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Abstract— We consider the synthesis problem of a multi-
agent system under signal temporal logic (STL) specifications
representing bounded-time tasks that need to be satisfied
recurrently over an infinite horizon. Motivated by the lim-
ited approaches to handling recurring STL systematically, we
tackle the infinite-horizon control problem with a receding
horizon scheme equipped with additional STL constraints that
introduce minimal complexity and a backward-reachability-
based terminal condition that is straightforward to construct
and ensures recursive feasibility. Subsequently, we decompose
the global receding horizon optimization problem into agent-
level programs the objectives of which are to minimize local
cost functions subject to local and joint STL constraints. We
propose a scheduling policy that allows individual agents to
sequentially optimize their control actions while maintaining
recursive feasibility. This results in a distributed strategy that
can operate online as a model predictive controller. Last, we
illustrate the effectiveness of our method via a multi-agent
system example assigned a surveillance task.

I. INTRODUCTION

Various applications of multi-agent systems require agents
to undertake recurring tasks that must be executed over
an infinite time horizon. Examples include area coverage
in surveillance systems, traffic management in intelligent
transportation, smart harvesting in precision agriculture, and
more. Signal temporal logic (STL) [1] is an important
formalism for precisely defining, among others, a wide range
of such tasks. STL is equipped with quantitative semantics
[2], allowing one to capture the robustness of a formula,
roughly measuring the distance from the space of falsifying
system runs [3]. Although formulation and verification of
complex recurring multi-agent specifications are possible via
STL, control synthesis from STL becomes challenging as the
number of agents and the planning horizon grow.

A synthesis problem under recurring STL can be formu-
lated as

Minimize
u(0), x(0)

∞∑
t=0

ℓ(x(t), u(t)) (1a)

subject to x(t+ 1) = f(x(t), u(t)), x(0) = x0, (1b)
x(0) |= □[0,∞)ϕ, (1c)
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where ℓ : IRn × IRm → IR≥0 is a cost function, u(0) =
(u(0), u(1), . . .), x(0) = (x(0), x(1), . . .) are the optimiza-
tion variables denoting admissible input and state trajectories,
respectively, with x(0) representing an infinite run of the
system (1b) that is required to satisfy ϕ in (1c) at every time
step, with □ denoting the always operator and ϕ an STL
formula. This problem is computationally challenging and
hard to solve directly due to infinite memory requirements.

Intuitively, by iteratively solving a finite-horizon vari-
ant of (1) with a sufficiently large optimization horizon
and tracking past computations, a feasible input trajectory
u(0) can be constructed by collecting the first element of
the optimal solution from each iteration. Such a receding
horizon approach to addressing (1) recursively has been
proposed in [4] via mixed-integer programming (MIP) based
on binary encoding of STL constraints. The soundness and
completeness of this approach for STL formulas defined
over linear predicates have resulted in approaches to reactive
and robust model predictive control (MPC) of single-agent
systems under STL [5]–[8]. However, due to the complexity
increase caused by the use of binary variables [9], MIP-based
synthesis methods are problematic when dealing with large
or unbounded STL formulas and multi-agent settings.

To bypass complexity issues, the authors in [10] introduce
discrete average space robustness, which allows the formula-
tion of tractable optimization problems for control synthesis.
Robustness metrics of STL that fit receding horizon schemes
have also been proposed in [11], [12]. The appeal of a
receding horizon approach relies on the validity that all
iterations yield a solution. Although recursive feasibility is
well explored for classical control objectives [13], there exist
only few results in recursive feasibility of receding horizon
control under STL [14], [15].

Here, we address the control synthesis problem (1) of
a multi-agent system subject to a recurring STL specific-
ation, which expresses a bounded-time task that needs to
be satisfied recurrently over an infinite horizon, as per
(1c). We introduce a receding horizon scheme to attack
(1) iteratively and propose additional constraints and ter-
minal conditions that guarantee recursive feasibility enabling
an MPC implementation. Subsequently, we decompose the
receding horizon control problem into smaller agent-level
problems and propose a distributed receding horizon scheme
that iteratively addresses (1), preserving recursive feasibility.
This is facilitated by a scheduling policy that allows agents to
sequentially optimize their actions, adhering to the couplings
of the global STL formula.

The remainder of the paper is organized as follows. Our



MAS setup is introduced in Sec. II. The proposed receding
horizon scheme and its distributed version are in Sec. III.
A numerical example is in Sec. IV, whereas concluding
remarks are discussed in Sec. V.

II. PRELIMINARIES AND MULTI-AGENT SETUP

A. Notation

The sets of real numbers and nonnegative integers are
IR and IN, respectively. Let N ∈ IN. Then, IN[0,N ] =
{0, 1, . . . , N}. The transpose of ξ is ξ⊺. The identity matrix
is In ∈ IRn×n. The jth element of a vector a is denoted as
(a)j . Let x1, . . . , xn be vectors not necessarily of identical
dimensions. Then, x = (x1, . . . , xn) = [x⊺1 · · · x⊺n]⊺. We
denote by x(a : b) = (x(a), . . . , x(b)) an aggregate vector
consisting of x(t), t ∈ IN[a,b], representing a trajectory.
When it is clear from the context, we write x(t), omitting
the endpoint. Let xi(t), for t ∈ IN[0,N ] and i ∈ IN[1,M ].
Then, x(0 : N) = (x(0), . . . , x(N)) denotes an aggregate
trajectory when x(t) = (x1(t), . . . , xM (t)), t ∈ IN[0,N ]. We
denote by x(tτ ) the prediction of x(t + τ) carried out at
time t. We also denote by x(ta:b) the predicted trajectory
(x(ta), . . . , x(tb)). The halfspace representation of a convex
compact polytopic set is Y = {y | Gyy ≤ gy} with the
inequalities applied elementwise. The cardinality of V is
|V|. The Minkowski sum of S1 ⊆ IRn and S2 ⊆ IRn is
S1 ⊕ S2 = {s1 + s2 | s1 ∈ S1, s2 ∈ S2}. The Kronecker
product of A ∈ IRn×m and B ∈ IRp×q is A⊗B ∈ IRnp×mq .
The remainder of the division of a by b is mod(a, b).

B. Signal Temporal Logic

We consider STL formulas with syntax

ϕ := ⊤ | π | ¬ϕ | ϕ1 ∧ ϕ2 | ϕ1U[a,b]ϕ2, (2)

where π := (µ(x) ≥ 0) is a predicate, µ : IRn → IR
being a predicate function, and ϕ1, ϕ2 are STL formulas,
which are specified recursively using predicates π, logical
operators ⊤, ¬, and ∧, and the until temporal operator
U , with [a, b] ≡ IN[a,b]. Using the syntax in (2), we may
define ∨ (or), ♢ (eventually) and □ (always) operators,
e.g., ϕ1 ∨ ϕ2 = ¬(¬ϕ1 ∧ ¬ϕ2), ♢[a,b]ϕ = ⊤U[a,b]ϕ, and
□[a,b]ϕ = ¬♢[a,b]¬ϕ.

We denote by x(t) |= ϕ the satisfaction of the formula ϕ
defined over the trajectory x(t) = (x(t), x(t + 1), . . .). The
validity of an STL formula ϕ defined over a trajectory x(t) is
verified as follows: x(t) |= π ⇔ µ(x(t)) ≥ 0, x(t) |= ¬ϕ⇔
¬(x(t) |= ϕ), x(t) |= ϕ1 ∧ ϕ2 ⇔ x(t) |= ϕ1 ∧ x(t) |= ϕ2,
x(t) |= ϕ1U[a,b]ϕ2 ⇔ ∃τ ∈ t⊕IN[a,b], s.t. x(τ) |= ϕ2∧∀τ ′ ∈
IN[t,τ ],x(τ

′) |= ϕ1.
Based on the Boolean semantics introduced above, the

horizon of a formula is recursively defined as [1]: Nπ = 0,
N¬ϕ = Nϕ, Nϕ1∧ϕ2 = max(Nϕ1 , Nϕ2), Nϕ1 U[a,b]ϕ2 =
b+max(Nϕ1 , Nϕ2).

STL is equipped with quantitative metrics for assessing
the robustness of a formula [2]. A scalar-valued function
ρϕ : IRn×· · ·×IRn → IR indicates how robustly a trajectory
x(t) satisfies a formula ϕ. The robustness function is
defined recursively as follows: ρπ(x(t)) = µ(x(t)),

ρ¬ϕ(x(t)) = −ρϕ(x(t)),
ρϕ1∧ϕ2(x(t)) = min(ρϕ1(x(t)), ρϕ2(x(t))),
ρϕ1U[a,b]ϕ2(x(t)) = maxτ∈t⊕IN[a,b]

(min(Y1(τ), Y2(τ
′))),

with Y1(τ) = ρϕ1(x(τ)), Y2(τ ′) = minτ ′∈IN[t,τ]
ρϕ2(x(τ ′)),

π being a predicate, and ϕ, ϕ1, and ϕ2 being STL formulas.

C. Multi-agent system

We consider a multi-agent system (MAS) with discrete-
time dynamics written as in (1b):

x(t+ 1) = f(x(t), u(t)), (3)

where x(t) = (x1(t), . . . , xM (t)) ∈ X ⊂ IRn and
u(t) = (u1(t), . . . , uM (t)) ∈ U ⊂ IRm are aggreg-
ate state and input vectors, respectively, with xi(t) ∈
Xi ⊂ IRni , ui(t) ∈ Ui ⊂ IRmi , X = X1 × · · · ×
XM , U = U1 × · · · × UM , M being the number of
agents, and x(0) = x0 is the initial condition. We assume
that the agents are open-loop dynamically decoupled, i.e.,
f(x(t), u(t)) = (f1(x1(t), u1(t)), . . . , fM (xM (t), uM (t))),
with f(x(t), u(t)) : IRn × IRm → IRn and fi(xi(t), ui(t)) :
IRni × IRmi → IRni , i ∈ IN[1,M ].

Let V = IN[1,M ] be the set of agents’ indices. The MAS is
tasked with a recurring STL specification ψ = □[0,∞)ϕ, that
is, an STL specification, ϕ, which needs to be satisfied at
every time step t ∈ IN. The specification ϕ is a conjunctive
formula, where each conjunct is an STL task involving a
subset of agents ν ⊆ V . We call ν a clique. Let Kϕ be the
set collecting all cliques induced by ϕ. Then, the MAS is
subject to the recurring STL specification:

ψ = □[0,∞)ϕ, (4a)

ϕ =
∧

ν∈Kϕ

ϕν , (4b)

where a formula ϕν involves individual agents (represented
by one-agent cliques), pairs of agents (represented by two-
agent cliques), or groups of more than two agents (indicated
by multi-agent cliques), with |ν| = 1, |ν| = 2, or 2 < |ν| ≤
M , respectively. Let π := (µ(y) ≥ 0) be a predicate in
ϕ, with y ∈ IRny . The vector y ∈ IRny represents either
an individual state vector, xi ∈ IRni , i ∈ IN[1,M ], or an
aggregate vector, xν ∈ IRnν , collecting the state vectors of
agents in the clique ν ∈ Kϕ.

Remark 1 Under the formulation (4), there is no restriction
on the number of subtasks that are associated with a clique
ν ∈ Kϕ. In fact, ϕν is allowed to be any STL formula
consistent with the syntax in (2).

Assumption 1 We assume that the formulas ϕν , ν ∈ Kϕ,
have identical horizons which we denote as N .

Remark 2 Assumption 1 is not restrictive due to the recur-
ring structure of ψ. To see this, let, e.g., Kϕ = {ν′, ν′′}
and write ψ = □[0,∞)(ϕν′ ∧ ϕν′′). Let also Nϕν′ and
Nϕν′′ be the horizons of ϕν′ and ϕν′′ , respectively, with
N = max{Nϕν′ , Nϕν′′ }. Then, the satisfaction of ψ may



be enforced by satisfying ψ̂ = □[0,∞)((□[0,N−Nϕ
ν′ ]ϕν′) ∧

(□[0,N−Nϕ
ν′′ ]ϕν′′)), where the horizon of □[0,N−Nϕν ]ϕν is

N = N −Nϕν +Nϕν , with ν = {ν′, ν′′}.

D. Decomposition of STL formula ϕ

Let cl(i) = {ν ∈ Kϕ, ν ∋ i} be the set of cliques that
contain i, and assign a local STL formula to agent i as

φi =
∧

q∈cl(i)

ϕq. (5)

Let q ∈ cl(i), where q = (i1, . . . , i, . . . , iq′), with q′ + 1 =
|q|. Let a trajectory xq(t) = (xq(t), xq(t + 1), . . .), where
xq(t) = (xi1(t), . . . , xi(t), . . . , xiq′ (t)), with t ∈ IN, and
the order i1 < · · · < i < · · · < iq′ being specified by the
lexicographic ordering of the set V = IN[1,M ]. Then, we
denote by xq(t) |= ϕq the satisfaction of ϕq verified over
the aggregate trajectory xq(t).

Remark 3 Comparing (4b) and (5), one may easily verify
that x(t) |=

∧
i∈V φi implies x(t) |= ϕ.

III. MAIN RESULTS

A. Receding horizon control

In this section, we propose a receding-horizon variant
of (1) by incorporating additional constraints and terminal
conditions that enforce trajectories to exhibit a recurring
pattern. Next, we recall the following definitions.

Definition 1 For the system (3), we denote the precursor set
to a set S ⊂ X as follows

Pre(S) = {x ∈ IRn | ∃u ∈ U s.t. f(x, u) ∈ S}. (6)

Definition 2 (one-Step Controllable Set) For the admiss-
ible set X and a given target set S ⊆ X the one-step
controllable set C1(S) of the system (3) is defined as

C1(S) = Pre(S) ∩ X . (7)

The set C1(S) collects all the states of (3) that can be driven
to the target set S in one step. We will now introduce
a receding horizon version of (1) and state its recursive
feasibility property. At time t ∈ IN,

Min.
u(t0:N )

x(t0:N+1)

M∑
i=1

( N∑
k=0

ℓi(xi(tk), ui(tk)) + Vi(xi(tN+1))
)

(8a)

s.t. x(tk+1) = f(x(tk), u(tk)), k ∈ IN[0,N ], (8b)
(x(t−N + 1 : t− 1),x(t0:1)) |= ϕ, (8c)
...
(x(t− 1),x(t0:N−1)) |= ϕ, (8d)
x(t0:N ) |= ϕ, (8e)
x(t1:N+1) |= ϕ, (8f)

...
(x(tN+1),x(t1:N )) |= ϕ, (8g)

(x(t1:N ), x(t0)) |= ϕ, (8h)
...
(x(tN ),x(t0:N−1)) |= ϕ, (8i)
x(t0) = x(t), (8j)
x(tk), x(tN+1) ∈ X , u(tk) ∈ U , k ∈ IN[0,N ], (8k)
x(tN ) ∈ C1(x(t)), (8l)

where ℓi(xi(tk), ui(tk)), Vi(x(tN+1)), with ℓi : IRni ×
IRmi → IR≥0, Vi : IRni → IR≥0, represent agent-
level decomposition of the cost function in (1a), x(t) =
(x1(t), . . . , xM (t)), ϕ =

∧
ν∈Kϕ

ϕν , N is the horizon of
ϕ, and C1(x(t)) in (8l) is the one-step controllable set of
system (3). The constraints in (8c)-(8d) consider trajectories
composed of historical data, the current state and predicted
states, whereas the one in (8e) considers a trajectory ori-
ginating at x(t). The constraints in (8f)-(8g) enforce that
any trajectory consisting of N + 1 successive elements
of (x(t1:N+1),x(t1:N )) satisfies ϕ, whereas the ones in
(8h)-(8i) enforce that any trajectory consisting of N + 1
successive elements of (x(t1:N ),x(t0:N−1)) satisfies ϕ. Last,
the terminal condition in (8l) enforces recursive feasibility
(see Theorem 1), and the constraints in (8k) enforce safety
and input capacity constraints.

Remark 4 Given linear predicate functions, if binary en-
coding is employed as in [4], the constraints in (8f)-(8i)
require 2N additional binary variables.

Theorem 1 Let the optimization problem (8) be feasible at
t = 0. Then, it is feasible for all t ≥ 0.

Proof: See Appendix I.
An immediate consequence of Theorem 1 is stated next.

Corollary 1 Let problem (8) be feasible at time t = 0 and
denote a (not necessarily optimal) solution to it at time t ∈
IN by u∗(t0:N ) = (u∗(t0), . . . , u

∗(tN )). Then, by applying
u(t) = u∗(t0) to (3), x(t) |= ϕ for all t ∈ IN, or, x(0) =
(x(0), x(1), . . .), satisfies □[0,∞)ϕ, that is, x(0) |= ψ.

Remark 5 Constructing C1(x(t)) is challenging for non-
linear systems. As a remedy, we can replace the terminal
condition in (8l) with x(tN+1) = x(t) and eliminate the
redundant constraints in (8h)-(8i). This modification comes
at the cost of a more restricted single-point reachability
condition, but it maintains recursive feasibility.

B. Distributed receding horizon control

Next, we decompose the global control problem (8) into
agent-level problems while preserving recursive feasibility.
Our approach relies on the following assumption.

Assumption 2 A feasible solution to the problem (8) for t =
0 is known.



We are now ready to formulate the following optimization
problems for all i ∈ IN[1,M ]:

Min.
ui(t0:N )

xi(t0:N+1)

N∑
k=0

(
ℓi(xi(tk), ui(tk))

)
+ Vi(xi(tN+1)) (9a)

s.t. xi(tk+1) = fi(xi(tk), ui(tk)), k ∈ IN[0,N ], (9b)
(xq(t−N + 1 : t− 1),xq(t0:1)) |= ϕq, (9c)
...
(xq(t− 1),xq(t0:N−1)) |= ϕq, (9d)
xq(t0:N ) |= ϕq, (9e)
xq(t1:N+1) |= ϕq, (9f)
...
(xq(tN+1),xq(t1:N )) |= ϕq, (9g)
(xq(t1:N ), xq(t0)) |= ϕq, (9h)
...
(xq(tN ),xq(t0:N−1)) |= ϕq, (9i)
∀q ∈ cl(i),

xi(t0) = xi(t), (9j)
xi(tk), xi(tN+1) ∈ Xi, ui(tk) ∈ Ui, k ∈ IN[0,N ], (9k)
xi(tN ) ∈ C1(xi(t)). (9l)

The main idea for introducing (9) is to attack the global
problem, (8), by solving smaller agent-level problems in a
distributed fashion, while preserving recursive feasibility.

Lemma 1 Let Assumption 2 hold. Then, there is always an
admissible input sequence that renders (9) feasible for all
t ∈ IN and all agents i ∈ IN[1,M ].

Proof: At t = 0, let u(00:N ) = (u(00), . . . , u(0N )),
x(00:N+1) = (x(00), . . . , x(0N+1)) be a known feas-
ible solution to (8), with u(0τ ) = (u1(0τ ), . . . , uM (0τ )),
τ ∈ IN[0,N ], x(0τ ′) = (x1(0τ ′), . . . , xM (0τ ′)), τ ′ ∈
IN[0,N+1]. By feasibility at t = 0, there exist in-
puts ûi(N) such that fi(xi(0N ), ûi(N)) = xi(00),
i ∈ IN[1,M ]. One can, then, see that there al-
ways exist N + 1 successive elements in the sequence
(ui(00), ui(01), . . . , ûi(N), ui(00), ui(01), . . . , ûi(N)) that
lie in the feasible domain of (9) for all i ∈ IN[1,M ].

Lemma 1 states that the recursive feasibility property
of the optimization problem (8) is preserved even if we
decompose it into M agent-level problems (9). However,
simultaneously solving (9) for agents belonging to the same
cliques, ν ∈ Kϕ, becomes problematic, due to the difficulty
to address coupling constraints in parallel. As a remedy,
we propose a scheduling algorithm wherein only a subset
of agents can optimize their control inputs at a given time
step, whereas the remaining peers regress a feasible solution
from the preceding time step. The implementation of this
sequential scheduling gives rise to a distributed receding
horizon control policy, while ensuring recursive feasibility.

C. Distributed sequential model predictive control
Let O = {q ∈ V | ∀q′ ∈ V, cl(q) ∩ cl(q′) = ∅} be a

set consisting of indices of agents that are allowed to solve
their local problems (9) in parallel. Obviously, the set O
is not unique. We denote by O(t) ⊂ V the set of agents
selected at time t ∈ IN. We construct such a set as follows.
At each time t ∈ IN, we initialize O(t) by v(t) ∈ V , where
v(t) = mod(v(t − 1),M) + 1, with M = |V|. The time
dependence in v(t) indicates the choice of an agent from the
set V at time t. For example, let V = {1, 2, 3}. Then, we
initialize O(0),O(1), . . . by v(0) = 1, v(1) = 2, v(2) = 3,
v(3) = 1, and so forth, respectively. After initialization, by
going through the remaining M − 1 indices in V , following
a lexicographic order, we add an index q ∈ V to O(t) if
cl(q) ∩ cl(q′) = ∅ for all q′ ∈ O(t).

Procedure 1 At time t ∈ IN, if i ∈ O(t), an input sequence,
ui(t0:N ), is produced by solving Problem (9) (potentially
optimally). If i /∈ O(t), an input sequence, ui(t0:N ), is
constructed by the preceding time step, which is feasible for
Problem (9) (cf. Lemma 1).

Based on the sequential scheduling induced by the con-
struction of the set O(t), we are in a position to state the
following result and its immediate consequence.

Theorem 2 Consider Procedure 1 and let Assumption 2
hold. Then, (9) is recursively feasible for all i ∈ V .

Proof: The result relies on the construction of the set
O(t). Let ui(t0:N ), xi(t0:N+1) be feasible input and state
trajectories, respectively, obtained at time t ∈ IN by solving
(9) for i ∈ O(t). Note that xi(t0:N+1) does not affect the
feasibility of any Problem (9) corresponding to agent j /∈
O(t), with cl(j) ∩ cl(i) ̸= ∅. For such agents, a feasible
input sequence for time t may be constructed by the feasible
solution obtained in time step t − 1 (see proof of Lemma
1), which is known to all agents i ∈ O(t) at time t. Finally,
recursive feasibility follows by Lemma 1.

Corollary 2 Consider Procedure 1 and let Assumption 2
hold. Then, at each time t ∈ IN, there exist admissible local
inputs ui(t0), i ∈ IN[1,M ] synthesizing a multi-agent input
u(t0) = (u1(t0), . . . , uM (t0)). These inputs, when applied
to (3), yield a multi-agent state trajectory x(t) that satisfies
ϕ for all t ∈ IN, that is, x(0) |= ψ.

A distributed MPC scheme based on the scheduling al-
gorithm induced by the set O(t) and feasible solutions of
problems (9), denoted as u∗

i (t0:N ), x∗
i (t0:N+1), is imple-

mented as follows. At time t ∈ IN:
(S1) Agent i measures its local state and exchanges pre-

dictions on its receding-horizon state trajectory with
agents j ∈ V , where cl(j)∩ cl(i) ̸= ∅, as computed in
the previous time step.

(S2) If i ∈ O(t), agent i solves (9) obtaining u∗
i (t0:N ), and

implements its first component, i.e., ui(t) = u∗i (t0). If
i /∈ O(t), ui(t) = ui(t

′
1), with t′ = t− 1.

(S3) At time t+ 1, agent i repeats steps (S1) and (S2).



IV. NUMERICAL EXAMPLE

We exemplify our distributed control strategy using the
MAS example considered in [10, Sec. 6], which we augment
by collision avoidance among agents. The MAS consists
of three identical agents, with indices, V = {1, 2, 3}, with
global dynamics, x(t+ 1) = Ax(t) + Bu(t), where x(t) =
(x1(t), x2(t), x3(t)) ∈ IR12, u(t) = (u1(t), u2(t), u3(t)) ∈
IR6, with xi(t) ∈ IR4, ui(t) ∈ IR2, i ∈ IN[1,3], and

A = I6 ⊗
[
1 0.1
0 1

]
, B = I6 ⊗

[
0.005
1

]
. The vector

((xi)1, (xi)3) ∈ X denotes the position of agent i in X ,
where X = {ξ ∈ IR2 |

[
I2 −I2

]⊺
ξ ≤ (10, 10, 0, 0)}, the

vector ((xi)2, (xi)4) collects the respective velocities, and
the vector ui collects the accelerations of agent i, where
−20 ≤ (ui)j ≤ 20, with j ∈ IN[1,2], i ∈ IN[1,3].

The MAS is tasked with surveilling the area
X ⊂ IR2

≥0. This specification is expressed through
a recurring STL formula ψ = □[0,∞)ϕ, where
ϕ = ϕ1 ∧ ϕ2 ∧ ϕ3, with ϕ1 = ϕ11 ∧ ϕ12 ∧ ϕ13,
ϕ2 = ϕ21 ∧ ϕ22 ∧ ϕ23, ϕ3 = ϕ31 ∧ ϕ32. Specifically,
ϕ1 defines the admissible workspace, ϕ2 specifies the
surveillance task, and ϕ3 specifies collision avoidance,
with ϕ11 = □[0,30]∥((x1)1, (x1)3) − (5, 5)∥∞ ≤ 5,
ϕ12 = □[0,30]∥((x2)1, (x2)3)− (5, 5)∥∞ ≤ 5,
ϕ13 = □[0,30]∥((x3)1, (x3)3)− (5, 5)∥∞ ≤ 5,
ϕ21 =

(
♢[10,30]∥((x1)1, (x1)3)− (5, 9)∥∞ ≤ 1

)
∧(

♢[10,30]∥((x1)1, (x1)3)− (1, 5)∥∞ ≤ 1
)
,

ϕ22 =
(
♢[10,30]∥((x2)1, (x2)3)− (8, 8)∥∞ ≤ 1

)
∧(

♢[10,30]∥((x2)1, (x2)3)− (2, 2)∥∞ ≤ 1
)
,

ϕ23 =
(
♢[10,30]∥((x3)1, (x3)3)− (9, 5)∥∞ ≤ 1

)
∧(

♢[10,30]∥((x3)1, (x3)3)− (5, 1)∥∞ ≤ 1
)
,

ϕ31 = □[0,30]∥((x1)1, (x1)3)− ((x2)1, (x2)3)∥∞ ≥ 0.1,
ϕ32 = □[0,30]∥((x2)1, (x2)3)− ((x3)1, (x3)3)∥∞ ≥ 0.1.

To formulate local formulas, φi, as defined in (5), we
identify the set of cliques induced by the formula ϕ as Kϕ =
{1, 2, 3, (1, 2), (2, 3)}, and collect the cliques associated with
each agent in cl(1) = {1, (1, 2)}, cl(2) = {2, (1, 2), (2, 3)},
and cl(3) = {3, (2, 3)}. These yield local formulas φ1 =
ϕ1 ∧ ϕ12, φ2 = ϕ2 ∧ ϕ12 ∧ ϕ23, and φ3 = ϕ3 ∧ ϕ23, where,
ϕ1 = ϕ11 ∧ ϕ21, ϕ12 = ϕ31, ϕ2 = ϕ21 ∧ ϕ22, ϕ23 = ϕ32,
and ϕ3 = ϕ13 ∧ ϕ23. Next, based on the local formulas,
φi, i ∈ IN[1,3], we formulate local problems (9), where we
express infinity-norm-based constraints as conjunctions and
disjunctions of linear inequalities and formulate the entire
STL constraints in φi using binary encoding [4].

In our simulations, we select ℓ = ∥u(t)∥1, ℓi = ∥ui(t)∥1,
and Vi = 0 as global and local performance criteria, respect-
ively. We initiate the process by solving (8) for one iteration
and subsequently execute the distributed receding horizon
procedure (S1)-(S3), as detailed in the previous section.
Following the initial iteration, an optimization is performed
by either agent 2 alone or agents 1 and 3, determined by
the set O(t) ∈ {O1,O2}, for t ∈ IN, where O1 = {2} and
O2 = {1, 3}. The underlying mixed-integer linear programs
were formulated using the YALMIP toolbox in MATLAB
[16] and solved using the GUROBI solver [17].

Starting from the chosen initial conditions, our distributed
control strategy guides the MAS along a trajectory that
satisfies the recurring STL formula ψ, while respecting input
constraints, as shown in Fig. 2. Computational aspects for
the initial centralized iteration and the subsequent distributed
iterations are depicted in Fig. 1. To assess the robustness of
our method, we conducted simulations by introducing velo-
city perturbations to the MAS for an 80-time-step duration.
Despite these perturbations, the MAS effectively remains
within the permissible workspace, successfully fulfilling its
surveillance task, as depicted in Fig. 3. To verify both
simulations, we employed the robustness function detailed
in Sec. II-B, which remained nonnegative for most of the
simulation period. In addition, we performed simulations
in which we omitted the proposed terminal constraint. The
outcomes reveal that, given the chosen input constraints, the
MAS cannot successfully accomplish the surveillance task.
This underscores the key role of the terminal condition in
our control design.

10−0.2 100 100.2 100.4 100.6 100.8

Runtime (s)

Fig. 1: Runtime for computations on an i7-1185G7 CPU
at 3.00GHz. (Left) Distributed scheme. (Right) Centralized
scheme.

V. CONCLUSION

We have proposed a receding horizon control strategy to
address the infinite-horizon synthesis problem of a multi-
agent system under recurring STL specifications. To ensure
recursive feasibility and guarantee the integrity of the pro-
posed control scheme we have introduced additional con-
straints and terminal conditions that are easy to construct and
intuitive for schemes under recurring tasks. By decomposing
the global optimization problem into agent-level programs
we implement a scheduling policy that enables individual
agents to optimize their control actions sequentially. This
approach yields a distributed control strategy that enables
online operation, while preserving recursive feasibility. Our
method hinges on the feasibility of an initial iteration carried
out at the MAS level. Inspired by the proposed scheduling
policy and the decomposition approach, we aim to tackle the
problem in a fully distributed manner in future work.

APPENDIX I: PROOF OF THEOREM 1

We show recursive feasibility for t > N . The proof for
t ∈ IN[0,N ] is similar. Suppose that (8) is feasible at time
t > N , with optimal input sequence u∗(t0:N ) and optimal
state trajectory x∗(t0:N+1). By applying u(t) = u∗(t0),
the MAS is driven to x(t + 1) = f(x(t), u(t)) = x∗(t1).
Since x∗(tN ) ∈ C1(x(t)), there is an admissible input,
û(t + N), such that f(x∗(tN ), û(t + N)) = x(t). At
time t + 1, we design admissible input sequence, u((t +
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Fig. 2: Position and acceleration over a 13-second time horizon under the distributed receding horizon control scheme.
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Fig. 3: (Left) Nominal and perturbed trajectories. (Right) Accelerations under random perturbations in the velocity terms.

1)0:N ) = (u∗(t1:N−1), û(t + N), u∗(t0)), which yields
x((t + 1)0:N+1) = (x(t + 1),x∗(t2:N ), x(t), x(t + 1)),
which we check for feasibility. Constraints in (8c)-(8d),
which, for time t + 1, are written as (x(t − N + 2), x(t −
N + 3), . . . ,x∗(t1:2)) |= ϕ, (x(t − N + 3), x(t − N +
4), . . . ,x∗(t2:3)) |= ϕ, . . ., (x(t),x∗(t1:N )) |= ϕ, are
feasible by constraints in (8c)-(8e) corresponding to time t.
Constraint in (8e) for time t + 1, namely, x((t + 1)0:N ) |=
ϕ, which is written as (x∗(t1:N ), x(t)) |= ϕ, is identical
to the constraint in (8h) at time t, and, hence, is feas-
ible. Constraints in (8f)-(8g) at time t + 1 are written as
(x∗(t2:N+1), x

∗(t1)) |= ϕ, (x∗(t3:N+1),x
∗(t1:2)) |= ϕ, . . .,

x∗(t1:N+1) |= ϕ, which are identical to constraints in (8f)-
(8g) at time t, with a different order. Due to the choice of
x((t+1)N ) = x(t), constraints in (8h)-(8i) for the time step
t+1 are identical to constraints in (8f)-(8g) at time t+1, and,
hence, are feasible. Lastly, since x((t+ 1)N+1) = x(t+ 1),
x((t+ 1)N ) ∈ C1(x(t+ 1)) implying that constraint in (8l)
is feasible. This completes the proof.
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