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Abstract—Robotic fleets can be extremely efficient when work-
ing concurrently and collaboratively, e.g., for delivery, surveil-
lance, search and rescue. However, it can be demanding or even
impractical for an operator to directly control each robot. Thus,
autonomy of the fleet and its online interaction with the operator
are both essential, particularly in dynamic and partially unknown
environments. The operator might need to add new tasks, cancel
some tasks, change priorities and modify planning results. How
to design the procedure for these interactions and efficient
algorithms to fulfill these needs have been mostly neglected in
the related literature. Thus, this work proposes a human-centric
coordination and supervision scheme (HECTOR) for large-scale
robotic fleets under continual and uncertain temporal tasks. It
consists of three hierarchical layers: (I) the bidirectional and
multimodal protocol of online human-fleet interaction, where the
operator interacts with and supervises the whole fleet; (II) the
rolling assignment of currently-known tasks to teams within a
certain horizon, and (III) the dynamic coordination within a
team given the detected subtasks during online execution. The
overall mission can be as general as temporal logic formulas over
collaborative actions. Such hierarchical structure allows human
interaction and supervision at different granularities and trig-
gering conditions, to both improve computational efficiency and
reduce human effort. Extensive human-in-the-loop simulations
are performed over heterogeneous fleets under various temporal
tasks and environmental uncertainties.

Note to Practitioners—This work is motivated by the prac-
tical need for an operator to coordinate a large number of
heterogeneous and autonomous robots such as unmanned aerial
and ground vehicles, to accomplish complex collaborative tasks
such as patrol, delivery, search and rescue. Existing approaches
often assume that the fleet size is relatively small, and the tasks
are known beforehand, while neglecting the human interaction
during online execution. This paper proposes a human-centric
and hierarchical framework for online coordination and super-
vision of potentially dozens of robots. It allows the operator to
interact online with the fleet via lean communication, e.g., to
specify complex temporal missions, approve the formation of
teams with assigned tasks, monitor the progress of task execution,
potentially add new tasks and remove old tasks, and adjust
the priority of some tasks. The hierarchical planning scheme
decouples the formation of teams, the task assignment among
teams and the task coordination within each team. Human-in-
the-loop simulations suggest that the framework can be applied
to practical relief missions after disasters, where the operator
can coordinate and supervise large-scale fleets efficiently.

Index Terms—Multi-robot systems, human-centric coordina-
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Fig. 1. The considered scenario where a human operator coordinates,
interacts, and supervises a large robotic fleet via the proposed framework.
Online requests are specified via the designed interface and protocol (bottom-
left), such as adding or cancelling new temporal tasks, different priorities
and deadlines, or direct assignment of certain robots. The fleet reacts au-
tonomously to fulfill different tasks at different regions, both at the global
fleet-level (top) and the local team-level (bottom-right). In the simulated
case, 30 tasks and 450 subtasks are accomplished by 80 robots.

tion, task assignment, hierarchical planning.

I. INTRODUCTION

HETEROGENEOUS robotic fleets, combining ground and
aerial vehicles, are increasingly adopted for missions

that exceed the capabilities of individual robots [1], [2].
Concurrent operation improves efficiency, while collaboration
enables functions such as formation, cooperative transport,
and coverage [3], [4]. Despite these advantages, coordination
of large fleets remains a central challenge, especially for
missions with distributed subtasks requiring temporal and
spatial constraints [5]. The task allocation problem grows
combinatorially with fleet size and mission length [6]. Many
existing approaches compute assignments offline for static task
sets [7], but such assumptions are impractical for deployments
where objectives evolve or are canceled in real time. Dynamic
environments demand continual replanning, yet conventional
methods rapidly become intractable and unstable, often leading
to oscillatory allocations and degraded team performance [8].

Moreover, in practice, robotic fleets rarely operate in full
autonomy. As shown in Fig. 1, human operators frequently
supervise high-level decision-making, including mission spec-
ification, cancellation of outdated objectives, and adjustment
of task priorities [1], [9]. During execution, the operator
may need to monitor mission progress, inspect robot status,
reassign subtasks, or intervene under uncertainty [10]. Efficient
procedures for human–fleet interaction are therefore crucial to
ensure responsiveness and safety during operation. However,
most existing research either emphasizes fully autonomous



Fig. 2. The proposed human-centric framework for hierarchical coordination and supervision of robotic fleets, consisting of three main components: (I)
the interaction protocol and interface for four types of online requests (left); (II) the automata-guided task assignment and team formation (middle); (III)
three types of local coordination strategy for different tasks (right). Human requests, environment state and execution status are all updated online, for which
adaptations for tasks and motions are triggered at different granularities and conditions.

coordination [11] or restricts human–robot interaction to very
small teams [9]. Recent efforts highlight scalable approaches
to interactive fleet learning [8], but protocols and interfaces
for large heterogeneous fleets under dynamic and partially
unknown conditions remain largely unexplored.

To address these challenges, this work introduces HECTOR,
a unified framework for human-centric supervision and coordi-
nation of large-scale fleets in partially unknown and dynamic
environments. Team-wise collaborative missions are specified
and released online in response to observations during execu-
tion, so the distribution and requirements of tasks are revealed
only at runtime. As illustrated in Fig. 2, the framework em-
ploys a hierarchical hybrid architecture with three layers: (I) a
human–fleet interaction layer that converts online observations
into team-wise missions; (II) a task-assignment layer that de-
composes missions into collaborative tasks and allocates them
to composed teams using a receding-horizon strategy; and (III)
a local coordination layer that manages intra-team execution
through appropriate distributed strategies. The interaction pro-
tocol supports bidirectional and multimodal requests between
the operator and the fleet, including real-time visualization
and supervision. Collaborative missions are expressed as linear
temporal logic formulas over parameterized utility functions,
providing both generality and formality in specification. The
framework is fully online and adapts continuously to operator
inputs, external events, and runtime observations. Its efficiency
and robustness are validated through practical human-in-the-
loop simulations with large heterogeneous systems.

The main contributions of this work are twofold: (I) a
flexible and scalable framework enabling operators to interact
with and coordinate large-scale robotic fleets in uncertain
and dynamic settings; and (II) explicit treatment of practical
aspects such as heterogeneous capabilities, parameterized col-
laboration utilities, temporal task constraints, and variability
in the number and distribution of subtasks.

II. RELATED WORK

A. Task Planning for Robotic Fleets

Task planning in robotic fleets addresses the decomposition
of missions into subtasks and their allocation across robots or
teams. Surveys on multi-robot task allocation (MRTA) [12],
[13] have established taxonomies of problem structures, in-
cluding vehicle routing, scheduling, and coalition forma-
tion [14]. Centralized optimization methods such as MILP and
heuristic search [15] generate globally near-optimal solutions
and allow precise encoding of resource and time constraints,
but the combinatorial complexity makes them unsuitable for
large fleets or missions with dynamic updates. Decentralized
approaches improve scalability and resilience by distributing
decision-making, such as market-based auctions [16] that trade
computational effort for speed, and distributed optimization
frameworks [17] that enable concurrent negotiation among
agents. Approximate methods, including evolutionary algo-
rithms [18] and genetic search [19], reduce computational
overhead and can adapt to heterogeneous capabilities, but they
often sacrifice guarantees of feasibility or temporal optimal-
ity. Recent efforts emphasize hierarchical decomposition and
reactive coordination to improve scalability under dynamic
task streams, including decomposition-based hierarchical plan-
ning [20], [21] and real-time reactive allocation under temporal
logic [22]. Despite these advances, most approaches assume
static and fully known tasks at the planning stage. Efficient
solutions that adapt to the continual online task generation,
uncertainties in subtask number and distribution, and online
operator interventions remain open.

B. Complex Tasks as Temporal Logic Formulas

Temporal logic has emerged as a principled way to spec-
ify robotic missions that combine safety, temporal order,
and collaboration requirements. Probabilistic temporal logics
(PCTL) [23] enable reasoning about uncertainty in outcomes,



TABLE I
COMPARISON WITH RELATED WORK

Method Task
Specification

Online
Task

Uncertain/
Unknown
Subtasks

Human
Interaction

Dynamic
Constraints

Local
Coordination

STyLuS* [5] LTL ˆ ˆ ˆ
‘

ˆ

ScRATCHeS [21] CaTL ˆ ˆ ˆ
‘

ˆ

DecTree [22] LTL
‘ ‘

ˆ ˆ ˆ

cLTL` [26] cLTL ˆ ˆ ˆ
‘

ˆ

HieraTL [33] hLTL
‘ ‘

ˆ ˆ ˆ

Flow-based [34] Ordered ˆ
‘

ˆ ˆ ˆ

HULK [35] LTL
‘ ‘

ˆ
‘ ‘

HECTOR (Ours) LTL
‘ ‘ ‘ ‘ ‘

while LTL provides a rich language for describing sequential
objectives such as repeated patrolling, collaborative capture,
or persistent surveillance [5], [21], [24], [25]. Counting LTL
(cLTL) [26] extends this by capturing quantitative require-
ments, for instance requiring a minimum number of robots at
specific subtasks. Capability LTL [27], [28] address the time-
dependent capabilities of robots during execution. Hierarchical
LTL is proposed in [20] to further introduce structured anal-
yses and synthesis to improve efficiency. Centralized formu-
lations ensure completeness and optimality through sampling-
based search [5], automaton–system synchronization [24], and
MILP encoding of task constraints [21], [25], [26], [29], but
they face double-exponential growth with task and fleet size.
Decentralized methods address scalability through local coor-
dination [30], decision trees [22], partial-order analyses [31],
reactive synthesis [32], and hierarchical decoupling [33]. More
recent works emphasize dynamic reactivity by combining logic
specifications with scalable heuristics [21], [22], [28]. As
summarized in Table I, scalability in complex missions has
been addressed through mechanisms such as sampling [5],
capacity-based optimization [21], counting constraints [26],
decision tree [22], and flow-based construction [34]. Neverthe-
less, most aforementioned work overlook the online interaction
with human operators, and different types of local tasks
contained within the temporal mission, which in itself requires
coordination and adaptation. Such nested coordination raises
key challenges in retaining tractable computational complexity
while enabling coherent adaptation across multiple spatial,
temporal and organizational scales.

As the most relevant to this work, HULK [35] facilitates
continual task planning by modeling missions constraints as
posets. However, this approach necessitates reconstruction
whenever missions are modified online, limiting its online re-
sponsiveness. Furthermore, it fails to account for the interplay
between high-level coordination and low-level motion feasi-
bility, as well as the integration of human supervision during
execution. The proposed method addresses these shortcomings
by incorporating a human interaction protocol and an online
adaptation algorithm, further integrating dynamic constraints
into motion feasibility. Additionally, it enhances computational
efficiency by eliminating the need for poset reconstruction and
employing an automata-guided search instead.

C. Human-fleet Interaction

Beyond automated task planning, effective human-swarm
collaboration under uncertainty remains a central bottleneck,
especially in deciding when and how operators should vali-
date and intervene online [1], [9]. In practice, no universal
metric reliably predicts whether an autonomous plan will
remain operationally sound once execution begins, so human
expertise is essential for validating reasoning quality and mis-
sion viability. Human–swarm interaction emphasizes interface
design, situational awareness, and scalable mechanisms for
directing collectives [36]. Mixed-initiative approaches [37]
dynamically shift decision authority between humans and
autonomy, supporting conflict resolution and efficient replan-
ning in uncertain missions. Similar approaches are proposed
in [38], [39] to compute least violating plans. Scaled-autonomy
frameworks [10] extend this by allowing robots to modulate
the level of assistance provided to the operator based on task
load. Interactive fleet learning [8] integrates demonstration,
online supervision, and data aggregation to refine fleet policies
over time. However, many existing paradigms provide limited
support for online validation and intervention, often restricting
operators to static displays or post-hoc plans. In dynamic
settings, this can force a fallback to teleoperation, which scales
poorly with the fleet size due to increasing workload and
latency. Consequently, interaction protocols that enable sparse
and high-level oversight while preserving scalable autonomy
remain insufficiently addressed.

III. PRELIMINARY

A. Linear Temporal Logic (LTL)

Linear Temporal Logic (LTL) formulas are composed of
a set of atomic propositions AP together with Boolean and
temporal operators. Atomic propositions are Boolean variables
representing elementary facts in the system, which can be
either true or false depending on the state. The syntax [40]
is given as follows:

ϕ fi J | p | ϕ1 ^ ϕ2 |  ϕ | © ϕ | ϕ1 Uϕ2,

where J fi True, p P AP , © fi next, U fi until, and K fi

 J. Other operators such as l fi always, ♦ fi eventually,
and ñfi implication can be derived as abbreviations. LTL is
widely used in robotics for specifying high-level missions such
as “eventually visit region A and then always avoid region B.”

Formally, an infinite word w over the alphabet 2AP is
defined as an infinite sequence W fi σ1σ2 ¨ ¨ ¨ , with σi P 2AP .
The language of a formula ϕ is defined as the set of words that
satisfy it, namely L fiWordspϕq “ tW |W |ù ϕu, where |ù
denotes the satisfaction relation. A particularly useful subclass
is the co-safe formulas, which can be satisfied by a finite
sequence of words. They involve only the operators©, U, and
♦, and are expressed in positive normal form. This property
is advantageous in planning problems, since many practical
missions can be verified after a finite execution, avoiding the
need for reasoning over infinite traces.



B. Nondeterministic Büchi Automaton

Given an LTL formula ϕ, one can construct an equivalent
automaton that accepts exactly the set of words satisfying
ϕ. A common representation is the Nondeterministic Büchi
Automaton (NBA), defined as follows.

Definition 1 (NBA). A NBA B is a 5-tuple B fi

pQ, Q0, Σ, δ, QF q, where Q is the set of states; Q0 Ď Q
is the set of initial states; Σ “ AP is the set of alphabets;
δ : Q ˆ Σ Ñ 2Q is the nondeterministic transition relation;
and QF Ď Q is the set of accepting states. �

Given an infinite word w fi σ1σ2 ¨ ¨ ¨ , the resulting run [40]
within B is an infinite sequence ρ fi q0q1q2 ¨ ¨ ¨ such that
q0 P Q0, qi P Q, and qi`1 P δpqi, σiq hold for all i ě 0. A
run is accepting if it visits accepting states infinitely often, i.e.,
infpρqXQF ‰ H, where infpρq is the set of states that appear
infinitely often in the sequence of ρ. Such accepting runs
are commonly represented in a prefix–suffix form, where the
prefix reaches an accepting state, and the suffix is a cycle that
revisits this state infinitely. This construction is fundamental
in temporal-logic planning, but the size of B can grow double
exponentially with the length of ϕ, which poses scalability
challenges in complex missions.

IV. PROBLEM FORMULATION

A. Multi-robot Systems

Consider a team of N robots denoted by N fi t1, ¨ ¨ ¨ , Nu,
operating in a shared workspace W Ă R3. Each robot i P N
is characterized by its position xi P W , a reference veloc-
ity vi P R3, and a set of primitive actions Ai. A robot can
navigate freely in W according to vi, and can execute one
action from Ai at a time. The local plan of robot i is expressed
as a sequence of timed actions:

τi fi pt
1
i , p

1
i , a

1
i qpt

2
i , p

2
i , a

2
i q ¨ ¨ ¨ , (1)

where t`i ě 0 denotes the time instant; p`i P W the goal
position; and a`i P Ai the action to be executed. Thus,
robot i navigates to p`i with velocity vi and initiates action a`i
from time t`i , for all ` ě 1. This representation encodes
both mobility and task execution, which allows the fleet to
be described as a set of inter-dependent and timed action
sequences that must be coordinated at scale.

B. Online Requests from Human Operator

During execution, the operator can adapt the behavior of
the fleet through online requests, which may introduce new
missions or modify existing ones. Unlike offline formulations
that assume static task sets, here the requests are treated
as dynamic events that evolve over time and directly affect
planning decisions. Four different types of requests are defined
with explicit parameters as follows.

(I) A new mission can be released at time t ą 0 defined as
κ1ptq fi pϕt, tq, where

ϕt fi sc-LTLpωtq, (2)

is a syntactically co-safe LTL specification over the set of
collaborative tasks ωt fi tω1, ¨ ¨ ¨ , ωMt

u. Each collaborative
task ωm is defined as:

ωm fi

´

Sm, ηm,
 

pnj , aj , sjq, j “ 1, ¨ ¨ ¨ , Jm
(

¯

, (3)

where Sm Ă W is the region of execution; pnj , aj , sjq is a
subtask requiring at least nj robots to perform action aj at
location sj ; and Jm is the number of subtasks. The function
ηm : NˆAˆ 2N Ñ R` defines the estimated duration, i.e.,
ηmpnj , aj ,Njq gives the completion time if subteam Nj Ď N
executes action aj at sj . The logical composition of tasks
follows the syntax in Sec. III-A, and satisfaction is defined
through the relation |ù. Thus, the missions accumulate as
ϕt fi tϕt` , @t` ď tu. Note that uncertainty is inherent: both
the number of subtasks Jm and their locations tsju may be
unknown at release, requiring redundancy in team formation
and adaptive coordination during execution.

Remark 1. The task definition in (3) differs from cLTL-based
formulations in [26] in two aspects: (I) both task locations and
the number of subtasks may be uncertain, and (II) the subtask
duration depends on the assigned robots, rather than being
instantaneous [31]. These extensions better reflect real-world
missions such as search and rescue, where the environment
reveals subtasks progressively. �

Remark 2. The duration function ηmp¨q typically saturates,
where the marginal benefit of adding robots decreases with
team size. This property is widely adopted in generic task
models [1], [2], [41], yet it is often neglected in temporal-
logic planning [5], [20], [21], [22], [25], [28]. Capturing this
effect is crucial to avoid over-allocation and to ensure efficient
use of heterogeneous resources. �

(II) Previous missions can be cancelled by κ2ptq fi tϕt`u,
where ϕt` P ϕt is the mission that has not yet been completed
and should be cancelled. This captures the practical need
to revoke outdated or invalid goals without disrupting other
ongoing tasks and plans.

(III) Deadlines and priorities of existing missions can be
modified by κ3ptq fi tpϕt` , d

‹
` , w

‹
` qu, where ϕt` P ϕt is

the mission to be modified, d‹` ą 0 is the updated deadline,
and w‹` ą 0 is the revised priority. This reflects the ability
of the operator to shift focus between competing objectives
depending on urgency and available resources.

(IV) Robots may be reassigned across missions manually
by κ4ptq fi tpN`, ϕt`qu, where the subset of robots N` Ď N
should be assigned to mission ϕt` P ϕt. This allows explicit
operator control over resource allocation in situations where
autonomous assignment may not match human intent.

Thus, the evolving set of operator requests up to time t ě 0
is denoted by the set below:

Kptq fi
 

κ1ptq, κ2ptq, κ3ptq, κ4ptq
(

, (4)

where fulfilled requests are removed upon completion. This
formulation enables a closed-loop interaction in which opera-
tor input and autonomous planning mutually adapt over time.



Fig. 3. The proposed protocols for human-fleet interaction: the human
command and intervention module (left); the task decomposition and planning
modules (right); and the visualization module (middle).

C. Problem Statement

Given the mission specifications in (2) and additional op-
erator requests in (4), the overall objective is to synthesize
collective plans in (1) such that the average mission response
time is minimized, i.e.,

mintτiu

ř

ϕt`
Pϕt
ptf` ´ t`q

|ϕt|
, (5)

where t` and tf` denote the release and completion times of
mission ϕt` . This objective explicitly measures the respon-
siveness of the fleet, which is critical in dynamic and safety-
critical environments such as disaster relief or surveillance.
All operator requests in Kptq must be satisfied during plan-
ning and execution as described earlier, ensuring that human
interventions are seamlessly integrated into the autonomous
coordination framework.

Remark 3. The problem combines temporal missions with
online operator requests, via introducing cancellations, priority
updates and uncertain subtasks. Centralized MILP [13], [15]
and decentralized market-based methods [16], [17] typically
assume static tasks, while temporal-logic approaches [5], [24],
[26] focus on fixed specifications. Existing frameworks for
human–fleet interaction [1], [10] also target simpler settings,
leaving the proposed problem insufficiently addressed. The
integration of temporal-logic missions, dynamic operator re-
quests, and large-scale multi-robot coordination therefore rep-
resents a significant gap that this work aims to fill. �

V. PROPOSED SOLUTION

The proposed solution consists of three main components
as shown in Fig. 2: (I) the protocol and interface of human-
fleet interaction, along with the hierarchical coordination and
communication in Sec. V-A; (II) the receding-horizon task
planning algorithm that assigns tasks to subteams of robots
given the global mission specification and constraints on the
resources in Sec. V-B; (III) the local coordination algorithm
that assigns subtasks to robots during online execution in
Sec. V-C. The synergy and adaptation of these components
are triggered by online observations, human requests and
execution status. For clarity, a table of key variables in this
work is provided in the Appendix.

Fig. 4. Integrated interface for human-fleet interaction, which includes
scenario visualization (top-left), temporal ordering of subtasks (top-middle),
panel to specify operator requests (top-right), local plans and execution
progress for teams and robots are visualized online (bottom).

A. Protocol and Interface of Human-fleet Interaction

This section introduces the communication and coordination
framework that enables online human–fleet interaction. It first
presents the protocol that maps operator requests to system
modules, then describes the graphical interface that supports
multimodal inputs and visual supervision, and finally outlines
the hierarchical communication structure between the operator,
team leaders, and team members.

1) Protocol for Online Requests: The communication pro-
tocol links the four operator request types in (4) to the
interaction module. As shown in Fig. 3, when a new mis-
sion is issued through request κ1, the input is provided via
voice, text, or templates, processed by the “task command
module” and forwarded to the “task decomposition module,”
which generates a sc-LTL specification with spatial-temporal
constraints for the planning pipeline. Requests for cancellation
κ2, task modification κ3, and robot reassignment κ4 are
processed by the “human intervention module,” which updates
active missions and resources, passing changes to the “task
allocation and planning module.” Ongoing executions that
cannot be interrupted are preserved. The protocol ensures
closed-loop communication, where upward flows transmit
operator directives to the planning logic and downward flows
provide feedback on planning results, execution progress, and
environmental changes. This feedback is visualized via the
“visualization and supervision interface,” displaying allocation
maps, task graphs, and execution timelines. This setup ensures
that operator interventions are executed and monitored in real-
time throughout the mission lifecycle.

2) Design of Graphical Interface for Online Interactions:
The graphical interface in Fig. 4 integrates the online inter-
action protocol with real-time visualization, linking operator
inputs to the corresponding modules. On the right panel, the
operator can release new missions through text, templates or
voice, which are processed by the task command module to
fulfill request κ1. The same panel allows cancellation and
priority updates, routed to the human intervention module for
requests κ2 and κ3. Robot reassignment for request κ4 is
also supported. Responses are reflected in multiple interactive
panels: the scene map displays task distribution, robot posi-
tions and trajectories; the mission panel shows the decomposed
task graph and LTL formulas; and Gantt charts summarize
task allocations and execution progress both for teams and



robots. This interface closes the loop between human input,
intermediate results and fleet execution, enabling transparent
supervision and efficient adaptation.

3) Hierarchical Coordination and Communication: The
communication architecture follows a hierarchical structure
that mirrors the organization of the fleet. At the top level, the
operator interacts with designated team leaders through the
task command and intervention modules, issuing high-level
missions, modifying specifications, and adjusting deadlines or
resource allocations [42]. Each team leader translates these
directives into concrete plans for its team, forming subgroups
when necessary and allocating robots to subtasks according
to capabilities and availability [36]. At the lower level, team
members communicate directly with their leader to receive
local assignments and report execution status, enabling rapid
coordination without overwhelming the operator with low-
level details. This structure improves scalability by limiting
communication overhead and enhances robustness by isolating
local replanning within teams, while maintaining consistency
since operator requests are propagated downward and execu-
tion feedback is aggregated upward in a structured manner.

B. Task Assignment and Team Formation

1) Simultaneous Task Decomposition and Team Assign-
ment: Existing work on task coordination for multi-robot
systems under temporal logic specifications often relies on
the synchronized product between the task automaton Bϕt

and the global system model, which is constructed as the
product of all local robot models [24], [25]. This approach
guarantees correctness but suffers from double-exponential
growth in computational complexity. To mitigate this chal-
lenge, several methods have been proposed, including local
coordination [30], decision trees [22], distributed sampling [5],
hierarchical decoupling [33], and partial-order analyses [31].
Although these methods improve scalability in static environ-
ments, they are not suitable for open-world scenarios where
new tasks may be triggered online. In such settings, re-
computation of the entire system model would be required
after each update, which invalidates previously computed
results and leads to inefficiency.

Consider the Büchi automaton Bϕm fi

pQm, Qm0 , Σm, δm, QmF q associated with the mission
specification ϕm P Φt, where Φt fi tϕ1, ¨ ¨ ¨ , ϕMu is the set
of missions known at time t ą 0 and M fi t1, ¨ ¨ ¨ ,Mu.
Moreover, the fleet is divided into K teams denoted by
Ck Ă N and K fi t1, ¨ ¨ ¨ ,Ku, of which the exact value of K
is to be decided. Each team Ck is defined not by a fixed set
of robots but by its composition, i.e., the available number
of each robot type with associated capabilities. Denote by
tΓk, k P Ku the local plans of teams tCku as the sequences
of tasks to be accomplished.

Problem 1. Given the mission specifications ϕm P Φt,
determine the optimal number of teams K, the composition
of each team tCku, and the local plans tΓku such that: (I) the
tasks can be executed by the assigned team under the temporal-
logic constraints and the robot capacity constraints; and (II)
the execution time for missions is minimized as in (5). �

 

Fig. 5. Illustration of the automaton-guided search tree, where the node
expands over not only the local plans of each team tΓk, k P Ku, but also
the progress of each mission t pQm, m P Mu. The leaf nodes of complete
assignments may correspond to different number of teams.

The search structure is organized as a tree T fi pV,Ñq,
where V fi tνu is the set of nodes, and ÑĂ VˆV defines the
edges. Each node ν fi ptΓk, k P Ku, t pQm, m PMuq contains
two components: the partial local plans of all teams tCku and
the sets of current reachable states in Bϕm for all missions
ϕm P Φt. The root node is ν0 fi pH, t pQ0

m, m P Muq.
As summarized in Algorithm 1 and illustrated in Fig. 5, the
proposed procedure consists of the following four stages.

(I) Selection. A set of P ą 0 candidate nodes is selected
for parallel expansion, i.e., VP fi tν‹1 , ¨ ¨ ¨ , ν

‹
P u, where ν‹p fi

argmin-pνPV tχpνqu for p “ 1, ¨ ¨ ¨ , P . The value function
χ : V Ñ R` is defined as:

χpνq fimax
kPK

tTku ` η1

ÿ

kPK
Ck

` η2

ÿ

mPM
wm min

qmP pQm

ψpqm, Q
m
F q,

(6)

where η1, η2 ą 0 are weighting parameters; wm denotes
the preference weight associated with mission ϕm, reflecting
human-specified priorities; Tk ą 0 is the ending time of the
local plan Γk; Ck ą 0 is the estimated cost of Γk; and
ψpqm, Q

m
F q ą 0 returns the length of the shortest path from

state qm to any final state in QmF . The first term measures
the makespan of the current assignments, the second term
estimates the overall cost, and the third term accounts for the
overall progress of missions.

Remark 4. Parameters η1, η2 ą 0 above regularize the search
process, i.e., η1 penalizes nodes with equal makespan based on
cost, while η2 prioritizes nodes with greater mission progress
via ψ. These weights ensure makespan minimization while
improving the search efficiency, with their impact primarily
on convergence rate rather than optimality. �



Moreover, given a node ν P VP and the associated local
plans tΓku, the capacity constraints of each team k P K under
the updated assignment are given by:

Ck fi

´

 

pβjk, a
jq, aj P ωjk

(

, @ωjk P Γk

¯

, (7)

which specifies the minimum number of robots βjk ą 0 to
perform action aj P A for each assigned task ωjk P Γk.
This requirement provides actions and counts, without bind-
ing specific robots, and thereby decouples assignment from
scheduling. Moreover, if the capacity constraints above exceed
the overall fleet capacity, i.e., the following condition:

ÿ

kPK
βjk ď

ÿ

iPN
1paj P Aiq, @aj P A; (8)

is violated, where the left-hand side is the required capacity
and the right-hand side is the available fleet capacity. Then
this node is marked infeasible and excluded from the set VP .

(II) Expansion. Each selected node ν‹h P VP is expanded by
assigning an additional task to one team. The set of candidate
tasks is defined as below:

Ω´ν‹h
fi

ď

mPM

!

ω P Σm
ˇ

ˇ Dqm P pQm : δmpqm, ωq P Q
m
)

, (9)

where ω is an atomic task symbol from the alphabet Σm and
δm : QmˆΣm Ñ 2Q

m

is the transition function of the Büchi
automaton Bϕm . Thus, a candidate task must enable a valid
state transition for at least one automaton Bϕm . For each ω P
Ω´ν‹h

, a child node is created by augmenting the local plan Γk
of team Ck with ω, namely:

ν` fi

´

tΓ1, ¨ ¨ ¨ ,Γ
`
k , ¨ ¨ ¨ ,ΓKu, t

pQ`mumPM

¯

, (10)

where Γ`k appends ω to Γk; the task set Ωk within Γk is up-
dated by adding ω; and pQ`m fi tδmpqm, ωq | qm P pQmu is the
updated set of reachable states for mission ϕm. Consequently,
the edge pν‹h, ν

`q is inserted into the search tree T. If no
valid and feasible transition exists, then Ω´ν‹h

“ H and the
node cannot be expanded. In addition, a new team pK ` 1q
can be created first by specifying its composition; a candidate
task ω P Ω´ν‹h

is then assigned to it, and its capacity constraints
CK`1 are computed by (7). Hence, task assignment and team
formation emerge naturally during the search.

More importantly, after assigning task ω to team k P K,
denoted by ω`k, the associated capacity constraint Ck for this
team is updated as follows:

βjk fi max
ajPω`

kPΓk

tnju, @a
j P A; (11)

i.e., the maximum number of robots βjk required for each
action aj across the sequence of tasks ωLk

k . The related ending
time is updated by:

tepω
`
kq fi max

ωjPPrepω`
kq

 

tepωjq
(

` TnavpS
`´1
k , S`kq ` Texecpω

`
kq,

(12)

where tepω
`
kq is the estimated ending time of ω`k P Γk;

Prepω`kq is the set of assigned tasks; and TnavpS
`´1
k , S`kq is

the estimated navigation duration between regions.

Algorithm 1: Simultaneous Task Decomposition and
Team Assignment
Input: Φt “ tϕ1, ¨ ¨ ¨ , ϕMu, automata tBϕm

u, fleet N .
Output: Teams K, capacities tCku, plans tΓku.

1 Initialize T “ pV,Ñq, V “ tν0u;
2 while not terminated do

/* Selection */
3 VP Ð tν‹1 , ¨ ¨ ¨ , ν

‹
P u by χpνq in (6);

4 Initialize Ck for all k P K via (7);
/* Expansion */

5 foreach ν‹h P VP do
6 Obtain Ω´ν‹h

by (9);
7 foreach ω P Ω´ν‹h

do
8 if add new team then
9 Create CK`1, set ΓK`1 “ H;

10 Update K;
11 foreach team k P K do
12 Generate ν` by adding ω to Γk as (10);
13 Update pQ`m for all m;
14 Add pν‹h, ν

`q to T;
15 Update Ck via (11);
16 Update tepω`kq via (12);
17 if (8) violated then mark ν` infeasible;

/* Bounding */
18 foreach ν P V do
19 Compute ζpνq by (13);
20 Prune dominated nodes by (14);

21 Update V by (15);
/* Termination */

22 Compute V‹ by (16), select ν‹K‹ by (17);
23 return Optimal K, tCku, tΓku;

(III) Bounding. To reduce unnecessary exploration, each
node is evaluated through a performance profile that retains
detailed information about the plans of all teams and the
progress of all missions, i.e.,

ζpνq fi
”

tTku, tCku,
!

min
qmP pQm

ψmpqm, Q
m
F q,m PM

) ı

,
(13)

where Tk is the ending time of Γk; Ck is the estimated cost of
Ωk; and the last term ψmp¨q measures the minimum distance
from the current automaton states pQm to the accepting set QmF
for each mission ϕm. The profile ζpνq has dimension p2K `

Mq and is non-negative. Given two nodes ν1 and ν2, node ν1

is said to dominate node ν2 if the following holds:

ζpν1q ď ζpν2q, and ζpν1q ‰ ζpν2q, (14)

where the inequality is understood element-wise across the
vector in (13). Thus, node ν1 has no larger makespan or
cost for any team, and no less mission progress for any
specification, with strict improvement in at least one entry.
In this case, node ν2 is marked as dominated and excluded



from expansion. The set of all non-dominated nodes is the set
of frontiers, defined as follows:

V fi
 

ν P V
ˇ

ˇ E ν1 P V : ν1 dominates ν
(

, (15)

which is updated whenever a new node is added. This bound-
ing procedure maintains only V as candidates for expansion,
ensuring that strictly inferior nodes are pruned and that the
search focuses on promising branches of the tree T.

(IV) Termination. The stages of selection, expansion, and
bounding are repeated until the computation budget is ex-
hausted or no new non-dominated nodes emerge. The current
set of frontier is V from (15), and the subset of complete
assignments is given by:

V‹ fi
 

ν P V
ˇ

ˇ p pQm XQ
m
F q ‰ H, @m PM

(

, (16)

where the accepting set is reached for all missions. Thus, the
optimal node is selected among these assignments, i.e.,

ν‹K‹ fi argminνPV‹ tχpνqu, (17)

with χpνq from (6). The associated capacity constraints tCku
and the global assignment are specified by the resulting
plans tΓku together with execution times.

Example 1. As illustrated in Fig. 5, given ω1, ω2, ω3, ω4, ω5

in the mission automata tBϕm
u, the node ν‹K‹ assigns 5 tasks

to 3 subteams and the optimal K‹ “ 3. Thus the local plans
are given by executing ω3 after ω1 for team one; ω4 after ω2

for team two; and task ω5 for team three. �

Last but not least, due to the dynamic nature of the
environment, a receding-horizon strategy is adopted for the
task assignment. Thus, the search is paused when the number
of assigned tasks for the fleet reaches the horizon H ą 0
as a user-defined hyper-parameter, and is resumed at the
next planning cycle as described in the sequel. Note that
the horizon H balances the batch-assignment efficiency and
the online responsiveness. A small H results in fragmented
task sequences and frequent replanning, which under-utilizes
its capability to optimize large task sets. Conversely, an
excessively large H increases computational redundancy and
may induce oscillation in dynamic environments, as long-term
commitments are often invalidated by online mission updates.
This trade-off is evaluated empirically in Sec. VI.

Remark 5. The framework presented above offers several
advantages over existing approaches [5], [24], [25], [33],
[31], [35]: (I) it circumvents the explicit construction of the
synchronous product between the Büchi automaton, the robot
models as transition systems, and the global product, which
is prohibitively large in multi-robot settings; (II) the search is
both anytime and complete, in contrast to mixed-integer linear
programming methods that often require long solving times
without intermediate feasible outputs; (III) it is well suited to
partially known and dynamic environments where missions are
triggered online, since a new specification can be incorporated
by introducing its reachable state set pQk without interfering
with existing missions; (IV) the stages of node selection and
expansion can be carried out in parallel, enabling efficient
scaling to large teams and complex mission sets; (V) the

node construction and expansion above differ from the poset-
based methods in [31], [35]. Instead of using partial orders,
each node ν above maintains the sets of reachable states pQm
for each mission automaton, allowing task decomposition and
team assignment simultaneously. This approach eliminates the
re-computation for global posets, enabling faster integration of
online missions and reducing overhead pre-processing. More
numerical comparisons are given in Sec. VI. �

Correctness and completeness of the simultaneous task de-
composition and team assignment algorithm above is provided
below. Particularly, it is shown that the completeness and opti-
mality hold in the static and known case with the full horizon.
Moreover, in the online receding-horizon case, the algorithm
can still ensure correctness and feasibility, while scalability
and adaptability are evaluated empirically in Sec. VI. Proofs
are provided in the Appendix.

Theorem 1. Consider an instance of Problem 1 with fleet N
and mission set Φt. Suppose all missions are known a priori
and the planning horizon H is larger than the total number
of admissible tasks. Then, the team plans tΓku generated by
Alg. 1 satisfy: (I) all temporal constraints encoded in the
mission automata tBϕm

u hence all mission specifications; and
(II) all capacity constraints in (7)–(8). Moreover, whenever
feasible plans exist, Alg. 1 returns the feasible plan that
minimizes the makespan objective in (6).

Lemma 2. Under online mission release and the receding-
horizon replanning with H ă |Ω|, Alg. 1 guarantees that the
computed partial plan ν is consistent with the active missions.
Moreover, each time a new mission is added, the updated
partial plan after adaptation can still preserve satisfaction
under the event-triggered adaptation scheme.

2) Capacity-based and Redundancy-aware Team Forma-
tion: Given the optimal team–task assignment ν‹K‹ , the com-
position of each team remains to be determined. In particular,
the capacity constraints derived earlier specify only the aggre-
gate requirements for each team, i.e., the minimum numbers
of robots with specific capabilities. The actual formation of
teams requires allocating individual robots to these abstract ca-
pacities while respecting disjoint membership and redundancy
margins. This problem is formulated as follows.

Problem 2. Given the assignment ν‹K‹ and the fleet N ,
determine the team formation N “ tN1, ¨ ¨ ¨ ,NK‹u, where
Nk is the set of robots assigned to team Ck. Each team
must satisfy the required capacities, and membership must be
disjoint, i.e., Nk1 XNk2 “ H for k1 ‰ k2. The objective is to
minimize the overall response time as defined in (5), thereby
ensuring efficient execution of all assigned tasks. �

The team formation problem is addressed using a
redundancy-aware mixed-integer linear programming (MILP)
formulation. This formulation explicitly enforces the capacity
constraints of each team, while also incorporating redundancy
margins that allow flexibility in resource allocation. The ap-



Fig. 6. Illustration of the capacity-based and redundancy-aware team forma-
tion. Given the task assignment ν‹

K‹ , the team formation tN1, ¨ ¨ ¨ ,NK‹u

are the determined optimally under the redundancy margin in (18).

proach can be summarized in two key components.
(I) Capacity constraints. Binary decision variables bik P

t0, 1u are introduced to indicate whether robot i P N is
assigned to team Ck. For each action aj P A required by
team Ck, the number of assigned robots must satisfy a lower
bound and an upper bound as follows:

βjk ď
ÿ

iPN
bik 1pai “ ajq ď βjkαj , (18)

where βjk is the minimum number of robots required to
perform action aj , and αj ě 1 is a redundancy margin
introduced as in Remark 6. The inequality above ensures
that team Ck is always sufficiently staffed to satisfy the task
requirements, while still allowing limited redundancy given
available resources within the fleet. Together, these constraints
provide a trade-off between feasibility, efficiency and robust-
ness for the team formation.

Remark 6. The margin tαju above accounts for (i) uncer-
tainty in the effective workload of tasks such as unknown
subtasks revealed online, and (ii) robot failure or unavail-
ability during execution. In practice, they are selected as a
small safety factor above 1 and increased when subtask-count
uncertainty or failure rate is higher. Larger tαju improves
robustness but may reduce efficiency by reserving additional
robots; smaller tαju yields higher utilization but can be less
resilient to uncertainty and failures. �

(II) Min-max objective. The second component is to min-
imize the response time across all teams. For each robot i
potentially assigned to team Ck, the expected arrival time at
the first task region S1

k is tik fi pti ` Tnavppxi, S
1
kq, where pti is

the time when robot i becomes available and pxi is its position
at that time. Once robots are assigned, the execution cost of
team Nk is given by Jpkq fi maxiPNk

ttiku`
ř

ωPΓk
Texecpωq,

where the first term captures the synchronization delay of
the slowest robot, and the second term aggregates execution
times. The global objective is then min tmaxkPKJpkqu, which
minimizes the worst-case response time across all teams. This
reflects the fact that overall mission efficiency is determined
by the slowest team to complete its tasks.

The above formulation constitutes a MILP problem, which
can be solved by off-the-shelf solvers such as GLOP [43]. The
solution provides the optimal binary assignment tbiku, from
which the team formation N is derived. Specifically, the team
formation is given by Nk fi ti P N | bik “ 1u, which defines

the robots in team Ck. In addition, the local plan of each robot
i P Nk can be generated as a timed sequence of tasks, i.e.,

ξi fi pS
1
k, ω

1
kqpS

2
k, ω

2
kq ¨ ¨ ¨ pS

Lk

k , ωLk

k q, @i P Nk; (19)

where ω`k is the `-th task in team Ck; S`k is the associated
region; and Lk is the number of tasks. This ensures that
each robot has a concrete plan consistent with both the task
assignment of its team and the global mission specification.

The redundancy-aware team formation is formulated as
a MILP with binary membership variables bik P t0, 1u,
where i P N and k P t1, ¨ ¨ ¨ ,K‹u. This formulation intro-
duces Op|N |K‹q integer variables and Op|A|K‹q capacity
constraints in (18). While NP-hard in the worst case, the value
of K‹ is small in this context, ensuring that the solve time
remains manageable. The best incumbent feasible formation
can be returned under a limited planning time. In case of
no feasible solutions, a greedy capacity-filling heuristic is
employed as a fallback. Note that this team-formation MILP
is significantly smaller than the direct robot-to-subtask as-
signment method without the hierarchical structure [26], [29].
More numerical comparisons can be found in Sec. VI.

Example 2. Fig. 6 shows the team formation induced by
the optimal task assignment ν‹K‹ , i.e., coalitions tCkuK

‹

k“1. In
particular, the team N1 “ t2, 4, 6, 7, 9u executes ω2ω3ω6ω8;
the team N2 “ t3, 8, 15, 14, 13u executes ω1ω5; and the team
NK‹ “ t5, 10, 11, 17, 19, 18u executes ω9ω11ω10. �

C. Local Task and Trajectory Coordination within Teams

Given the optimal assignment ν‹K‹ , the local task plan τ i of
each robot i P Nk is derived as in (19). Each robot i navigates
to region S`k to start executing its `-th task pS`k, ω

`
kq. As

denoted in (3), subtasks J `k fi
 

pnj , aj , sjq, j “ 1, ¨ ¨ ¨ , J`k
(

must be considered to perform the task ω`k. For task ω`k
assigned to team Nk, the local plan of each robot i P Nk
is given by τ i fi pt1i , p

1
i , a

1
i qpt

2
i , p

2
i , a

2
i q ¨ ¨ ¨ , which is a

sequence of timed goal positions and actions. The collective
plan of the team is given by τ `k fi tτ i | i P Nku.

However, the assignment of subtasks is interdependent with
the optimization of the associated trajectories, as the trajectory
affects the time taken for each robot to reach subtask positions
and execute subtasks. The optimization problem must consider
the trajectory of each robot xi alongside subtask assignment,
ensuring that both spatial and temporal coordination are opti-
mized simultaneously. Thus, the objective is not only to assign
subtasks to the robots but also to determine both the local
plans tτ iu and trajectories txiu of all robots in team Nk.
This simultaneous coordination guarantees that the overall
task completion is time-efficient, considering both the subtask
execution and the robot motion. Optimizing trajectories is
crucial to minimizing the makespan of task completion.

Problem 3. Given task ω`k with area S`k, subtasks J `k as in (3)
and the assigned team Nk, the goal is to determine the optimal
local plans tτ iu and robot trajectories txiu for each robot i P
Nk. The objective is to minimize the makespan T `k as the



Fig. 7. Local coordination results for the static and known local tasks
described in Sec. V-C1. In total 14 delivery subtasks (filled circles) are
assigned to 5 robots (filled pentagons), of which the trajectories are shown
for fully-actuated (left) and non-holonomic (right) robots.

collective execution time for task ω`k, while simultaneously
optimizing trajectories and task assignments. �

Uncertainty in the number of subtasks J`k and their loca-
tions tsju for task ω`k requires coordination strategies con-
ditioned on task properties. Static and known tasks reduce
to allocation and trajectory optimization for makespan mini-
mization. Static but unknown tasks require exploration with
online insertion of discovered subtasks. Dynamic but known
tasks require continual online reassignment and trajectory up-
dates. These cases defined by the static–dynamic and known–
unknown axes motivate tailored coordination strategies below.

1) Static and Known Subtasks: In the static and known
case, both the number of subtasks J`k and their locations tsju
are predetermined. This situation often arises in delivery or
inspection tasks with fixed points of interest. While the setting
is classical, the consideration of robot dynamics is essential:
robots with free holonomic motion can move directly between
subtasks, whereas robots with non-holonomic constraints must
follow feasible trajectories that depend on both position and
orientation. Therefore, planning in this case requires different
treatments depending on the underlying motion model.

For holonomic robots, the problem reduces to a variant
of the multi-vehicle routing problem (MVRP) without return.
Robots travel along straight-line segments between subtasks,
and the sequence of visits is determined by solving a com-
binatorial optimization problem, via off-the-shelf solvers such
as [43]. The outcome directly specifies the local plans tτ iu,
while the trajectories txiu are straight-line connections. How-
ever, for non-holonomic robots, the problem becomes a hybrid
optimization in which task sequencing and feasible trajectories
are optimized jointly. Each subtask location is augmented with
an orientation, and also the robot state. The transition between
subtasks is evaluated using motion primitives generated be-
tween states, such as Dubins curves [44], [45]. Each primitive
is a dynamically feasible trajectory with the associated cost
and duration. Thus, the overall objective is given by:

J`k fi min
tτ i,xiu

#

max
iPNk

!

ÿ

psj1 ,sj2 qPτ i

min
κPκpxj1

,xj2
q
Costpκq

)

+

,

(20)
where κpxj1 , xj2q denotes the predefined set of feasible mo-
tion primitives connecting the intermediate states xj1 and

Fig. 8. Execution results for the case of static and unknown subtasks in
Sec. V-C2, e.g., the “search and rescue” task. Left: The initial trajectories for
coverage by 5 robots with unknown targets (in circles); Right: The actual
trajectories after discovering, assigning and executing 8 rescue subtasks.

xj2 . In practice, a hybrid-A‹ like search method [46] can
be adopted to jointly optimize the sequence of subtasks
and motion primitives, producing the local plans tτ iu and
trajectories txiu that minimize the makespan.

Example 3. As shown in Fig. 7, in total 14 delivery subtasks
are assigned to 5 robots under different dynamic constraints.
Note that the subtasks require different robot capabilities.
The resulting assignments and trajectories are significantly
different for holonomic and non-holonomic teams. �

2) Static and Unknown Subtasks: In the static and unknown
case, the subtasks J `k of ω`k are initially unknown but become
fixed once discovered. This setting is common in search-
and-rescue, where the number and locations of victims or
targets in a region are revealed only during execution. Since
subtasks appear online, the static assignment model in the first
case is not directly applicable. To address this, we propose
a simultaneous exploration and coordination (SEC) method
with two components: (I) collaborative exploration of the
task area and (II) dynamic assignment of newly discovered
subtasks during exploration. During exploration, the team must
survey the task region S`k to reveal subtasks. Two strategy
classes are considered here: (I) Obstacle-free spaces: the goal
is collaborative coverage, where standard coverage methods,
e.g., polygon-based decomposition, apply while accounting for
heterogeneous robot velocities, initial positions, and perception
radii. (II) Cluttered or structured workspaces: robots must
plan around obstacles; frontier-based exploration is commonly
used [47], with trajectories respecting the robot dynamic con-
straints. In both cases, coordination avoids redundant search
and ensures full coverage. The output is the exploration
trajectories txiu for all i P Nk.

Furthermore, once the region begins to be explored and new
subtasks are discovered, the task of assigning and fulfilling
these subtasks must be done simultaneously with exploration.
A minimum-disruption planning method is proposed, where
newly discovered subtasks are inserted into the local plans
of each robot. The objective is to minimize the increase
in makespan due to these insertions. Specifically, once a
subtask j P J `k that meets the robot capabilities aj P Ai
is discovered, the robot updates its local plan to include the
subtask. The task sequence for each robot i P Nk is then re-



Algorithm 2: Distributed Local Update for Dynamic
and Known Subtasks

Input: Subteam Nk, subtasks J `k , cost χp¨q.
Output: Updated tτ iptqu and txiptqu.

22 repeat at each planning iteration for each robot i P Nk;
44 Collect neighbor memberships and tχpRjqu;
66 Set j1 Ð argminj χpRjq;
88 if (23) holds then;

1010 Send switch intent to robot j1;
1212 if no higher-priority conflicts;
13 Set jiÐj1 and synchronize;
1515 until no robots can switch;
16 Update tτ iptqu and txiptqu given Rt;

optimized to minimize the makespan for the new tasks, i.e.,

min
tpτ i,xiqu

!

L`
k

ÿ

j“1

`

Costpτ`i ´ Costpτ iqq
˘

)

, (21)

where τ`i denotes the updated local plan after inserting the
newly discovered subtasks, and the objective quantifies the
resulting increase in execution cost and makespan. Subtasks
are assigned online by selecting the robot that yields the
smallest incremental cost in (21). The assignments are recom-
puted either periodically or after substantial progress on the
current set. The output is the updated local sequences tτ iu
and corresponding trajectories txiu. Finally, non-holonomic
constraints are handled as in the static and known case by
planning over motion primitives to ensure feasible trajectories.

Example 4. As shown in Fig. 8, in total 5 robots are
assigned to execute the task with 8 unknown targets. The
initial trajectories of exploration minimizes the coverage time
by the computed division points. More targets are discovered
during exploration and assigned via the proposed scheme. The
resulting trajectories not only explore the task region, but also
fulfill all discovered subtasks. �

3) Dynamic and Known Subtasks: For the third case, the
set of subtasks J`k within ω`k and their initial locations sj are
known, but the subtasks are dynamic moving during execution.
Their real-time positions are assumed to be available through
external sensing or tracking systems [48]. Typical examples
include collaborative pursuit or capture tasks, where the robots
must form coalitions to surround and intercept moving targets.
In such settings, static plans quickly become suboptimal or
infeasible as the subtasks evolve over time.

A distributed dynamic coalition formation (DCF) method is
adopted, in which each robot i P Nk updates its coalition
membership using local information and peer communica-
tion [14], [49]. At any time t, each subtask j P J `k is
associated with a coalition Rjptq Ď Nk, and the collection
of all coalitions forms a scheme Rt fi tRjptq, j P J `k u.
The coalitions are disjoint and collectively exhaustive, i.e.,
Rj1ptq XRj2ptq “ H for j1 ‰ j2, and

Ť

jPJ `
k
Rjptq “ Nk.

The local plan τ iptq is determined by its current coalition,

Fig. 9. Execution results of the dynamic and known subtasks in Sec. V-C3.
Top: the trajectories of 5 robots (filled hexagons) and 5 targets (filled circles)
at different snapshots; Bottom: the evolution of assigned coalitions for each
target. Note that different colors reflect different capacity constraints.

i.e., τ iptq “ pti, pi, aiq for the currently assigned subtask, and
its trajectory xiptq follows the coalition decision. To guide
updates, each robot maintains local estimates of the coalition
costs χpRjq, which depend on the robot–target distances and
the velocities. The instantaneous team cost is defined as:

χpRtq fi max
jPJ `

k

χpRjq `
1

J`k

ÿ

jPJ `
k

χpRjq, (22)

where the first term reflects the current makespan across
all subtasks, and the second term encourages a balanced
workload. Based on (22), the local switch rule is stated from
the perspective of each robot and is summarized in Alg. 2. At
time t, robot i knows its assigned task ji and the associated
coalition Rji . More importantly, it can estimate χpRj1q for
nearby subtasks j1 P J `k . Then, the robot i can evaluate the
following condition locally:

max
!

χpRj1
ď

tiuq, χpRjiztiuq
)

ă max
 

χpRjiq, χpRj1q
(

,
(23)

where Rj1 is the candidate coalition and Rji is the current
coalition of robot i. If the inequality holds, an intent to switch
is announced to neighbors in Rj1 and Rji , a priority rule
resolves potential conflicts, and afterwards a synchronization
finalizes the change. Robot i then updates its local plan τ iptq
and trajectory xiptq to track the new subtask. This local rule
uses only the neighborhood costs and memberships, preserves
disjoint coalitions, and drives the scheme toward a locally op-
timal R‹t , yielding time-varying plans tτ iptqu and trajectories
txiptqu that continuously adapt to the moving subtasks.

Example 5. As shown in Fig. 9, 5 robots are assigned
to 5 moving targets by forming dynamic coalitions online in
Alg. 2. Initially, each robot is assigned to one target. However,
robots 2 and 3 exchange their targets at t1. When target 3
is finished at t3, robots 2, 4 form into a coalition to execute
target 2 while robot 3 executes target 4. �

Remark 7. The local coordination policy in Sec. V-C relies
on inter-robot information exchange over the communication
graph induced by the communication radius. Connectivity is
the key structural requirement: if the graph is disconnected,



Fig. 10. Illustration of the change of execution status between navigation,
execution and synchronization (left), for a team Ck given its local plan Γk

(right) in (17) and (19). Note that the concurrency constraint between
tasks ω2, ω5 are enforced by the synchronization state (red line).

coordination messages cannot propagate and effective collab-
oration cannot be realized. Moreover, latency, packet loss,
and bandwidth limitations primarily slow information flow,
increasing the planning time and causing transient inconsis-
tencies in tτ iu. However, when the graph is connected suffi-
ciently often over time windows, delayed or missed updates
are corrected once communication resumes. More realistic
models of intermittent communication with joint planning of
task and communication events remain our ongoing work. �

Remark 8. Note that the case of dynamic and unknown tasks
is not considered here, due to two reasons: (I) without knowing
the total number and locations of subtasks, it is difficult to
determine whether the current task is completed, e.g., subtasks
may move dynamically from unexplored areas to explored
areas; (II) if such a task exists, the coordination strategy would
be a combination of the second and third cases above, i.e.,
to assign the subtasks of exploration and collaboration via
dynamic coalition formation. �

The theorem below presents the correctness guarantee for
the local coordination policies proposed above. Detailed proof
is attached in the Appendix.

Theorem 3. For each task ω`k and team Nk, the strategies in
Sec. V-C ensure that the plans tτ iu and trajectories txiu are
feasible, and minimize the local task makespan.

D. Online Execution, Interaction and Adaptation

1) Online Execution and Receding-horizon Adaptation:
Given the initial workspace and mission descriptions, the
missions are decomposed into tasks and the local teams N
are formed. A finite set of H tasks is then assigned with
redundancy by Alg. 1, yielding the local plan Ξk for each
team Nk P N . Then, each team executes pS`k, ω

`
kq P ξk by

navigating to S`k and performing ω`k. Specifically for robots
in teams, synchronization is required before execution. Not
only the robots within the team should collaborate to perform
tasks, but also there are temporal constraints between tasks
including precedence or concurrency. This yield three dis-
tinctive states during online execution: navigation, execution
and synchronization. When execution begins, the subtasks J `k
are coordinated by three local strategies to derive the action
plans tτ iu. Execution is concurrent across teams and parallel
within each team. This process continues until all local plans
tΞku are completed, or a replanning is triggered.

Fig. 11. Illustration of the receding-horizon scheme for coordination and
online adaptation in Sec. V-D. Note that the number of teams is increased
from 3 (left) to 5 after the task assignment and team formation (right), and
the tasks ω3, ω4 are not preempted after replanning.

Example 6. As shown in Fig. 10, teams N1 and N2 are
constructed from capacities C1 and C2 by team formation.
After task ω2, team N2 should wait for team N1 to perform
task ω5, due to the concurrency constraint for ω2, ω5. �

Furthermore, a receding-horizon scheme handles replanning
for online tasks and operator updates. As shown in Fig. 11,
only H tasks are assigned per cycle, and the remaining tasks
are considered in the next cycle. Replanning is triggered by: (I)
execution progress, when more than half of the planned tasks
are accomplished; (II) new mission specifications, when new
missions or modifications arrive; and (III) feasibility, when any
team reports infeasibility due to execution failures.

Upon any of the triggering conditions, the task assignment
and team formation are recomputed by Alg. 1 using the
current system state. The candidate pool includes tasks that
are assigned but not yet started, unassigned tasks and newly
specified tasks, which enables consistent revision of priorities
and team compositions. However, tasks currently in execu-
tion are not preempted, and the associated teams continue
execution without interruption. This non-preemption policy
preserves the safety and continuity, which is crucial when the
tasks outnumber the required teams. Moreover, the robot states
are maintained by rolling forward the execution status: for
team Nk with the current sequence pω0

k, ¨ ¨ ¨ , ω
Lk

k q, where ωLk

k

is ongoing, it holds that pti fi tepω
Lk

k q and pxi fi SLk

k for
each i P Nk. This enables consistent future formations under
temporal ordering constraints.

Remark 9. Note that the choice of the key parameters
including the rolling horizon H , the redundancy margin αě1,
and the replanning trigger, such as the completion ratio of
committed tasks or event-driven updates, typically depends on
the expected mission volatility, e.g., the arrival and cancella-
tion rate in Φt, the uncertainty in task and target estimation,
e.g., location and service-time dispersion, and the anticipated
robot failure and communication drop rate, which together
balance look-ahead optimality, robustness, and responsiveness.
Numerical analyses on how their values affect the overall
performance are provided in Sec. VI. �
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Fig. 12. Simulated human-in-the-loop scenario of 80 robots in dynamic environment. Top: in total 32 tasks and 482 subtasks are performed during the
mission time of 180.4 s, with the time elapsed from left to right. Clearly κ1 to κ4 are issued in the process; Bottom-left: the snapshots of execution of tasks
at t “ 15 s, where different markers indicate different types of robots; Bottom-right: gantt charts of teams executing assigned tasks at t “ 0 s, t “ 15 s
and t “ 130 s. Note that tasks ω1 ´ ω9 are released at t “ 0 s, ω10 ´ ω14 at t “ 30 s, ω15 ´ ω19 at t “ 60 s, ω20 ´ ω26 at t “ 100 s, ω27 ´ ω30

at t “ 130 s, and ω31, ω32 are issued by operator at t “ 110 s.

2) Fulfillment of Online Human Requests: Online opera-
tor requests are routed from the graphic interface including
text, voice and templates, following the protocol for online
requests in Sec. V-A. These requests are processed by the
task decomposition module and the proposed planning stack.
Each request induces a bounded update of the search tree T
and the frontiers V , followed by a re-optimization of teams K,
capacities tCku, and plans tΓku by Alg. 1. The updated plans
are forwarded to the team execution as in Sec. V-C, under the
non-preemption and receding-horizon scheme in Sec. V-D1,
while the visualization interface immediately reflects changes
in the task allocation, temporal relations among tasks and
Gantt timelines, as summarized in Sec. V-A2.

More specifically, the four types of requests defined in
Sec. IV-B are handled as follows. A new mission κ1 is
parsed and decomposed to sc-LTL, yielding Bϕm and pQ0

m,
with ΦtÐΦt Y tϕmu; the planner continues the tree search
by evaluating χpνq in (6), updating V via (15), and re-
selecting the complete assignment by (16). A cancellation κ2

removes ϕm from Φt, prunes nodes whose progress depends
on pQm, and recomputes V , while preserving tasks already
in execution. A deadline or priority update κ3 modifies the
value function and costs by re-weighting the progress and
adding deadline penalties within χpνq and Ck of (6) and (7),
in addition to bounding functions in (13), thus biasing the
selection toward urgent missions. Lastly, a direct robot re-
assignment κ4 changes its fleet N and states ppti, pxiq. Then,
the capacity-based formation with bounds (18) is re-solved
with the min–max objective Jpkq in (17), producing the
revised tCku and tΓku. All requests are issued through the
same interface and acknowledged by synchronized feedback.
Note that request κ4 imposes linear admissibility constraints
on tbiku such as the locked and forbidden assignments, and
optional limits on membership changes. These constraints are
reflected in the receding-horizon assignment by restricting
which capacity allocations are allowed within the tree search.

Therefore, feasibility checks are performed across layers.

Remark 10. In practice, an operator may issue contradic-
tory requests, e.g., enforcing immediate completion of a task
via κ3 while restricting the only capable robot via κ4. In
case of conflicting operator requests, if the set of current
requests Kt renders the hard constraints inconsistent, e.g.,
capacity bounds (18), non-preemption in Sec. V-D1, or priority
constraints in χpνq and Ck in (7), then Alg. 1 and the
formation objective Jpkq in (17) becomes infeasible. This
infeasibility is detected at the module where it arises, thus
an explicit warning is issued with the violated constraint class
and implicated missions or robots, which prompts the operator
to revise Kt before replanning proceeds. �

3) Complexity and Scalability Analysis: The computational
complexity of the proposed method is analyzed as follows.
In each iteration of Alg. 1, selecting a batch of P nodes
and expanding up to B fi pK`1q |Ω´ν‹h

| children incurs

OpPBKq for the automaton-state updates pQ`m, together with
the capacity and timing updates in (11) and (12); main-
taining the non-dominated frontier based on (13)-(15) re-
quires Op|V|p2K`Mqq to reach the completeness condition
in (16). The capacity-based team-formation MILP introduces
OpNK‹q binary variables bik, which is NP-hard in general
but limited by the small number of teams. For the case of
static and known tasks, the routing problem with subtour
elimination is NP-hard, and its number of variables scales with
|Nk|pJ`kq2. For static and unknown tasks, polygonal coverage
generation and assignment are near-linear in the region repre-
sentation, while rolling insertion of newly discovered subtasks
is Op|Nk|q per discovery. Lastly, for dynamic and known
tasks, the distributed coalition updates are linear in team size
and the number of active targets per iteration. Although the
local MILPs and coalition updates are NP-hard in the worst
case, the hierarchical decomposition confines them to small
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Fig. 13. Final trajectories of local task executions for robots under the
dynamic constraints of maximum curvature κ ď 3. Top: delivery task ω3 at
t “ 22 s for a team of 8 robots and 18 subtasks; Middle: surveillance task ω7

at t “ 25 s for a team of 20 robots and 16 subtasks; Bottom: dynamic capture
task ω5 at t “ 13 s for a team of 22 robots and 18 subtasks.

teams, enabling event-based replanning with standard solvers.
Detailed empirical runtime evaluations of each component and
scaling benchmarks are provided in Sec. VI.

VI. NUMERICAL EXPERIMENTS

For numerical validation, the proposed method is imple-
mented in Python 3 and tested on a laptop with an Intel
Core Ultra 9 285K CPU. The solver GLOP [43] is used for
integer optimization. Simulation videos can be found in the
supplementary files.

A. System Description

As shown in Fig. 12, the simulated fleet consists of N “ 80
heterogeneous robots operating in an open environment of size
260 m ˆ 42 m. There are three robot types with complemen-
tary capabilities: 20 Type-A robots that perform perception
and delivery; 20 Type-B robots that perform perception and
grasping; and 40 Type-C robots that perform delivery and
grasping. Robots are initially distributed evenly over two
bases. Unless otherwise specified, all robots follow a first-
order dynamics model with a maximum speed of 2.5 m{s in

simulation. To assess the effect of motion feasibility, both
robots with curvature constraints and robots without curvature
constraints are considered. The curvature limit is set to 3 m´1.

There are |ϕt| “ 5 missions released online at random
time instants, with inter-arrival times drawn from a normal
distribution with mean µ “ 32.5 s and standard deviation
σ “ 5 s; samples are truncated to positive times. Upon release,
mission locations are placed within the workspace according
to a spatially uniform distribution. Each mission specified at
time ti follows the sc-LTL template below:

ϕi “ ♦
`

ϕidel ^ ♦ϕisurv
˘

^
`

 ϕicap U ϕisurv
˘

,

where the three task types are as follows. A delivery task
requires two distinct subtasks to be completed through delivery
or grasping actions. A surveillance task requires perception.
A dynamic capture task requires two distinct subtasks to
be completed through delivery or grasping actions while
targets move. Delivery tasks contain on average 13 subtasks.
Surveillance tasks contain on average 15 subtasks, and each
subtask is initially unknown with probability 0.5. Capture tasks
include approximately 17 moving targets with speed 0.5 m{s
within the designated region. The global planning horizon is
H “ 6, and replanning is triggered. Replanning occurs upon
sufficient execution progress, upon the release or modification
of missions, and upon detected infeasibility. Note that operator
commands are issued in real-time throughout the simulation,
via the proposed protocol.

B. Results
1) Mission Decomposition and Subteam Formation: As

shown in Fig. 12, the first mission contains 9 tasks. At release,
tasks ω1 through ω4 are delivery, ω7 and ω8 are surveillance,
and ω5, ω6, and ω9 are capture. The associated NBA is
computed in 0.20 s with 7 states and 18 transitions. Given
these task automata, Algorithm 1 optimizes the number of
subteams and predicts a makespan of 37.5 s when K “ 5.
The computation takes 1.36 s. During this process, human
intervention request κ1 for new mission release is integrated
in real time, where a new task ω3 is added to the set. This
process confirms the system adaptability to the online inputs
of the operator. This layer validates the top-down design: the
global planner reasons on precedence to size coalitions before
any motion planning. Then the subteams are instantiated with
capabilities matched to the next admissible tasks. The resulting
formations are: N0 with 16 Type-B robots for surveillance
tasks ω7 and ω8, N1 with 2 Type-B and 14 Type-C robots
for capture task ω9, N2 with 5 Type-C robots for delivery
task ω4, N3 with 5 Type-C robots for delivery task ω2,
and N4 with 2 Type-B and 14 Type-C robots for capture
task ω5. This composition reflects the capability coupling
in the specification: surveillance requests perception, capture
requests grasping or delivery in addition to coordination, and
delivery requests transport actions.

Execution begins with N3 on ω2 and N4 on ω5. Teams N0,
N1, and N2 move to staging locations because the temporal
ordering requires ω2 before ω4, ω5 before ω7, and ω4 before
ω8. The ordering also allows ω8 and ω9 to proceed concur-
rently. These temporal constraints promote purposeful staging
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Fig. 14. Evolution of enrolled robots and tasks accomplished, as new missions
are specified by ϕ0´ϕ10. Top: the number of enrolled robots with different
status, including navigation, waiting, and task execution; Bottom: number of
remaining tasks that are assigned and unassigned.

and prevent premature, infeasible starts. At t “ 15 s, teams
N3, N4, and N2 complete ω2, ω5, and ω4, respectively, for a
total of 47 finished subtasks. Completion triggers replanning,
which costs 0.41 s. At this stage, request κ3 for priority change
is issued by the operator to execute ω8 due to a deadline
adjustment. Since N0 is executing ω7 at that time, the tasks
ω8 and ω9 are revisited along with the remaining frontier tasks.
Team N0 continues ω7 without interruption, and new teams
N5 through N9 are formed to execute ω6, ω3, ω1, ω8, and
ω9, respectively. This confirms that the online loop preserves
continuity for in-progress work while exploiting newly freed
resources. At t “ 24 s, the operator issues request κ2 for
task cancellation, terminating task ω6 to reflect the updated
priorities. Thus, the respective robots in N5 are freed up
resources to other tasks in the next replanning.

At t “ 30 s, a new mission with 5 tasks and 7 relations is
released. The global layer replans in 0.44 s, produces 5 sub-
teams, and updates the predicted makespan to 51.3 s. Note that
at t “ 110 s, requests κ1 are released to add task ω31 and ω32.
Other missions are released at t “ 60 s, 100 s, 130 s increase
the overall workload to 32 tasks and 482 subtasks. Specially,
conflicting requests are issued by operator at t “ 140 s,
where κ3 requests to raise the priority of task ω30 execute,
and κ4 requests to assign 10 Type-C robots to execute ω27.
Namely, the available Type-C robots can not meet the capacity
requirements of task ω30. Thus, the system shows the conflict
to operator and asks which command to execute. The operator
chooses κ3, raising the priority of task ω30. In total, the full
mission set finishes at 180.4 s over 12 replanning events. The
mean task response time is 37.0 s, and the mean and max
replanning time for 12 events are 0.36 s, 0.87 s. The requests
continue to be processed, ensuring that dynamic adjustments
are smoothly integrated into the execution timeline.

2) Local task execution: Local execution follows the three
strategy classes in Sec. V-C and respects the curvature feasi-
bility shown in Fig. 13. All robot trajectories have curvature
below 3 m´1. At t “ 22 s, the delivery task ω3 includes 18
static and known subtasks. Team N6 is assigned 8 robots
using (20); each robot completes 2 or 3 subtasks under a
fixed robot-to-subtask assignment, yielding short traversal and

Fig. 15. Sankey diagram of all robots that participated in the overall mission,
along with the number of teams and their compositions. Note that subteams
are labeled N0 ´N49 and robots are labeled A0 ´A79.

limited coalition changes. During this phase, the operator
issues request κ4 for robot reassignment, transferring robot 21
from ω5 to support team N6 in completing subtasks 5, 9, 16
of ω3 under resource reallocation. This intention enables rapid
cross-task resource redistribution under changing priorities.

At t “ 25 s, the surveillance task ω7 requires exploration
with unknown subtasks. Team N0 follows region-covering tra-
jectories, and newly revealed subtasks are allocated using (21)
to minimize route disruption. For example, robot 43 completes
subtask 10 and robot 4 completes subtask 12 before resuming
exploration. At this point, the operator issues request κ4

for robot reassignment, assigning robot 42 to assist team
N0 in completing subtask 9 of ω7. This timely intervention
reallocates available capacity to the newly revealed work-
load, improving execution efficiency. In total, 16 subtasks
are discovered and completed, validating that exploration and
execution should interleave to reduce idle time.

At t “ 13 s, the capture task ω5 comprises 18 moving
subtasks and is executed by team N4 with 22 robots. Alg. 2
updates local coalitions online as targets move; coalitions dis-
solve upon subtask completion and robots are reassigned. For
instance, robots 60 and 21 complete subtask 0 jointly; robot 60
then completes subtask 10 alone, while robot 21 completes
subtask 1 alone. Near completion, robots consolidate into two
coalitions to finish subtasks 5 and 8, indicating that additional
robots mitigate motion variability and accelerate completion.
Across task families, mean response times are 29.39 s for
delivery, 46.37 s for surveillance, and 35.65 s for dynamic
capture, with local planning times of 0.31 s, 0.22 s, and 0.50 s.

3) Overall Resources Utilization and Adaptation: As can
be seen in Fig. 14, the status of task execution takes the largest
proportion of robot states for whole progress. The proportion
of navigation states is acceptable since the whole scene is
in shape of rectangular. Waiting states are kept low due to
the scheduling strategies. The unassigned tasks in the lower
panel spike to 5 after each release and fall to 0 within 15 s,
indicating fast adaptation to new tasks. Moreover, the proposed
scheme continually reshapes the composition of each team
as the mission evolves, as illustrated in Fig. 15. In total 49
subteams are formed and robots are reused across teams such
as robots in N43 later are separated out to form new teams N46

and N47 together with other robots.



TABLE II
COMPARISON WITH BASELINES pN“80,M“30, J“ 450q

Method Resp. Time [s] Ave. Resp. [s] Ave/Max Plan [s] N/W/E Robots Succ. Rate [%]

Ours 184.4 34.6 0.46/0.76 19/3/27 100
MILP 327.8 99.1 90.3/144.0 23/7/18 100
SAMP-Task 286.0 72.6 0.45/0.74 24/7/15 100
SAMP-Subtask 230.1 45.6 3.8/8.0 16/5/30 86
ScRATCHeS 257.4 64.9 1.25/7.60 13/3/19 100
Hulk(+poset) 194.4 40.5 4.66/7.59 24/8/24 100
Flow 183.5 41.8 1.79/5.98 31/1/34 96
Inf-H 182.1 77.1 53.4/415.8 23/3/24 100
Greedy 325.7 115.6 0.31/0.56 31/7/30 100

Flow，t=32sunfinished targets ScRATCHeS，t=52slong distance navigation

Fig. 16. Snapshots of baselines Flow and ScRATCHeS. Left: the subtasks
in the red circle are unfinished after t “ 32s; Right: robots marked in red
have long navigation distance due to inefficient assignments.

C. Comparisons

The proposed method is compared against eight baselines:
(I) MILP, where a complete MILP is formulated for all robots
N and tasks Ωt, similar to [13], [25], i.e., without the subteam
formation; (II) SAMP-Task, where a sampling-based planner
from [5] is adopted for all robots and tasks; (III) SAMP-
Subtask, which applies the sampling-based planner directly
to subtasks; (IV) ScRATCHeS, which formulates a complete
MILP for all robots N and tasks Ωt, with capacity-based tem-
poral logic formulation [21]; (V) Hulk, which follows poset
abstraction of mission automata and task-graph constrained
receding-horizon assignment [35]; (VI) Flow, which models
precedence-aware coalition task allocation and solves it via
network-flow approximations with online re-allocation [34];
(VII) Inf-H, which is the same as our method but with an
infinite horizon H , i.e., all known tasks are assigned in Alg. 1;
(VIII) Greedy, which assigns a maximum of one task to each
subteam, i.e., without the horizon H . The first six baselines are
established methods, while the last two are ablation studies.
Note that the replanning conditions for all baselines are iden-
tical to the proposed method. The compared metrics include
the maximum response time for missions, average response
time of missions, the average and maximum planning time,
the average number of robots performing navigation, waiting
for collaboration, and executing tasks, and the success rate.

As summarized in Table II, the proposed method out-
performs all other methods across most metrics, including
response time, planning time, and robot scheduling. Efficiency
and Response: HECTOR achieves a total response time of
184.4 s, which is significantly lower than most methods like
MILP at 327.8 s and SAMP-Task at 286.0 s, largely owing
to the establishment for subteam. While the Inf-H method ex-
hibits a comparable total response time, its maximum planning
time can be prohibitively long at 415.8 s, demonstrating the
inefficiency of an infinite horizon. The Flow based method

TABLE III
SCALABILITY AND ROBUSTNESS ANALYSIS

pN,M,Jq Failure ρ Resp. Time [s] Ave/Max Plan [s] N/W/E Robots Succ. Rate [%]

(120, 50, 750)
0.05 378.2 0.46/0.82 26/5/27 100
0.10 346.6 0.51/0.79 29/5/25 100

(150, 80, 1202)
0.05 699.1 0.53/0.88 29/3/31 100
0.10 788.3 0.55/0.90 26/7/36 100

(170, 100, 1509)
0.05 923.1 0.65/1.48 30/6/30 100
0.10 1120 0.87/1.65 31/3/29 100

N=60,M=18 N=70,M=24 N=80,M=30 N=90,M=36N=100,M=420.0
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Fig. 17. Computational time analysis across the five core modules with
varying numbers of robots N and tasks M .

has a execution success rate of 96% though also exhibiting
a comparable response time. Meanwhile, HECTOR maintains
a highly stable and efficient planning, with the average and
max planning time of 0.46{0.76 s. While some methods exhibit
comparable computational efficiency in terms of planning time
with SAMP-Task at 0.45{0.74 s and Greedy at 0.31{0.56 s,
they suffer from inefficient scheduling of robots or prolonged
response times. Reliability and Success Rate: HECTOR and
MILP both achieve a 100% success rate, but HECTOR does so
with significantly less computational overhead. As shown in
Fig. 16, while ScRATCHeS exhibits excellent robot scheduling
(13{3{19), it falls short in terms of response and planning time.
In contrast, SAMP-Subtask and Flow exhibit lower success
rates at 86% and 96%, as they do not account for uncertain-
ties in subtasks. Although Greedy remains fast, it results in
inefficient robot scheduling (31{7{30) and a long response
time at 325.7s. Robustness in Complex Coordination: While
SAMP-Subtask struggles with the increased search space of
450 subtasks, our hierarchical structure effectively decouples
the task assignment from intra-team coordination. Though
Hulk shows a competitive response time at 194.4 s, HECTOR
avoids the mission poset establishment for complex temporal
tasks, leading to a 10 times reduction in planning time.

D. Generalization

For further validation, the scalability and robustness of
our method are evaluated by increasing the fleet size and
introducing robot failures with a probability ρ. The scenarios
are scaled from a fleet of 120 robots with 50 tasks (released
within 240 s), to 150 robots and 80 tasks (released within
400 s), to 170 robots and 100 tasks (released within 480 s).

(I) Scalability. As summarized in Table III, regardless of
the failure rate ρ being 0.05 or 0.1, the average and maximum
planning time remain consistently below 2.0 s, even as the



Fig. 18. Parameter sensitivity and performance analysis of the HECTOR
framework: parameter horizon H in assignment (top-left), redundancy mar-
gin α in team formation (top-right), the number of finished task in current
horizon to trigger the replan (bottom-left), and the curvature κ of robots to
plan the trajectories in task coordination (bottom-right).

problem scale grows to 170 robots and 100 tasks. This effi-
ciency is primarily attributed to our receding-horizon planning
with H “ 6, which prevents computational explosion with
increasing fleet size. When the fleet size and the number of
tasks increase to 120 and 50, the response time increases by
40% to 57% relative to the total horizon of 240 seconds.
Similarly, with a fleet size of 150 and 80 tasks, the response
time increases by 75% to 97% relative to the total horizon
of 400 seconds, while the response time increases by 92% to
133% relative to the horizon of 480 seconds, clearly indicating
that the response time scales with the fleet and task sizes, and
demonstrating the long-range scheduling of robots in large-
scale scenarios. Furthermore, the average number of deployed
robots increases as the fleet size and task complexity grow.

(II) Failure Recovery. Even with failure probabilities of ρ “
0.05 and 0.1, the success rate remains at 100% for fleets of 170
robots with 100 tasks and 1509 subtasks. To recover from these
failures, more robots are recruited and the average response
time is further increased. The average planing time is only
increased slightly with higher failure rate. This shows that the
fleet capacities are sufficient to meet the task requirements,
even under more challenging conditions.

(III) Runtime Decomposition. Fig. 17 reports the runtime
of each main module in the proposed framework, including
task assignment, team formation, and local coordination, under
different fleet sizes |N | and the numbers of tasks |Tact|.
It can be seen that task assignment consistently requires
more computational time than team formation, with times
ranging from approximately 0.35s to a maximum of 0.55s as
both N and M increase. In contrast, team formation remains
relatively stable, typically between 0.05s and a maximum of
0.1s. The dynamic and known scenario exhibits the lowest
computational times for local coordination strategies, while
the static and known case takes longest time at around 0.4s.

(IV) Sensitivity to Key Parameters. As shown in Fig.18,
the sensitivity of the proposed scheme with respect to several
key parameters are analyzed. In particular, the analysis of the
rolling horizon H reveals that the average replanning time
increases from 0.25s at H “ 4 to 2.22s at H “ 8. The

TargetsRobots

TargetsRobots
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delays: 0
(ideal scenario)

delays: 101 − 102ms
(randomly)

Fig. 19. Illustration of the distributed dynamic coalition formation under dif-
ferent communication delays. Top: the ideal scenario without communication
delay; Bottom: scenario with stochastic delays ranging from 101 to 102 ms.

average number of teams during each replan is around 3.9,
which remains close across different horizons. Moreover, the
replan count decreases to 10 as the triggering condition is
increased from 2 to 6. The total replanning time decreases
from 9.3s to 3.5s, while the response time is increased from
34.0ms and 47.8ms. Regarding the redundancy margin α, the
agents per coalition increase with α, reaching 32 agents at
α “ 2.0, compared to 17 agents at α “ 1.1. However, the
success rate remains 100% across all choice of α. Lastly, as
the curvature constraints κ are tightened, the execution costs
of local tasks are increased due to tighter dynamic constraints,
especially for static and unknown tasks from 25s to 180s. The
success rate remains 100% across all curvatures and tasks,
demonstrating its versatility, even for non-holonomic teams.

(V) Communication Constraints. The performance of the
distributed dynamic coalition formation under varying com-
munication latencies is evaluated, as shown in Fig. 19. It can
be seen that when the communication latency is increased to a
stochastic delay ranging from 101 to 102 ms, the proposed al-
gorithm can still ensuring successful task completion. Notably,
the resulting robot formation, local plans, and trajectories
are drastically different. For instance, robots 21 and 20 are
assigned to the subtask 0, while subtask 7 is finished by the
coalition formed by robots 34 and 25 instead of robots 23
and 61. The overall task execution time is increased slightly
from 31.0s to 41.2s.

E. High-fidelity ROS-Simulation

1) Mission and Workspace Setup: To validate the proposed
framework under more realistic robot dynamics and envi-
ronment interactions, a ROS-based simulation is conducted
for 12 UAVs performing 10 tasks as part of the disaster
relief mission, as shown in Fig. 20. The tasks are released
in three stages across 3 different missions. Two UAVs are
assigned to the static tasks, including the searching for the
workshop and storage tank. Four UAVs are allocated to the
dynamic tasks, such as transporting relief packages to moving
workers. The static tasks include delivering goods and seeding
messages to fixed delivery locations. The request κ1 for new
task release is issued to add an additional task, ω9, for



�1

�3 �4

�2
�5 �6

�7
�8

�10

�9
�1:transporting 
medical 
supplies �9 

�4:robot reassignment �7 to �6 �2:task cancellation �8
�3:deadline 
modification �9 

Fig. 20. High-fidelity ROS simulation of the proposed framework under the scene for disaster relief. Top-left: 2 UAVs assigned to static known tasks (green), 4
robots to dynamic known tasks (purple), and 6 robots to static unknown tasks (yellow); Middle: the task execution trajectories for 10 tasks over different
regions and 36 subtasks. Bottom-right: the execution timeline of each robot completing assigned tasks in 34.6 s on average.

transporting medical supplies to a new location, prompting
a reallocation of resources. When workers make empirical
requests to the operator at unexpected locations, the request
κ4 for robot reassignment is utilized to reassign UAV 7 from
ω7 to assist team N3 with ω6. These interventions ensure the
system remains flexible and responsive to dynamic missions.

2) Simulation Results and System Performance: As sum-
marized in Fig. 20, the simulation results highlight the ef-
fectiveness of the hierarchical coordination framework, with
all 10 tasks and 50 subtasks successfully completed. The
system efficiently handles dynamic task reassignments, with 4
replanning events performed in less than 1 s each. The average
response time for tasks is 34.6 s, and the mean replanning time
for 10 events is 0.46 s. For static tasks, the average response
time is 28.9 s, while dynamic capture tasks have a response
time of 29 s. The multimodal human-fleet interaction protocol
allows real-time operator inputs through the GUI, enabling
dynamic task modifications. Leveraging external situational
awareness, the operator identifies a critical conflict where a
routine supply delivery obstructed urgent rescue operations,
request κ2 for task cancellation is triggered to cancel ω8

due to a priority shift, freeing resources for higher-priority
tasks. Additionally, the request κ3 for deadline modification
is used to extend deadlines for ω9 as delays occur due
to unforeseen human-induced circumstances. This flexibility
ensures seamless task allocation and continuous adaptation
to changing task conditions, maintaining smooth execution
throughout the mission.

VII. CONCLUSION

This work presents HECTOR, a hierarchical planning and
coordination framework that couples global mission assign-
ment with local subtask and trajectory coordination. It embeds
practical human–fleet protocols and a graphic interface for
multimodal and online interactions under complex temporal
tasks. Future work includes conflicting requests, adversarial

settings via game-theoretic reasoning, and tighter integration
of communication constraints.
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APPENDIX

A. Proof of Lemmas and Theorems

Proof. of Theorem 1. Temporal correctness follows from the
update of the reachable state sets pQm along enabled automaton
transitions q``1

m P δmpq`m, ω
``1q and from the completeness

condition pQm X QmF ‰ H in (16). Any root to leaf path
that ends at a node ν P V‹ therefore induces, for every
m P M, an accepting run of Bϕm

, so the joint plans tΓku
satisfy all temporal constraints encoded by tBϕmu. Moreover,
the capacity feasibility and finite time convergence follow
from local pruning and finiteness of the search space. Each
expansion step updates Ck and enforces the fleet constraint
ř

kPK β
j
k ď

ř

iPN 1paj P Aiq, hence any node in V‹ respects
all capacity bounds. The set Φt, the automaton state sets
Qm, the alphabets Σm, the total number of tasks Ω, and the
admissible team compositions are finite, so the set of feasible
nodes is finite. Dominance pruning does not remove all rep-
resentatives of any feasible solution class, and a fair selection
rule eventually expands every feasible non-dominated node.
For a feasible problem, at least one complete non-dominated
node ν P V‹ is therefore generated in finite time, which yields
plans that satisfy all missions and all capacities. Lastly, given
the objective function (6) and enough planning time, the node

https://developers.google.com/optimization/lp
https://developers.google.com/optimization/lp


TABLE IV
NOMENCLATURE OF KEY VARIABLES AND DEFINITIONS

Term Definition Reference

Φt Set of missions known at time t ą 0. Sec. V-B

τi Local plan of robot i P N . Sec. IV-A

K “ tκ1,2,3,4u Operator requests. Sec. IV-B

Bϕm Büchi automaton for mission ϕm. Sec. V-B
pQm Set of reachable states in automaton Bϕm . Sec. V-B

T Search tree structure defined as pV,Ñq. Sec. V-B

χpνq Value function for node selection. Eq. (6)

Ck Capacity constraints for team k. Sec. V-B

βj
k Min. robots required to perform action aj

for team k.
Eq. (7)

αj Redundancy margin for workload uncer-
tainty and failures.

Sec. V-B

ζpνq Performance profile for node evaluation and
pruning.

Eq. (13)

V Set of non-dominated frontier nodes in the
search tree.

Eq. (15)

H Planning horizon for task assignment. Sec. V-B

bik Robot i assigned to team Nk . Sec. V-B

Jpkq Execution cost of team k. Sec. V-B

Nk Robots in team k. Sec. V-B

J `
k Set of local tasks for the `-th task of team k. Sec. V-C

xi Trajectory of robot i P N . Sec. V-C

with the minimum cost as in (5) would be returned, which
also satisfies each mission requirement at the accepting states.
This completes the proof.

Proof. of Lemma 2. Similar to the previous case of known
tasks, since each node ν explicitly tracks reachable states pQm
and transitions δm, and expansion strictly enforces the capacity
bounds in (8), the partial plans are inherently consistent with
the mission specification and capability constraints. Moreover,
the receding-horizon handover during re-planning uses the
final state of H as the next root ν0, ensuring the execution
sequence remains a valid prefix toward the accepting sets
tQmF u. Thus, the accumulated trace of all robots satisfies the
mission requirement ϕm once an accepting state qk P QmF is
reached. However, it is worth noting that global optimality is
lost because the limited horizon H and online mission updates
prevent the tree search from considering the complete set of
all future tasks.

Proof. of Theorem 3. In the static and known case, the task
reduces to an MVRP, where the trajectory of each robot i P Nk
is optimized to minimize the makespan J`k. For non-holonomic
robots, the problem is augmented with motion primitives
κpxj1 , xj2q to ensure feasible trajectories, with the overall
objective to minimize J`k under trajectory constraints. In the
static and unknown case, exploration ensures all subtasks J `k
are discovered, and the makespan maxiPNk

Ti is minimized as
new subtasks are dynamically inserted. In the dynamic and
known case, coalition updates are driven by the cost function
χpRjq for each coalition Rj , and the switch condition ensures
that robots only switch coalitions if it reduces the overall
team cost χpRtq. The process converges to a locally optimal
configuration, minimizing the makespan maxkPKJpkq.
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