tasks and design distributed (with only
measurements of states of neighbors) control law ui for each
leader or follower agent i, such that J(Pη(t)) is maximized.

IV. SOLUTION

The proposed solution consists of two layers: i) an online
dynamic scheduling layer and ii) a (distributed) control syn-
thesis layer which guarantees that the group of agents (both
leader and follower) arrive at their progressive target regions
at the corresponding QoSa levels at all times.

Task Generation

Dynamic Scheduling Control Synthesis

δ : Tg → 2φ

χ[k] = (E[k], tk0, Qk)

Ac(k),X0(Ac(k))

Fig. 1. The relation between dynamic scheduling and control synthesis.

The relation between the two layers is depicted in Fig. 1.
The dynamic scheduling layer determines when and which
task should be executed at which QoSa level. Let χ be the ex-
ecution task sequence generated by the scheduling layer, which
records the sequence of tasks being executed. The kth element
of χ , denoted by χ[k], contains the information of the kth
execution task. It is represented by a triple χ[k] = (E[k], tk

0 ,Qk),
where E[k] ∈ φ represents the kth execution task, tk

0 ∈ R≥0 is
the time that E[k] starts execution, and Qk is the desired QoSa
level of E[k], respectively. χ[k] will be used for the control
synthesis. The (actual) completion time of the task E[k],
denoted by Ac(k), is determined online by the synthesized
controller. Define X0(Ac(k)) := {x1(Ac(k)), . . . ,xN(Ac(k))} as
the set which contains the position information of the MAS
at time Ac(k). As shown in Fig. 1, once E[k] is completed,
the information Ac(k),X0(Ac(k)) will be sent to the dynamic
scheduling layer for generating the next execution task.
A. Hybrid structure

The task scheduling is conducted at a sequence of discrete
times while the evolution of the states of each agent is
continuous. Therefore, in this subsection, the hybrid system
framework is introduced to model the whole process.

As stated previously, the information of the target regions is
known only to the leader agents. Therefore, different control
laws have to be synthesized for the leader and follower agents,
respectively. In addition, when there is no task left to be
executed, i.e., χ[k] = /0, all agents will switch to idle mode. To
cope with these variations, we propose three different control
modes for each agent i:

i) the leader mode: ui = ulead
i ;

ii) the follower mode: ui = ufol
i ;

iii) the idle mode: ui = uidle
i ,

where ulead
i ,ufol

i and uidle
i will be defined later.

The execution task sequence χ is updated either at the task
generation time t = Tl ,Tl ∈ Tg or at the (actual) completion
time Ac(k) of the current execution task χ[k] (i.e., xi(Ac(k))∈
XI(E[k]),∀i). Here, I(E[k]) returns the index of task E[k]. If at
Ac(k), there is no task to be executed next (i.e., E[k+1] = /0),
all agents will switch to idle mode. We note that χ[k] = /0 if
E[k] = /0. Each χ[k] determines uniquely a control law ui for
each agent i, which is denoted by uχ[k]

i .
To model the discrete behavior of the scheduling and the

control law switching, an integer variable k ∈N is introduced,
which is initialized to be 0. It remains constant during flows
and it is incremented by 1 once a new execution task is
generated. In other words,

F :


ẋ = v
v̇ = uχ[k]

τ̇ = 1
k̇ = 0

G :


x+ = x
v+ = v
τ+ = τ

k+ = k+1

(9)
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where uχ[k] = (uχ[k]
1 , . . . ,uχ[k]

N ), and

uχ[k]
i =


uidle

i , if χ[k] = /0,
ulead

i , if χ[k] 6= /0 and i ∈ VL,
ufol

i , if χ[k] 6= /0 and i ∈ VF .
(10)

The jump set D is given by two kinds of events, that is

D := {∃Tl ∈ Tg s.t. τ = Tl︸ ︷︷ ︸
new tasks activated

∨ xi(t) ∈ XI(E[k]),∀i︸ ︷︷ ︸
current task completed

},
(11)

and the flow set C is given by

C := R2nN×R≥0×N\D . (12)

At jumps, the control input for each agent will be updated
according to the next execution task. The design strategy will
be given in the later subsection.

Remark 3: The hybrid system (9) is introduced to model the
discrete task evolution and the continuous state evolution of
the MAS (2). It will become clear later in the control synthesis
section that the control design for each agent and the analysis
are conducted on a single task χ[k]. We note that there is no
jump during the execution of χ[k]. Therefore, the hybrid time
domain (t, j) and the solutions of hybrid systems on (t, j) are
redundant and thus not introduced.

B. Dynamic scheduling algorithm

The dynamic scheduling process is shown in Fig. 2, which
consists of two algorithms: Arrival and Completion.

Wait Task

(W)

Reject Task

(R)

Disposal

RecoverFull

Tl, δ(Tl) χ[k]

Ac(k),X0(Ac(k))

Fig. 2. Dynamic scheduling process.

Let W and R be the ordered wait and (temporarily) reject
task set, respectively. Define W [l] ∈ φ and R[l] ∈ φ as the lth
element of W and R, respectively. The index set associated
with W is denoted by IW and the set of permutations of IW is
denoted by ΠW . In this paper, it is assumed that the cardinality
(length) of the wait task set W is limited (for computation
efficiency), given by m̄. In particular, there are at most m̄ tasks
maintained within it. However, we note that there are extra
positions in W , which can be occupied instantaneously.

At the task generation time instant Tl , the set of tasks δ (Tl)
is activated. Then, the algorithm Arrival, i.e., Algorithm 1, will
be activated to determine (among all active tasks) which task
should be executed. Due to the fact that the cardinality of the
wait task set W is limited, one needs to check whether there
are enough spaces in W before scheduling. Otherwise, we first
schedule all the active tasks (including the current executing
task E[k], the set of newly activated tasks δ (Tl) and all the

tasks in W ) according to the EDF policy. Then, the first m̄
tasks are kept in W while the remaining tasks are put into
the (temporarily) reject list R (lines 1-5). After this process,
we (re)schedule the tasks in W using the optimization program
P(W,X0(Tl),Tl). The first task in line, i.e., π∗[1], is chosen as
the next executing task, and the corresponding desired QoSa
level, is given by k̂π∗[1] (lines 6-8).

Algorithm 1 Arrival
Input: E[k],W,R, Tl ,δ (Tl) and X0(Tl)←{x1(Tl), . . . ,xN(Tl)}.
Output: E[k+1], tk+1

0 ,Qk+1.
1: W ← E[k]∪W ∪δ (Tl),
2: if |W | ≥ m̄+1 then,
3: Schedule W according to the EDF policy,
4: W ← W\{W [m̄ + 1], . . .W [|W |]},T ← T ∪ {W [m̄ +

1], . . .W [|W |]},
5: end if
6: Solve the optimization program P(W,X0(Tl),Tl), which

returns π∗, k̂π∗ (see (13)),
7: E[k+1]← π∗[1], tk+1

0 ← Tl , Qk+1← k̂π∗[1],
8: W [i]← π∗[i+1], i = 1, . . . , |W |−1.

In line 6, the optimization program P(W,X0, t) is given by:

max
π∈ΠW , k̂π

ς

|IW |
∑
l=1

Rπ[l]− (1− ς)
|IW |−1

∑
l′=0

W (Xπ[l′],Xπ[l′+1]) (13a)

subject to
k̂π[l] ∈ {0,1, . . . ,kπ[l]−1}, (13b)

Rπ[l] := Rπ(l)[k̂π[l]], (13c)
Eπ[l][0] = aπ[l]+dπ[l]+ ε,ε > 0, (13d)

Eπ[l][k̂π[l]] = aπ[l]+ sup{Iπ[l][k̂π[l]]}, k̂π[l] ≥ 1, (13e)

Eπ[1][k̂π[1]]> t + tmin(X0,Xπ[1]), (13f)

Eπ[l+1][k̂π[l+1]]> Eπ[l][k̂π[l]]+ tmin(Xπ[l],Xπ[l+1]),

l = 1, . . . , |IW |−1, (13g)

where k̂π := {k̂π[1], k̂π[2], . . . , k̂π[|IW |]}. In (13f) and (13g),

tmin(Xπ[l],Xπ[l+1]) := max
i∈V

minT f
i (14a)

subject to
xi(0) = Xπ[l][i],vi(0) = 0, l = 0, (14b)
xi(0) = cπ[l],vi(0) = 0, l ≥ 1, (14c)
ẋi = vi, v̇i = ui, (14d)
ui ∈Ui, (14e)
xi(T

f
i ) ∈ Xπ[l+1], (14f)

representing the (estimated) minimal time required to drive the
MAS from set Xπ[l] to set Xπ[l+1] under the input constraints
(14e). Note that in (14b), π[0] = 0 and Xπ[0][i] = X0[i] is the
ith element of set X0, where X0 contains the initial state of the
group of agents. The optimal solution of P(W,X0, t) is given
by π∗ = {π∗[1], . . . ,π∗[|IW |]} and k̂π∗ = {k̂π∗[1], . . . , k̂π∗[|IW |]}.
In (13d)-(13g), the notation Eπ[l][k̂π[l]] represents the estimated
completion time of task φπ[l] at QoSa level k̂π[l]. It is defined
as aπ[l]+dπ[l]+ε for QoSa level 0 and aπ[l]+sup{Il [k̂π[l]]} for
QoSa level k̂π[l] ≥ 1, as seen in (13d) and (13e) respectively.



6

The constant ε is used to distinguish between Eπ[l][1] and
Eπ[l][0]. Conditions (13f) and (13g) mean that the estimated
completed time of the l+1th task in line must be bigger than
the estimated completed time of the lth task plus the minimal
time required to move from Xπ[l] to Xπ[l+1].

Algorithm 2 Completion
Input: W,R, Ac(k) and X0(Ac(k)) ←
{x1(Ac(k)), . . . ,xN(Ac(k))}.

Output: E[k+1], tk+1
0 ,Qk+1.

1: Remove all infeasible tasks in W and R,
2: if R 6= /0, then
3: Schedule R according to the EDF policy,
4: Move tasks from R to W , until either W is full or R

is empty,
5: end if
6: if W = /0, then
7: E[k+1]← /0, tk+1

0 ← /0,Qk+1← /0,
8: All agents switch to idle mode,
9: else

10: Solve algorithm P(W,X0(Ac(k)),Ac(k)), which re-
turns π∗, k̂π∗ ,

11: E[k+1]← π∗[1], tk+1
0 ← Ac(k), Qk+1← k̂π∗[1],

12: W [l]← π∗[l +1], l = 1, . . . , |W |−1.
13: end if

When the kth execution task is completed at time Ac(k),
algorithm Completion (Algorithm 2), is activated to determine
the next execution task. We note that if the activating time and
the completion time coincide, algorithm Arrival will run first
and then algorithm Completion is executed. As one can see
in (13), the optimization program P(W,X0, t) admits tasks
with QoSa level 0 as feasible solutions. Therefore, before
rescheduling the wait list, one needs to further inspect to
ensure that tasks in the wait list W and the temporarily reject
list T are feasible at the current time Ac(k). All infeasible
tasks, i.e., {φl : φl ∈ W ∪ R,Dl ≤ Ac(k)} will be removed
forever (line 1). After the inspection, if there are empty
positions in W , then tasks in R will be recovered (lines 2-
5). At this stage, if W = /0, it means that there is no feasible
task to be executed next, and then all agents will switch to idle
mode (lines 6-9). The idle mode of an agent will be defined
later. Otherwise, the wait list W will be rescheduled according
to (13), and the first task in W will be chosen as the next
execution task and removed from W (lines 10-13).

Remark 4: In the optimization program (13), tasks with
QoSa level 0 are considered as feasible and kept in W or
R for robustness considerations. The reason is that in real-
time execution, a task may be completed before its estimated
completion time, and in this case, the previous infeasible tasks
(task with QoSa level 0) may become feasible again.

Remark 5: One can see from Algorithm 2 that rescheduling
will be conducted (whenever a task is completed) even though
there are no new tasks being generated. This is also due to
the fact that a task may be completed before its estimated
completion time, allowing for other possibilities of schedule.
In addition, we note that if the current execution task E[k] is
uncompleted when new tasks are activated, then it is possible

that E[k] is preempted by a newly activated task, and resumed
later.

Remark 6: The optimization program P(W,X0, t) can be
viewed as a two-layer optimization problem. The first (outer)
layer is a combinatorial optimization problem, where the set of
permutations of IW , i.e., ΠW needs to be computed. The second
(inner) layer is a mixed integer linear program. This is because
for each π ∈ ΠW , the cost function (only nonlinear term)
∑
|IW |−1
l′=0 W (Xπ[l′],Xπ[l′+1]) is a constant. In general, finding a

solution can be difficult when the cardinality of the wait task
set W is large. To cope with this issue, we assume that the
cardinality of W is upper bounded by m̄. Moreover, we note
that the only integer constraint is (13b). Nevertheless, since
the number of QoSa levels, given by kπ[l], is finite for each
task, each integer parameter k̂π[l] has only a limited number of
choices. Therefore, we conclude that the optimization program
P(W,X0, t) can be solved efficiently since it is equivalent to
solving a finite number (≤ m̄!∑l∈IW kl) of linear programs.

Remark 7: The purpose of this paper is to maximize
the objective function J(Pη(t)). Therefore, fulfillment of all
tasks is a soft constraint in view of the aforementioned
maximization. However, we note that by setting the absolute
value of the rejection penalty |Rl [0]|,∀l, to be high enough
(e.g., higher than the sum of the highest rewards of all tasks
being activated), one can verify that the proposed dynamic
scheduling algorithm is optimal in the sense that the miss
ratio3 is minimized.

C. Control law synthesis

Given the information χ[k] = (E[k], tk
0 ,Qk), the next step is

to do control synthesis. If χ[k] = /0, all agents will switch to
the idle mode, and the control law is given by

uidle
i =− ∑

j∈Ni

(xi− x j)− vi,∀i ∈ V .

Otherwise, we assume without loss of generality that

E[k] = φl , Il [Qk] = (t, t̄], (15)

which means that the kth task being executed is φl and the
time interval corresponding to QoSa level Qk of task φl is
(t, t̄]. Then, we have the following proposition.

Proposition 1: Given the task φl and the starting time tk
0 , φl

is completed at QoSa level Qk if the conditions
C1. ∀t ∈ [tk

0 ,al + t], ∃i ∈ VL such that xi(t) /∈ Xl ; and
C2. ∃t ∈ (al + t,al + t̄],∀i ∈ V such that xi(t) ∈ Xl

hold simultaneously, where al is the activation time of φl .
Before presenting the control synthesis, the following as-

sumption is needed.
Assumption 1: Given the leader-follower MAS (2) with the

leader set VL and the target region Xl , l ∈ {1, . . . ,M}, with its
Chebyshev center cl . There exist constants σ ,ds > 0 such that
• B(cl ,σ)⊆ Xl and
• xi ∈ B(cl ,σ),∀i ∈ VL and ‖xi − x j‖ ≤ ds,∀(i, j) ∈ E ,

imply xi ∈ Xl ,∀i ∈ V .
3For a sequence of dynamically activated tasks, the miss ratio is defined

as the number of reject tasks divided by the total number of activated tasks
[26].
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Remark 8: Assumption 1 is not conservative because i) the
constants σ ,ds can be different for different target regions
and ii) one feasible choice of σ ,ds for Xl is σ = rl/2,ds =
rl/(2(N−1)), where rl is the radius of the minimal enclosing
ball of Xl centered at cl .

In addition, the following definitions are introduced.
Definition 2: [19] A function ρ : R≥0→R>0 will be called

a performance function if ρ is bounded, nonnegative and non-
increasing.

Definition 3: [19] A function S : R→ R will be called a
transformation function if S is strictly increasing, injective and
admitting an inverse.

In particular, we define two transformation functions S1 and
S2 as S1(z) = ln( 1

1−z ) and S2(z) = ln( 1+z
1−z ).

For leader agent i ∈ VL, we prescribe the norm of the
tracking error xi(t)− cl within the following bounds,

αi(t)< ‖xi(t)− cl‖< βi(t), i ∈ VL. (16)

However, since the follower agents do not know where the
target region is, we prescribe the norm of the relative distance
between neighboring agents within the following bounds,

‖xi j(t)‖< γi(t), i ∈ V ,(i, j) ∈ E , (17)

where αi(t),βi(t),γi(t) are performance functions to be de-
fined.

The dynamic scheduling algorithm in Section IV-A ensures
that al + t̄ > tk

0 . However, it is possible that al + t ≤ tk
0 . In this

case, C1 of Proposition 1 is meaningless, and one only needs
to design performance functions such that C2 of Proposition
1 is satisfied. Nevertheless, in the other case, i.e., al + t > tk

0 ,
it is more complicated to design the performance functions
since one needs to ensure that both C1 and C2 are satisfied.
Therefore, in the following, we will present the design of the
performance functions and the control synthesis according to
the two different cases, respectively.

Remark 9: Note that if at time tk
0 , one has xi(tk

0)∈Xl ,∀i∈V ,
i.e., all agents are already in the target region Xl at tk

0 , then
according to the proposed dynamic scheduling strategy, the
algorithm Completion will be activated, and the group of
agents will proceed to the next task (no control action is
needed).

1) Case I: al + t ≤ tk
0: Define

αi(t) = 0, (18a)

βi(t) = βi0e−κi,1(t−tk
0), (18b)

γi(t) = γi0e−µi,1(t−tk
0), (18c)

for t ≥ tk
0 , where βi0 > max{‖xi(tk

0) − cl‖,σ}, γi0 >
max{max j∈Ni{‖xi j(tk

0)‖},ds}, and σ ,ds satisfy Assumption 1.
In addition,

κi,1 =
1

(al + t̄− tk
0)

ln
βi0

σ
, (19a)

µi,1 =
1

(al + t̄− tk
0)

ln
γi0

ds
. (19b)

Remark 10: The definitions of βi0,γi0 guarantee that the
performance bounds (16) and (17) are satisfied at the starting
time tk

0 . In addition, from (18b) and (19a) one can get

‖xi(al + t̄)− cl‖< βi(al + t̄) = βi0e−κi,1(al+t̄−tk
0) = σ ,∀i ∈ VL.

(20)
Moreover, from (18c) and (19b) one can get

‖xi j(al + t̄)‖< γi(al + t̄) = γi0e−µi,1(al+t̄−tk
0) = ds,∀(i, j) ∈ E .

(21)
According to Assumption 1, (20) and (21) together imply
xi(al + t̄) ∈ Xl ,∀i ∈ V . Therefore, C2 is satisfied.

Based on Remark 10, one can conclude that if for task φl ,
i). the tracking error ‖xi−cl‖,∀i∈ VL is evolving within the

prescribed performance bound (16),
ii). the relative distance ‖xi j‖,∀(i, j) ∈ E is evolving within

the prescribed performance bound (17)
for t ≥ tk

0 , then the task φl will be completed at the desired
QoSa level Qk.

Define the normalized errors as

ξi(t) :=
‖xi(t)− cl‖

βi(t)
, ξi j(t) :=

‖xi j(t)‖
γi(t)

, (22)

respectively. Then, the corresponding sets

Dξi := {ξi(t) : ξi(t) ∈ [0,1)} (23)
Dξi j := {ξi j(t) : ξi j(t) ∈ [0,1)} (24)

are equivalent to (16) and (17), respectively. The normalized
errors ξi and ξi j are transformed through the transformation
function S1. We denote the transformed error ζi(ξi) and εi j(ξi j)
by

ζi(ξi) := S1(ξi), εi j(ξi j) := S1(ξi j), (25)

respectively, where we dropped the time argument t for
notation convenience.

Let ∇S1(ξi) = ∂S1(ξi)/∂ξi,∇S1(ξi j) = ∂S1(ξi j)/∂ξi j. The
control laws for the leader and follower agents are proposed
respectively as:

ulead
i =− ∑

j∈Ni

1
γi

∇S1(ξi j)εi j(ξi j)ni j

− 1
βi

∇S1(ξi)ζi(ξi)ni−Kivi, i ∈ VL,

(26)

and

ufol
i =− ∑

j∈Ni

1
γi

∇S1(ξi j)εi j(ξi j)ni j−Kivi, , i ∈ VF , (27)

where ni = (xi− cl)/‖xi− cl‖,ni j = (xi− x j)/‖xi j‖, and Ki is
a positive control gain to be determined later.

Let ξ̄k = ξi j, ε̄k = εi j,yi = xi − cl . Let also ε̄ =
(ε̄1(ξ̄1), . . . , ε̄p(ξ̄p)), ζ̄ =(ζ1(ξ1), . . . ,ζN(ξN)) be the stack vec-
tor of the transformed errors and y = (y1, . . . ,yN). Define the
following function

V1(y,v, ε̄, ζ̄ ) =
1
2
[y v]

{[
Kθ θ

θ IN

]
⊗ In

}[
y
v

]
+

1
2

ε̄
T

ε̄ +
1
2

ζ̄
T Hζ̄ ,

(28)
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where H ∈ RN×N is a diagonal matrix with entries hi (hi = 1
if i∈ VL and hi = 0 otherwise), K ∈RN×N is a diagonal matrix
with entries Ki, and θ is a diagonal matrix with entries θi =
max{µi,1,κi,1}.

Let V 0
1 :=V1(y(tk

0),v(t
k
0), ε̄(t

k
0), ζ̄ (t

k
0) and Θ := S−1

1 (
√

2V 0
1 ).

Then, the following holds.
Theorem 1: Consider the leader-follower MAS (2) and the

kth execution task χ[k] given in (15). The control inputs for
the leader and follower agents are given by (26) and (27),
respectively. Suppose Assumption 1 holds and al + t ≤ tk

0 .
Assume that the control gain Ki > max{µi,1,κi,1},∀i, and the
input constraints for leader and follower agents satisfy

umax
i ≥

( |Ni|
ds(1−Θ)

+
1

σ(1−Θ)

)√
2V 0

1

+Ki(
√

2V 0
1 +θiβi0), ∀i ∈ VL,

and

umax
i ≥ |Ni|

ds(1−Θ)
ln

1
(1−Θ)

+Ki(
√

2V 0
1 +θiβi0),∀i ∈ VF ,

respectively. Then, i) the tracking error ‖xi− cl‖,∀i ∈ VL and
the relative distance ‖xi j‖,(i, j) ∈ E will evolve respectively
within the prescribed performance bounds (16) and (17) for
all t ≥ tk

0 and ii) the input constraint for each agent i, i.e.,
ui(t) ∈Ui,∀i, will be satisfied for all t ∈ [tk

0 ,al + t̄].
Proof: The proof is provided in Appendix. �
2) Case II: al + t > tk

0: For a given set X, the indicator
function is defined as

1X(x) =

{
1, if x ∈ X

0, if x /∈ X.

Then, the performance functions αi,βi,γi are defined as

αi(t) =


0, t ≥ tk

0 , if 1X̄l
(xi(tk

0)) = 1,

0, t > al + t, if 1X̄l
(xi(tk

0)) = 0,

αi0e−κi,2(t−tk
0), t ∈ [tk

0 ,al + t], if 1X̄l
(xi(tk

0)) = 0

(29a)

βi(t) =

{
βi0e−κi,2(t−tk

0), t ∈ [tk
0 ,al + t]

βi(t)e−κi,3(t−al−t), t > al + t,
(29b)

γi(t) =

{
γi0e−κi,2(t−tk

0), t ∈ [tk
0 ,al + t]

γi(t)e−µi,2(t−al−t), t > al + t,
(29c)

where

αi0 = ‖xi(tk
0)− cl‖−∆i, (30a)

βi0 = ‖xi(tk
0)− cl‖+∆i, (30b)

γi0 > max
{

max
j∈Ni
{‖xi j(tk

0)‖},ds

}
, (30c)

and 0 < ∆i < ‖xi(tk
0)− cl‖− r̄l ,∀i ∈ VL. In addition,

κi,2 =
1

(al + t− tk
0)

ln
αi0

r̄l
, (31a)

κi,3 =
1

(t̄− t)
ln

βi0r̄l

σαi0
, (31b)

µi,2 =
1

(t̄− t)
ln

γi0r̄l

dsαi0
, (31c)

where r̄l defined in (5) is the radius of Xl .
One can verify that the functions αi,βi,γi satisfy Definition

2. The function αi is designed to ensure condition C1. The
functions βi,γi are designed to ensure condition C2. However,
for the special case xi(tk

0) ∈ Xl ,∀i ∈ VL, i.e., all leader agents
are already in the region Xl at the starting time tk

0 . Thus, it is
not always possible to satisfy C1.

Corollary 1: Suppose Assumption 1 holds and ∃i ∈
VL,xi(tk

0) /∈Xl . The performance functions αi,βi and γi defined
in (29a), (29b) and (29c) guarantee that the conditions C1 and
C2 are satisfied simultaneously.

Let ρi(t) := (βi(t)+αi(t))/2 and δi(t) := (βi(t)−αi(t))/2.
Then, (16) can be rewritten as

−δi(t)+ρi(t)< ‖xi(t)− cl‖< ρi(t)+δi(t). (32)

Define in this case the normalized error ξi(t) as

ξi(t) :=
‖xi(t)− cl‖−ρi(t)

δi(t)
,

and ξi j is defined the same as in (22). Then, the corresponding
set

D̂ξi := {ξi(t) : ξi(t) ∈ (−1,1)} (33)

is equivalent to (16). The normalized errors ξi is transformed
through transformation functions S2. We denote the trans-
formed errors ζi(ξi) and εi j(ξi j) by

ζi(ξi) := S2(ξi), εi j(ξ jk) := S1(ξi j), (34)

respectively. Here, ξi is transformed through S2 since the
definition of domain for ξi is (−1,1).

Let ∇S2(ξi) = ∂S2(ξi)/∂ξi,∇S1(ξi j) = ∂S1(ξi j)/∂ξi j. The
control laws for the leader and follower agents are proposed
respectively as:

ulead
i =− ∑

j∈Ni

1
γi

∇S1(ξi j)εi j(ξi j)ni j

− 1
δi

∇S2(ξi)ζi(ξi)ni−Kivi,

(35)

and
ufol

i =− ∑
j∈Ni

1
γi

∇S1(ξi j)εi j(ξi j)ni j−Kivi, (36)

where Ki is a positive control gain to be determined.
Let z = (y,v)T . Define the following function

V2(z, ε̄, ζ̄ ) =


1
2
(zT G1z++ε̄

T
ε̄ + ζ̄

T Hζ̄ ), t ∈ [tk
0 ,al + t)

1
2
(zT G2z++ε̄

T
ε̄ + ζ̄

T Hζ̄ ), t ≥ al + t
(37)

where

G1 =

(
Kκ2 κ2
κ2 IN

)
⊗ In,G2 =

(
Kκ3 κ3
κ3 IN

)
⊗ In, (38)

and κ2,κ3 ∈RN×N are diagonal matrices with entries κi,2 and
κi,3, respectively. The matrices H,K are defined in (28).

Let V 0
2 := V2(z(tk

0), ε̄(t
k
0), ζ̄ (t

k
0)). Let V ∗2 = V 0

2 +

∑
N
i=1

(
Ki|κi,2−κi,3|β 2

i0+2|κi,2−κi,3|βi0(
√

2V 0
2 +κi,2βi0)

)
and

Θ1 := S−1
1 (
√

2V ∗2 ),Θ2 := S−1
2 (
√

2V ∗2 ). Then, the following
holds.
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Theorem 2: Consider the leader-follower MAS (2) and the
kth execution task χ[k] given in (15). The control inputs
for the leader and follower agents are given by (35) and
(36), respectively. Suppose Assumption 1 holds, t > al + tk

0 ,
and ∃i ∈ VL,xi(tk

0) /∈ Xl . Assume that the control gain Ki >
max{κi,2,κi,3},∀i, the constant γi0 in (30c) satisfies γi0 <
dsαi0eκi,3(t−t̄)/r̄l ,∀i, and the input constraints for leader and
follower agents satisfy

umax
i ≥

( |Ni|
ds(1−Θ1)

+
4

σ(1−Θ2
2)

)√
2V ∗2

+Ki(
√

2V ∗2 +Kiβi0), ∀i ∈ VL

and

umax
i ≥ |Ni|

ds(1−Θ1)

√
2V ∗2 +Ki(

√
2V ∗2 +Kiβi0),∀i ∈ VF ,

respectively. Then, i) the tracking error ‖xi− cl‖,∀i ∈ VL and
the relative distance ‖xi j‖,(i, j) ∈ E will evolve respectively
within the prescribed performance bounds (16) and (17) for
all t ≥ tk

0 and ii) the input constraint for each agent i, i.e.,
ui(t) ∈Ui,∀i, will be satisfied for all t ∈ [tk

0 ,al + t̄].
Proof: The proof is provided in appendix. �
Remark 11: In the optimization program (13), we choose

the estimated completion time El [k̂l ] for each task φl and QoSa
level k̂l ≥ 1 as El [k̂l ] = al + sup{Il [k̂l ]} (see constraint (13e)).
However, as stated in Remark 5, a task may be completed
before its estimated completion time in real-time execution,
allowing for other possibilities of execution. Due to this
reason, the obtained plan from the optimization program (13)
may not be optimal. We note that this is unavoidable since the
(actual) completion time of each task can not be foreseen at the
time of scheduling. Another reason that affects the optimality
of the plan is the length of the wait task set W . It is pointed out
in Remark 10 that the computational complexity of (13) grows
exponentially with respect to the length of W , therefore, we
propose to limit the size of wait task set W for computational
efficiency.

V. SIMULATION

In this section, a numerical example illustrates the theoret-
ical results. Consider a group of 4 agents with n = 2, the
communication graph G is characterized by the adjacency
matrix A = [0,1,1,0;1,0,1,1;1,1,0,1;0,1,0,0]. The initial
position xi(0) of each agent i is chosen randomly from the
box [0,2]× [0,2], and the initial velocity vi(0) = [0,0]T ,∀i.

The task set φ consists of 6 tasks. For the sake of simplicity,
it is assumed that each target region Xl , l ∈ {1, . . . ,6} has the
shape of a ball, denoted by B(cl ,rl), where cl ,rl are the center
and radius of the ball, respectively. For each task, the corre-
sponding parameters (QoSa level and the corresponding time
interval, reward, target set, activation times) are summarized
in TABLE I. In addition, we further consider the general case
that the group of leader and follower agents can be different
for different tasks. In this example, the leader set VL is given
by {1,4} for tasks 1,2,5, {1,3} for task 3, {1,2,3,4} for
task 4, and {1,2,4} for task 6. One can see that 5 tasks are
activated initially. In total, 11 tasks are activated.

TABLE I
TASK SPECIFICATIONS.

Task Time interval Target set Activation
timeReward

QoSa 3 2 1 0

φ1
(0,6] (6,10] (10,20] (20,∞)

B((10,8),1) {0,10}8 20 5 -20

φ2
- - (0,12] (12,∞)

B((8,2),1) {0,18}- - 10 -20

φ3
- (0,8] (8,14] (14,∞)

B((5,5),0.5) {0}- 10 20 -20

φ4
(0,6] (6,10] (10,23] (23,∞)

B((15,9),0.8) {0,30}25 5 20 -20

φ5
- - (0,10] (10,∞)

B((5,10),1) {6,18}- - 10 -20

φ6
- - (0,15] (15,∞)

B((20,15),1) {0,25}- - 5 -20

In the optimization program (13), we chose ς = 1 (the
reason for this choice is to make a fair comparison with the
EDF policy). Firstly, the dynamic scheduling strategy (DSS)
proposed in this paper is considered, where the cardinality of
the wait task set W is 4. The simulation results are given in
Figs. 3-5. Fig. 3 shows the evolution of positions for each
agent with respect to time t, where xi1 and xi2 are position
components. The 11 red circles (from left to right) represent
the 11 target regions that being reached, respectively. In Fig.
4, the evolution of the tracking error ‖xi− cl‖ for each agent
and the corresponding performance bounds αi,βi, i ∈ VL are
depicted. In addition, the evolution of the relative distances
‖xi j‖ between neighboring agents and the corresponding per-
formance bounds γi are plotted in Fig. 5. One can see that the
performance bounds are satisfied at all times.

Fig. 3. The evolution of positions for each agent under DSS strategy.
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Fig. 4. The evolution of the tracking error and performance bounds αi,βi
for each agent. Note that the performance bounds are presented only for the
leader agents in each task.
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Secondly, we consider the dynamic scheduling strategy, but
for the case that there is no limit on |W | (and which will be
referred to as DSS∗ in the following). In this way, the true
optimal schedule (i.e. considering all possible permutations of
the wait task set) can be obtained. Finally, the EDF policy is
used to schedule the same set of tasks. The simulation results
for the three different policies are summarized in TABLE
II. One can see that the best total reward is obtained when
the DSS∗ policy is implemented. However, we note that the
DSS∗ policy will result in a computational complexity problem
when the size of the wait task set W is large. The DSS
policy can be seen as a compromise between the reward
and the computational efficiency. When the EDF policy is
implemented, the total reward is 120, which is the worst among
the three policies. This makes sense since the EDF policy
involves only the deadline of each task.
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Fig. 5. The evolution of the relative distances between neighboring agents
and performance bounds γi for each agent.

TABLE II
RESULTS FOR DSS, DSS∗ AND EDF POLICIES.

Strategy Task completion order Total reward
DSS 2-1-3-6-5-1-4-5-2-4-6 155
DSS∗ 4-1-2-3-6-5-1-2-5-6-4 160
EDF 2-3-6-5-1-4-5-1-2-6-4 120

VI. CONCLUSIONS

We proposed a dynamic task scheduling and distributed con-
trol synthesis strategy for the coordination of leader-follower
MAS whose goal is to complete a set of dynamically activated
tasks with deadline constraints. By utilizing ideas from PPC,
we developed a distributed control law that guarantees the
satisfaction of tasks under specific time interval constraints.
A next step is to consider more general system dynamics and
perform physical experiments. Moreover, practical issues, such
as collision avoidance, will be considered in the future.
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APPENDIX

Proof of Theorem 1: Since Ki > max{µi,1,κi,1}= θi,∀i, one
can derive that V1(y,v, ε̄, ζ̄ ) is nonnegative for all y,v, ε̄, ζ̄ .

Differentiating (28) along the trajectories of (2), one has

V̇1(y,v, ε̄, ζ̄ ) =yT Kθv+ yT
θuχ[k]+ vT

θv+ vT uχ[k]

+ ε̄
T ˙̄ε + ζ̄

T H ˙̄
ζ ,

(39)

where uχ[k]
i = ulead

i , i ∈ VL and uχ[k]
i = ufol

i , i ∈ VF .
Substituting (26) and (27) into (39), we obtain

V̇1(y,v, ε̄, ζ̄ )

=−
N

∑
i=1

θiyT
i

{
∑

j∈Ni

1
γi

∇S1(ξi j)εi j(ξi j)ni j−
hi

βi
∇S1(ξi)ζi(ξi)ni

}
−

N

∑
i=1

vT
i

{
∑

j∈Ni

1
γi

∇S1(ξi j)εi j(ξi j)ni j−
hi

βi
∇S1(ξi)ζi(ξi)ni

}
−

N

∑
i=1

(Ki−θi)vT
i vi +

p

∑
i=1

εi j(ξi j)∇S1(ξi j)ξ̇i j

+
N

∑
i=1

hiζi(ξi)∇S1(ξi)ξ̇i.

(40)
According to (22), one can get

ξ̇i j =
1
γi

‖xi j‖′γi−‖xi j‖γ̇i

γi
=

1
γi

(
‖xi j‖′+µi,1‖xi j‖

)
,

ξ̇i =
1
βi

‖xi− cl‖′βi−‖xi− cl‖β̇i

βi
=

1
βi

(
‖yi‖′+κi,1‖yi‖

)
,

where −β̇i/βi ≡ κi,1 and −γ̇i/γi ≡ µi,1. Due to symmetry,
one has ∂

∥∥xi j
∥∥/∂xi j = ∂

∥∥xi j
∥∥/∂xi = −∂

∥∥xi j
∥∥/∂x j.

From (2), one has that ∑(i, j)∈E ∇S1(ξi j)εi j(ξi j)
∥∥xi j

∥∥′ =
1/2∑

N
i=1 ∑ j∈Ni ∇S1(ξi j)εi j(ξi j)∂

∥∥xi j
∥∥/∂xi j ẋi j =

∑
N
i=1 vT

i ∑ j∈Ni ∇S1(ξi j)εi j(ξi j)ni j. In ad-
dition, ∑

N
i=1 yT

i ∑
j∈Ni

∇S1(ξi j)εi j(ξi j)ni j =

∑
N
i=1 yT

i ∑ j∈Ni ∇S1(ξi j)εi j(ξi j)yi− y j/‖yi− y j‖ =
1/2∑

N
i=1 ∑ j∈Ni ∇S1(ξi j)εi j(ξi j)

∥∥xi j
∥∥ .

Then, (40) can be rewritten as

V̇1(y,v, ε̄, ζ̄ ) =−
1
2

N

∑
i=1

∑
j∈Ni

θi−µi,1

γi
∇S1(ξi j)εi j(ξi j)‖xi j‖

−
N

∑
i=1

hi(θi−κi,1)

βi
ζi(ξi)∇S1(ξi)‖yi‖− (K−θ)vT v.

According to the definition of S1, one can derive
that ∇S1(ξi j)εi j(ξi j)‖xi j‖ ≥ 0 and ζi(ξi)∇S1(ξi)‖yi‖ ≥ 0.
In addition, θi − µi,1 ≥ 0,θi − κi,1 ≥ 0,∀i. Therefore,
one derives that V̇1(y,v, ε̄, ζ̄ ) ≤ 0, which in turn im-
plies V1(y,v, ε̄, ζ̄ ) ≤ V1(y(tk

0),v(t
k
0), ε̄(t

k
0), ζ̄ (t

k
0) = V 0

1 and

thus |S1(ξi)| = |ζi(ξi)| ≤ |ζ̄ | ≤
√

2V 0
1 ,∀i ∈ VL, |S1(ξi j)| =

|εi j(ξi j)| ≤ |ε̄| ≤
√

2V 0
1 ,∀(i, j) ∈ E for all t ≥ tk

0 . Moreover,
ξi(tk

0),∀i ∈ VL and ξi j(tk
0),∀(i, j) ∈ E are within the regions

(23) and (24), respectively. By using the inverse of S1, we
can bound 0 ≤ ξi(t) ≤ Θ < 1 and 0 ≤ ξi j(t) ≤ Θ < 1 for all

t > tk
0 , where Θ = S−1

1

(√
2V 0

1

)
. That is to say, ξi(t),∀i ∈ VL

and ξi j(t),∀(i, j) ∈ E will evolve within the regions (23) and
(24) for all t ≥ tk

0 . Since (23) and (24) are equivalent to the
prescribed performance bounds (16) and (17), respectively,
item i) of Theorem 1 holds.

Since ξi(t),ξi j(t)∈ [0,Θ) and the functions βi,γi are mono-
tonically decreasing, one has from (26) that

‖ulead
i ‖ ≤

∣∣∣∣∣ ∑
j∈Ni

1
γi

∇S1(ξi j)εi j(ξi j)

∣∣∣∣∣+
∣∣∣∣ 1
βi

∇S1(ξi)ζi(ξi)

∣∣∣∣+‖Kivi‖

≤
( |Ni|

γi(tk
0 + t̄)(1−Θ)

+
1

βi(tk
0 + t̄)(1−Θ)

)√
2V 0

1 +‖Kivi‖
(41)

for t ∈ [tk
0 ,al + t̄]. In addition, since Ki > θi,∀i, one has

2V 0
1 ≥[y v]

{[
Kθ θ

θ IN

]
⊗ In

}[
y
v

]
≥

N

∑
i=1

(‖vi‖−θi‖yi‖)2

≥
N

∑
i=1

(‖vi‖−θiβi0)
2.

Then, one has

‖vi‖ ≤
√

2V 0
1 +θiβi0. (42)

Combining (41), (42) and γi(al + t̄) = ds,βi(al + t̄) = σ , one
can further get

‖ulead
i ‖ ≤

( |Ni|
ds(1−Θ)

+
1

σ(1−Θ)

)√
2V 0

1

+Ki(
√

2V 0
1 +θiβi0)≤ umax

i ,∀i ∈ VL,∀t ∈ [tk
0 ,al + t̄].

Similarly, one can also derive that ‖ufol
i ‖ ≤ umax

i ,∀i ∈ VF ,∀t ∈
[tk

0 ,al + t̄]. Item ii) of Theorem 1 holds. �
Proof of Theorem 2: Since Ki > max{κi,2,κi,3},∀i, one can

derive G1 � 0,G2 � 0. Therefore, V2(z, ε̄, ζ̄ ) is nonnegative for
all z, ε̄, ζ̄ .

For t ∈ [tk
0 ,al + t], differentiating (37) along the trajectories

of (2) and substituting (35) and (36), one has

V̇2(z, ε̄, ζ̄ ) =−
N

∑
i=1

κi,2yT
i ∑

j∈Ni

1
γi

∇S1(ξi j)εi j(ξi j)ni j

−
N

∑
i=1

κi,2yT
i

hi

δi
∇S2(ξi)ζi(ξi)ni

−
N

∑
i=1

vT
i ∑

j∈Ni

1
γi

∇S1(ξi j)εi j(ξi j)ni j

−
N

∑
i=1

vT
i

hi

δi
∇S2(ξi)ζi(ξi)ni

−
N

∑
i=1

(Ki−κi,2)vT
i vi +

p

∑
i=1

εi j(ξi j)∇S1(ξi j)ξ̇i j

+
n

∑
i=1

hiζi(ξi)∇S2(ξi)ξ̇i,

(43)
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where

ξ̇i j =
1
γi

‖xi j‖′γi−‖xi j‖γ̇i

γi
,

ξ̇i =
1
δi

(‖xi− cl‖′− ρ̇i)δi− (‖xi− cl‖−ρi)δ̇i

δi

=
1
δi

(‖yi‖′− ρ̇i)δi− (‖yi‖−ρi)δ̇i

δi
.

Similar to the proof of Theorem 1, one can further get

V̇2(z, ε̄, ζ̄ ) =−
1
2

N

∑
i=1

∑
j∈Ni

κi,2− γ̂i

γi
∇S1(ξi j)εi j(ξi j)‖xi j‖

−
N

∑
i=1

hi(κi,2− δ̂i)

δi
ζi(ξi)∇S2(ξi)(‖yi‖−ρi)

−
N

∑
i=1

hiρi(κi,2− ρ̂i)

δi
ζi(ξi)∇S2(ξi)

−
N

∑
i=1

(Ki−κi,2)vT
i vi,

(44)

where γ̂i =−γ̇i/γi, δ̂i =−δ̇i/δi and ρ̂i =−ρ̇i/ρi. In addition,
according to the definition of γi(t),δi(t) and ρi(t), one can de-
rive that γ̂i(t) = δ̂i(t) = ρ̂i(t)≡ κi,2 for all t ∈ [tk

0 , t]. Therefore,

V̇2(z, ε̄, ζ̄ )≤−
N

∑
i=1

(Ki−κi,2)vT
i vi ≤ 0, ∀[tk

0 , t]. (45)

For t > al + t, differentiating (37) along the trajectories of
(2) and substituting (35) and (36), one has

V̇2(z, ε̄, ζ̄ ) =−
1
2

N

∑
i=1

∑
j∈Ni

κi,3− γ̂i

γi
∇S1(ξi j)εi j(ξi j)‖xi j‖

−
N

∑
i=1

hi(κi,3− δ̂i)

δi
ζi(ξi)∇S2(ξi)(‖yi‖−ρi)

−
N

∑
i=1

hiρi(κi,3− ρ̂i)

δi
ζi(ξi)∇S2(ξi)

−
N

∑
i=1

(Ki−κi,3)vT
i vi,

(46)

where δ̂i(t) = ρ̂i(t) ≡ κi,3,∀t > al + t. Then, one can further
have

V̇2(z, ε̄, ζ̄ ) =−
1
2

N

∑
i=1

∑
j∈Ni

κi,3− γ̂i

γi
∇S1(ξi j)εi j(ξi j)‖xi j‖

−
N

∑
i=1

(Ki−κi,3)vT
i vi.

(47)

If one chooses γi0 < dsαi0eκi,3(t−t̄)/r̄l ,∀i, one can verify
that γ̂i < κi,3,∀i. In addition, one has ∇S1(ξi j)εi j(ξi j)‖xi j‖ ≥
0,∀(i, j) ∈ E . Therefore,

V̇2(z, ε̄, ζ̄ )≤ 0, ∀t > al + t. (48)

Combining (45) and (48), one can get that V2(z, ε̄, ζ̄ ) ≤
max{V2(z(tk

0), ε̄(t
k
0), ζ̄ (t

k
0)),V2(z(al +t), ε̄(al +t), ζ̄ (al +t))}≤

V ∗2 and thus

|ζi(ξi)| ≤ |ζ̄ | ≤
√

2V ∗2 ,∀i ∈ VL

and
|εi j(ξi j)| ≤ |ε̄| ≤

√
2V ∗2 ,∀(i, j) ∈ E ,

for all t ≥ tk
0 .

The remainder of the proof is similar to that of Theorem 1
and hence omitted. �
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