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Abstract— Multi-agent systems can be extremely efficient
when working concurrently and collaboratively, e.g., for de-
livery, surveillance, search and rescue. Coordination of such
teams often involves two aspects: (i) selecting appropriate
subteams for different tasks in various areas; (ii) coordinating
agents in the subteams to execute the associated subtasks.
Existing work often assumes that the tasks are static and known
beforehand, where an integer program can be formulated and
solved offline. However, in many applications, the team-wise
tasks are generated online continually by external requests;
and the amount of subtasks within each task is uncertain (e.g.,
the number of packages to deliver, and victims to rescue).
The aforementioned offline solution becomes inadequate as it
would require constant re-computation for the whole team
and global communication to broadcast the results. Thus,
this work tackles the large-scale coordination problem under
continual and uncertain temporal tasks, specified as tempo-
ral logic formulas over collaborative actions. The proposed
hierarchical framework (HULK) consists of two interleaved
layers: the rolling assignment of currently-known tasks to sub-
teams within a certain horizon, and the dynamic coordination
within a sub-team given the detected subtasks during online
execution. Thus, the coordination is performed hierarchically
at different granularities and triggering conditions, to improve
the computational efficiency and robustness. It is validated
rigorously over large-scale heterogeneous systems under various
temporal tasks and environment uncertainties.

I. INTRODUCTION

Fleets of heterogeneous robots, such as ground vehicles
and aerial vehicles, are deployed to accomplish tasks that
are otherwise too inefficient or even infeasible for a single
robot [1]. Not only the overall efficiency of the team can
be significantly improved by allowing the robots to move
and act concurrently [2], [3]; but also the capabilities of the
team can be greatly extended by enabling multiple robots to
directly collaborate on a task [4], [5]. However, the optimal
coordination of a large-scale multi-agent system to accom-
plish the desired task is well-known to be hard, especially to
fulfill the spatially distributed subtasks in the right order at
the right time. The set of possible task assignments are often
combinatorial with respect to the number of robots and the
length of tasks [1], [2], [6]. Commonly such a team-wise task
is specified beforehand and remains unchanged, of which the
solutions are derived offline and thus static. A particularly
challenging scenario is when the system operates indefinitely,
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Fig. 1. Overall framework, including: snapshots of online execution of
three types of tasks, which contains numerous subtasks (top); the posets
associated with missions that are released online (middle); and the receding-
horizon assignment of tasks to optimized formation of teams (bottom).

i.e., new tasks are released or canceled dynamically and
continually by external demand, thus requiring the agents
to change their task plans frequently. The aforementioned
methods become inadequate as the sequence of tasks is
infinite and their specifications are unknown beforehand.
Recursive application of the static methods in a naive way
leads to not only intractable computation complexity, but also
inconsistent or even oscillatory assignments.

A. Related Work

Task planning refers to the process of first decomposing
this task into sub-tasks and then assigning them to the
team, see [7], [8], [9] for comprehensive surveys. Different
optimization criteria can be chosen, such as MinSUM [8];
and MinMAX [10]. The tasks can be specified in various
forms, such as in the multi-vehicle routing problem [9],
the job-shop problem [11]; and the coalition formation
problem [12]. Existing methods can be categorized into
centralized methods such as mixed integer linear program-
ming (MILP) [7] and search-based methods [13]; and de-
centralized methods such as market-based methods [14] and
distributed constraint optimization (DCOP) [15]. However,
since many task planning problems are in general NP-hard



or even NP-complete [8], meta-heuristic approaches are used
to gain computational efficiency, e.g., local search [16] and
genetic algorithms [9]. However, most of the aforementioned
methods can not be applied directly in this work due to
the general task specification as temporal logic formulas
over collaborative actions. Additionally, the aforementioned
methods often focus on solving a static problem, rather than
the continual and dynamic scenario addressed in this work.

Temporal logic formulas can be used to specify complex
robotic tasks, such as Probabilistic Computation Tree Logic
(PCTL) in [17], Linear Temporal Logics (LTL) in [6], [18],
[19], [20], [21], [22], and counting LTL (cLTL) in [23].
Considerable results are developed in the recent years re-
garding the task assignment problem of team-wise tasks
specified as temporal logic formulas. Analogously, they
can be categorized into centralized methods and decentral-
ized methods. Centralized methods often put emphases on
optimality and completeness, such as the sampling-based
search algorithm [6], the simultaneous decomposition and
assignment method [18], the MILP formulation [19], [23],
[20]. Decentralized methods are more applicable to large-
scale multi-agent systems, including the local coordination
of local tasks [21], [22], [24], the local assignment under
partial workspace [25], the distributed sampling method [26],
and the online auction algorithm [27]. However, the scenario
where new tasks are released online with uncertain subtasks
is rarely addressed in the aforementioned work, as it would
require online adaptation for both the global task assignment
and the local subtask execution.

B. Our Method

To tackle these issues, this work put strong emphases on
the online coordination algorithm that are essential when
the collaborative tasks are released continually, and the
amount of subtasks within each task is uncertain. In other
words, both the distribution and requirements of the tasks
can only be known during online execution. As shown in
Fig. 1, the proposed method is based on the hierarchical
coordination framework (HULK) that combines the global
task assignment and the local subtask coordination. Namely,
the global mission specification is first decomposed into
collaborative tasks with the associated temporal constraints.
Then, a receding-horizon assignment algorithm is applied to
assign these collaborative tasks to subteams of the agents,
subject to resources requirements, navigation cost and order-
ing constraints. Afterwards, each subteam follows different
local strategies, where subtasks are detected and assigned
dynamically during execution. Online adaptation at both
levels is triggered by external events and execution status.
Efficiency and robustness of the proposed framework is
validated rigorously over large-scale heterogeneous systems
and three different temporal tasks.

Main contribution of this work is threefold: (I) The pro-
posed hierarchical coordination algorithm is applicable to a
wide range of formulations, such as heterogeneous agents,
temporal tasks and collaborative actions; (II) It is robust
to varying distribution of continual tasks, contingent agent

failures and uncertain subtasks; and (III) It is computationally
efficient and scalable to large-scale systems.

II. PROBLEM DESCRIPTION

A. Multi-agent Systems

Consider a team of N agents that share the common
workspace W Ă R3. Each agent i P N fi t1, ¨ ¨ ¨ , Nu is
described by its position xi P Wi and its action ai P Ai,
where Wi ĎW is the allowed workspace; and Ai is the set
of primitive actions such as surveillance, delivery, capture
and defense. Each agent can navigate freely in the workspace
via a reference velocity vi P R3. Thus, the local plan of
an agent is given by a sequence of timed goal positions
and performed actions, i.e., τi fi pt1i , g

1
i , a

1
i qpt

2
i , g

2
i , a

2
i q ¨ ¨ ¨

with t`i ě 0, g`i P Wi, a`i P Ai being the time instant, goal
position and action, @` ě 1. In other words, under this local
plan, agent i P N should navigate to g`i with velocity vi and
start performing a`i from time t`i , for all ` ě 1.

B. Mission Specifications

At time t ě 0, a temporal mission is released (e.g., by a
human operator or triggered by an event) to the fleet, denoted
by ϕt fi sc-LTL

`

ωt
˘

, where: (I) ωt fi tω1, ¨ ¨ ¨ , ωMt
u

is the set of collaborative tasks within the mission. Each
collaborative task ωm P ωt is denoted by:

ωm fi

´

Sm, ηm,
 `

nj , aj , sj
˘

, j “ 1, ¨ ¨ ¨ , Jm
(

¯

, (1)

where Sm Ă W is the area that the task should be accom-
plished; pnj , aj , sjq is a subtask that requires at least nj
agents performing action aj collaboratively at location sj P
Sm; Jm ą 0 is the total number of subtasks within the
task ωm; and the estimated duration of each subtask is given
by function ηm : N ˆ A ˆ 2N Ñ R`, i.e., ηmpnj , aj , Njq
returns the duration if the subteam of agents Nj Ă N is
assigned to provide the required action aj at location sj .
Thus, task ωm is accomplished after each subtask is com-
pleted; (II) The tasks ωm are nested following the syntax of
Linear Temporal Logic (LTL) [28], e.g., via ϕ fi J | p | ϕ1^

ϕ2 |  ϕ | © ϕ | ϕ1 Uϕ2, where J fi True, p P AP , ©
(next), U (until) and K fi  J. or other derived operators
like l (always), ♦ (eventually), ñ (implication). The full
semantics and syntax of syntactic co-safe LTL (sc-LTL) are
omitted here for brevity, see e.g., [28].

Consequently, the temporal mission ϕt is satisfied if all
collaborative tasks are accomplished, while the resulting
trace of their temporal ordering satisfies the sc-LTL for-
mula ϕt via the satisfaction relation |ù from [28]. Lastly,
the accumulated missions up to time t ě 0 are denoted
by ϕt fi tϕt` , @t` ď tu. It is worth mentioning that the
tasks tωmu in (3) can be uncertain, i.e., the exact number
of subtasks Jm and their locations tsju are unknown at the
time of release. This might be due to the partial observability
or dynamic nature of the environment.

Remark 1. The definition of collaborative task in (3) differs
from the notion of cLTL [23] in two aspects: (I) Both the
location and number of subtasks are uncertain; (II) The



duration of all subtasks can vary depending on the assigned
agents, i.e., instead of being instantaneous [29]. �

Remark 2. The duration function ηmp¨q typically saturates
as the number of participants increases, i.e., the marginal
benefits diminishes as also adopted in [30], [31]. �

C. Problem Statement

Given the above model, the overall objective is to synthe-
size the collective plans tτiu such that the average response
of each mission is minimized, i.e.,

mintτiu

ř

ϕt`
Pϕt
ptf` ´ t`q

|ϕt|
, (2)

where 0 ď t` ď tf` are the time instants when the mis-
sion ϕt` P ϕt is released and accomplished, respectively.

III. PROPOSED SOLUTION

The proposed solution consists of two main components:
(I) The receding-horizon task planning algorithm that assigns
tasks to subteams of agents given the global mission specifi-
cation and constraints on the resources; (II) The local coordi-
nation algorithm that assigns subtasks to agents during online
execution. The synergy and adaptation of both components
are triggered by external events and execution status.

A. Receding-horizon Task Assignment

1) Decomposition of Temporal Tasks: Given the mission
specification ϕ, the NBA associated with ϕ is denoted
by B “ pQ, Q0, Σ, δ, QF q, of which the notation fol-
lows [28]. Based on B, the associated tasks and their partial
temporal constraints can be computed based on our earlier
work [29], [32], as posets over tasks, i.e.,

Ωϕ fi
 

pΩ, ĺ, »q
(

, (3)

where Ω fi tω1, ¨ ¨ ¨ , ωMu Ă Σ is a set of tasks; the partial
ordering constraints ĺ, »Ă ΩˆΩ such that: (I) ωm1 ĺ ωm2

if task ωm1
should be accomplished before task ωm2

is
started; (II) ωm1

» ωm2
if tasks ωm1

and ωm2
should start

at the same time. Simply speaking, the posets are abstracted
from the mission automaton as the set of possible ways to
satisfy the mission, as the set of tasks involved and their tem-
poral relations. This allows more parallel execution during
assignment thus improving efficiency. Detailed algorithms
and completeness analyses can be found in [29].

As the missions can be specified online, the set of missions
by time t ą 0 is given by ϕt, each of which can be
decomposed into the partially-ordered tasks. Consequently,
the set of all known and unfinished tasks by time t is given
by: Ωt fi

Ť

ϕiPϕt
Ωϕi , where Ωϕi is the partially-ordered

tasks associated with mission ϕi P ϕt as defined in (3).
Note that the tasks from different missions are assumed
to be independent. Moreover, given Ωt, a directed acyclic
task graph Gt can be constructed for these tasks based on
their partial ordering, i.e., each node in the graph represents
a task in Ωt, and the edges represent the precedence and
concurrence constraints.

Algorithm 1: Task Assign. and Subteam Format.
Input: Robots N , tasks ϕt, horizon H .
Output: Assignment tν‹K‹u, subteams tNku, and

local plans tξiu.
/* Task Assignment */

1 Compute posets Ωt for ϕt by (3);
2 Build task graph Gt given Ωt;
3 Initialize V‹ “ H;
4 for K P H do
5 Compute optimal assignment ν‹K via (7);
6 Add ν‹K to V‹;
7 Choose best ν‹K‹ among V‹ by (7);
/* Subteam Formation */

8 Compute cost matrix ttiku by (8);
9 Formulate and solve MILP problem to find tbiku;

10 Compute local plans tξiu by (9);

2) Capacity-based Task Assignment for Subteams: Given
the temporal constraints on simultaneous execution and the
objective to minimize response time, the agents need to be
divided into subteams for parallel execution. However, due
to limitations in the number and capacity of the agents, it
is not feasible to create a subteam for each individual task,
rather a subteam is assigned a sequence of tasks based on
agent capacity and the requirements of the tasks.

Denote by ν fi tCk, k “ 1, ¨ ¨ ¨ ,Ku the set of partial
assignments along with the capacity constraints for each
subteam, where each local assignment is given by:

Ck fi

´

`

ω0
k, ¨ ¨ ¨ , ω

Lk

k

˘

,
 

pmj
k, a

j
kq, a

j
k P A

(

¯

, (4)

of which the first part is the sequence of tasks assigned to the
k-th subteam, Lk is the total number of tasks in the sequence,
while the second is the minimum number of agents mj

k to
perform action ajk. Note that the number of subteams K is
not pre-defined and to be optimized.

Consider that H ą 0 tasks should be assigned within
the task graph Gt. A search-based algorithm is proposed to
determine the optimal subteam assignment ν‹. As summa-
rized in Alg. 1, starting from the root node as the empty
assignment ν0, the selected node is expanded by adding
the next feasible task to any of the subteam. In particular,
the assignment for the set of tasks that are currently being
executed remains unchanged, while the rest of the tasks
within Gt can be added if their preceding tasks are fulfilled
or being executed. More importantly, after adding ωLk

k to the
subteam k, the capacity constraint is updated as follows:

mj
k fi max

ajkPω
`
kPCk

tnju, @a
j
k P A; (5)

i.e., the maximum number of agents mj
k required for each

action ajk across the sequence of task ω`k. The search is termi-
nated when the number of assigned tasks for the fleet reaches
the horizon H , or the capacity constraints are violated, i.e.,

ÿ

kPK
mj
k ď

ÿ

iPN
1pajk P Aiq, @a

j
k P A; (6)



where the left-side is the resources required by the assign-
ment, and the right-side is the complete capacity of the fleet.
Lastly, the optimal assignment is selected from the complete
tree by evaluating the overall quality of each node, i.e.,

ξpνq fi ηLk
pν, Ωtq `max

kPK

 

tepω
Lk

k q
(

;

tepω
`
kq fi

´

max
ωjPPrepω`

kq

 

tepωjq
(

¯

` TnavpS
`´1
k , S`kq,

(7)

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

Prepω`kq is set of preceding tasks in the task graph Gt;
TnavpS

`´1
k , S`kq is the estimated navigation time from the

previous task region S`´1
k to the current task region S`k;

and ηpν, Ωtq is the estimated progress achieved by the
assignment ν w.r.t. the unfinished tasks. Denote by ν‹K
the optimal assignment for K subteams. The same search
procedure is repeated for different choices of K P H fi

t1, ¨ ¨ ¨ , Hu, for which the set of optimal assignments is
given by V‹ fi tν‹K , K P Hu. Within this set, the same
measure as in (7) is adopted to select the best choice of K
as K‹ and the associated assignment ν‹K‹ . It is worth noting
that the subteams tCku P ν‹K‹ only specify the constraints
on capacity, rather than specific agents.

Remark 3. Note that various heuristics can be applied to
prune the search space, e.g., elimination of symmetric nodes;
removing branches if its root node is worse than the current
best node. More numeric details are given in the Sec. IV. �

3) Redundancy-aware Subteam Formation: Given the op-
timal task assignment for subteams ν‹K‹ , the actual formation
of each subteam should be determined, i.e., to find the set
of subteams N fi tN1, ¨ ¨ ¨ ,NK‹u, where Nk1

Ş

Nk2 “ H,
@k1 ‰ k2 and Nk1 ,Nk2 Ă N . In other words, the robots
in Nk are assigned to the subteam Ck within ν‹K‹ .

This can be done in two steps: (I) The lower and upper
bound for each task is determined by the capacity constraints;
(II) A constrained min-max assignment problem is formu-
lated for the N robots and the first task of K subteams, i.e.,
the estimated starting time if robot i P N participates in the
first task of subteam Ck is given by:

tik fi pti ` Tnavppxi, S
1
kq, (8)

where pti and pxi are the expected time and position when
robot i becomes available after executing its current task (if
any); Tnav is the estimated duration to navigate to the task
region S1

k . It can be formulated as a mixed-integer linear
programming (MILP) problem over the possible robot-task
pairings with boolean variables tbiku, which can be solved
efficiently by existing solvers such as GLOP [33]. Thus, the
local task plan of each robot i P Nk is given by:

ξi fi pS
1
k, ω

1
kqpS

2
k, ω

2
kq ¨ ¨ ¨ pS

Lk

k , ωLk

k q, @i P Nk; (9)

as a timed sequence of tasks, where ω`k P Ω is the assigned `-
th task of subteam Nk P N ; S`k Ă W is the associated
region; and Lk ą 0 is the total length. Note that the total
number of tasks Ωt is much larger than the number of
subteams, and continually expanded online.

 

Fig. 2. Illustration of three types of local tasks described in Sec. III-B,
and the associated coordination strategy.

B. Local Task Coordination

Once the local task plans are derived, each robot i P N
starts executing its `-th task pS`k, ω

`
kq, i.e., to navigate to

region S`k and perform the task ω`k. The required sub-
tasks from (3) are denoted by J `k fi

 

pnj , aj , sjq, j “
1, ¨ ¨ ¨ , J`k

(

. Consequently, all agents in Nk should collabora-
tively fulfill these subtasks to minimize the overall duration.
More specifically, the local action plan of each agent i P Nk
for task ω`k is given by τi “ pt1i , g

1
i , a

1
i qpt

2
i , g

2
i , a

2
i q ¨ ¨ ¨ , as

the sequence of timed goal, positions and actions. The overall
objective of the local coordination is to optimize the collec-
tive plans τ `k fi tτi, i P Nku such that the makespan of ω`k,
denoted by T `k , is minimized, i.e., minτ `

k
tT `ku. However, as

specified earlier, there are uncertainties regarding the total
number of subtasks J`k and their locations tsju within the
task ω`k. Thus, depending on the characteristics of the tasks
and workspace, three different local coordination strategies
are adopted, as shown in Fig. 2.

1) Static and Known Tasks: As the first case, consider
that the locations and the number of subtasks are all known
and static. For instance, the task of “delivery” often consists
of several locations to visit in a region and collaboratively
deliver some objects, which are often known beforehand
according to orders. In this case, variants of the multi-vehicle
routing problem can be formulated as a MILP by enforcing
the collaborative actions at each location. The key is that the
constraints are formulated according to the navigation model
of each agent and the duration function η`k from (3) given
the assignment variables. The exact formulation is omitted
here due to limited space. Denote by τ `,‹k the resulting local
plans, which can be then sent to all agents.

2) Static and Unknown Tasks: For the second case, the
number and location of the subtasks are unknown or un-
certain, but the subtasks remain static and immobile during
execution. For instance, for the task of “search and rescue”,
the exact number of victims within the region is unknown
and can only be determined during online execution. Thus, a
simultaneous exploration and coordination (SEC) method is
proposed. To begin with, a collaborative exploration strategy
is adopted for the subteam N `

k to explore the region S`k for
potential subtasks, e.g., frontiers-based [34] and sampling-
based [35]. Without loss of generality, the set of exploration
subtasks at time t ą 0 is associated with the points to visit
in the region, denoted by J e

t . Moreover, numerous collab-
orative subtasks in J `k are detected at time t along with its



location and the required number of agents, denoted by J c
t .

Consequently, the set of known subtasks that has not been
fulfilled is denoted by Jt fi J e

t Y J c
t . Since the subtasks

in Jt are constantly changing, a rolling assignment algorithm
similar to Alg. 1 is adopted, i.e., to assign subtasks within Jt
in small batches via the optimal algorithm described in the
first case. This procedure continues until the region is fully
explored and all detected subtasks are completed.

3) Dynamic and Known Tasks: For the third case, the total
number of the subtasks and their locations are known, but
the subtasks are dynamic and mobile during execution. For
instance, the task of “collaborative capture” often requires
the agents to form subteams in order to surround and
capture numerous moving targets. In this case, the previous
two strategies are not suitable as the motion of subtasks
would quickly render the current plans highly suboptimal or
even infeasible. Thus, a dynamic coalition formation (DCF)
method is adopted for this case, as proposed in our earlier
work [31]. Particularly, each agent i P N `

k only decides
the next subtask to perform, along with other agents as a
coalition, i.e., i P Nj P pNt, where pNt fi tNj , j P J `k u is the
coalition scheme with all coalitions at time t ą 0; it holds
that Nj1XNj2 “ H and YjPJ `

k
Nj Ď N `

k . It has been proven
in [31] that the DCF method converges to a K-serial stable
(KSS) coalition scheme after a finite number of distributed
coordination. The detailed algorithm is omitted here due to
limited space. Afterwards, the agents would complete the
assigned subtask as coalitions and the coalition scheme is
updated each time a subtask is completed.

Remark 4. The case of dynamic and unknown tasks is not
considered since: (I) Without knowing the total number and
locations of subtasks, it is difficult to determine whether the
current task is completed; (II) A combination of the strategy
for the second and third cases above would suffice. �

C. Overall Framework

1) Online Execution and Adaptation: Initially at t “ 0,
given the initially-known workspace and mission descrip-
tions, the missions are decomposed into tasks, based on
which the set of local teams are formed as N . These tasks
are assigned to the teams with a given horizon H and a
redundancy ρ via Alg. 1, yielding the local plan ξk for each
team Nk P N . Afterwards, the teams start executing the
task pS`k, ω

`
kq P ξk by navigating to the desired region S`k

and performing the task ω`k. Depending on the exact type
of task ω`k, the set of subtasks J `k contained within ω`k
is executed by team Nk following one of the three local
coordination strategies to derive local action plans tτiu. Note
that all teams are executed concurrently, and all agents within
the same team are also acting in parallel.

The conditions for replanning are designed as follows: (I)
If more than half of the assigned H tasks are accomplished;
(II) If new missions are specified; or (III) If the local
coordination of certain subteams returns infeasible. During
replanning, the task assignment and subteam formation are
updated by calling Alg. 1 given the current system state.

Fig. 3. Snapshots of simulation at t “ 23s (Left) and t “ 62s (Right)
when new missions are released and replanning occurs.

However, the tasks that are currently being executed can not
be preempted, which is essential when there are significantly
more tasks than the number of subteams.

2) Complexity Analysis: In each iteration of Alg. 1, since
H tasks are assigned, the complexity reaches OpH2Hq.
During subteam formation, H ¨ N Boolean variables are
introduced to indicate the membership of agents in sub-
teams. Regarding different types of tasks, |Nk|pJ`kq2 in-
teger variables are introduced to solve the MILP for the
static and known tasks; the planning complexity for the
static and unknown tasks is OppJ`kq3q, similar to Alg. 1;
and the complexity for the dynamic and unknown tasks is
OppNωk

J`kqp2J
`
k`Nωk

q|Nk|q, where Nωk
is the upper bound

of agent number for each coalition [31].

IV. NUMERICAL EXPERIMENTS

To numerical validations, the proposed method is imple-
mented in Python3 and tested on a laptop with an Intel
Core i5-12500H CPU. The solver GLOP [33] is adopted for
integer optimization. Simulation videos can be found in the
supplementary files.

A. System Description

As shown in Fig. 3, the simulated fleet consists of N “ 80
heterogeneous agents in an open environment with map
size 30m ˆ 25m. The agents fall into 3 kinds with varying
capabilities: 20 Type-A agents capable of perception and
delivery, 30 Type-B agents capable of perception and grasp-
ing, and 30 Type-C agents capable of delivery and grasping.
Initially, the agents are distributed evenly at two bases. All
agents adhere to first-order dynamics and have a maximum
speed of 1.5m/s in simulation.

Moreover, there are |ϕt| “ 4 missions released at random
time instants, with an average interval µ “ 30s with a
standard deviation of σ “ 10s. The sc-LTL missions follow
a template of ϕi “ ♦pϕdel ^ ♦ϕsurvq ^ p ϕcapUϕsurvq,
where the 3 types of tasks are: “delivery” task, requiring
delivery or grasping for 2 different subtasks; “surveillance”
task, requiring perception; and “dynamic capture” task, re-
quiring delivery or grasping for 2 different subtasks. Delivery
tasks have in average 13 subtasks, and 15 subtasks for
surveillance tasks with a probability of 0.5 to be unknown.
The capture tasks have around 17 dynamic targets with



Fig. 4. Top: the number of subteams and their composition; Bottom: the
status of agents in different modes and the number of tasks.

speed 0.5m/s inside the region. The planning horizon is set
to H “ 6 and replanning conditions follow the III-C.

B. Results

As shown in Fig. 1 and 3, the first mission is known
initially, it takes 0.2s for the method from [29] to compute
its posets, yielding 8 tasks in total. Among these tasks, 8
pairs follow the “ĺ” relation and 1 for the “»” relation.
Moreover, it takes 1.1s for Alg. 1 to determine that subteams
are required with a predicted makespan of 41s. The subteams
consist of maximum 25 agents and minimum 4 agents.
For the first task of each subteam, the completion time
is in average 15.9s and in total 51 subtasks are detected.
The average planning time for 3 types of tasks is 0.3s,
0.2s and 0.5s, respectively. After 3 tasks are completed
at t “ 23.6s, replanning is triggered, yielding 3 new and 1
old subteams for the remaining tasks. At t “ 26s, another
mission is released, which contains 9 tasks with 10 relations.
Thus, replanning is triggered, yielding 3 subteams and a
predicted makespan of 48.1s, with a planning time of 0.13s.
The procedure continues with new missions released at 62s
and 90s, which leads to a total number of 30 tasks
and 492 subtasks. The complete mission is accomplished
at 154.3s, during which 12 replannings are triggered. As
shown in Fig. 3 and 4, the agents switch among navigation,
waiting for collaboration, and task execution, of which the
trajectories depend heavily on the type of tasks. Fig. 4 shows
that the number of subteams and their composition change
dynamically online, along with the number of tasks.

C. Comparisons

The proposed method is compared against six baselines:
(I) C-MILP-1, where a complete MILP is formulated for
all agents N and tasks Ωt similar to [7], [19], i.e., without
the subteam formation in Alg. 1; (II) C-MILP-2, which
formulates a complete MILP directly for all agents N
and subtasks tJ `k u, i.e., without the hierarchical scheme;
(III) SAMP-1, where a sampling-based planner from [6]

TABLE I
COMPARISON WITH BASELINES

Env. Methods Resp.
Time[s]

Ave/Max
Plan Time[s]

T/W/X
Agents

Succ.
Rate[%]N M J

80 30 492

Ours 62.7 1.4/4.9 20/11/37 100
C-MILP-1 88.5 100/192 16/6/26 100
C-MILP-2 28.3 19/64 12/10/25 86
SAMP-1 108.3 54/92 19/8/24 100
SAMP-2 40.7 5.1/16 23/5/20 85

Inf-H 77.5 ą 15min 24/17/31 100
Greedy 112.1 0.3/0.6 33/9/30 100

TABLE II
SCALABILITY ANALYSIS

Env. Resp.
Time[s]

Ave/Max
Plan Time [s]

T/W/X
Agents

Succ.
Rate[%]N M J α

120 50 824 0.05 95 1.6/4.6 33/10/39 100
0.1 102 1.7/4.9 26/9/35 100

150 80 1319 0.05 153 1.8/5.1 37/12/37 100
0.1 165 2.1/6.2 12/11/34 97

is adopted for all agents and tasks; (IV) SAMP-2, which
applies the sampling-based planner directly to subtasks; (V)
Inf-H, which is the same as our method but with a infinite
horizon H , i.e., all known tasks are assigned in Alg. 1; (VI)
Greedy, which assigns maximum one task to each subteam,
i.e., without the horizon H . As summarized in Table I.
the proposed method excels at almost all metrics including
response time, planning time and success rate, compared with
C-MILP-1,2 and SAMP-1,2. Particularly, via the proposed
hierarchical solution, the planning time is 50 times lower
than C-MILP-1 and SAMP-1 that directly assign agents
to tasks. Moreover, the methods C-MILP-2 and SAMP-2
often leads to unsuccessful executions without considering
uncertainties in subtasks. Lastly, the maximum planning time
for Inf-H can be prohibitively long (ě 15min), while Greedy
deploys 65% more agents in travelling than our methods.

D. Generalization

For further validation, the fleet size is further increased and
the agents can fail with a probability of α. (I) Scalability:
As summarized in Table II, when the fleet size is increased
to 120 and 150, while the number of tasks to 50 and 80,
at α “ 0.05, the average planning time is increased by
12.5% from 1.6s to 1.8s, while the maximum planning time
increases from 4.6s to 5.1. Moreover, the average response
time decreases from 95 to 153, as the average number
of deployed agents increases from 82 to 86. (II) Failure
Recovery: When α “ 0.05, the success rate remains 100%
for 150 agents even when the task number reaches 80.
However, the success rate drops to 97% when the failure rate
reaches 0.1, due the limits of remaining agent capacities.

V. CONCLUSION

This work proposes a hierarchical coordination framework
(HULK) that combines the global task assignment and the
local subtask coordination, under continual and uncertain
collaborative tasks. Future work includes human interaction
and motion constraints.
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