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ABSTRACT

In Multi-Agent Systems (MAS), decentralized task allocation is an
important topic that holds potential for scalability and robustness to
failure points within the MAS. Classical decentralized approaches
suppose that the communication graph of the agents is connected,
namely that any two agents of the MAS are able to exchange in-
formation. However, this assumption is often invalid, especially
when the agents have limited communication range and are mov-
ing. In this paper, we are interested in decentralized task allocation
when agents have a limited communication range and receive dy-
namically tasks during the mission. We first introduce a procedure
that extends decentralized algorithms to dynamic scenarios and
limited communication range. However, agents that are not able
to communicate between themselves may still plan on the same
tasks and produce redundant executions, which is typically unfa-
vorable to the allocation optimality. In response to this issue, we
develop a novel algorithm leveraging generation of rendezvous
points within the Consensus-Based Bundle Algorithm, that we
call RDV-CBBA. This method enforces synchronization points to
reduce conflicts between agents and thus task redundancy. Exper-
iments show that RDV-CBBA outperforms significantly classical
state-of-the-art methods extended to dynamic task allocation in
terms of Total Distance (Min-Sum) objective, especially when the
communication range is low.
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1 INTRODUCTION

Multi-Agent task allocation is pivotal for applications like Search
and Rescue [30], disaster response [26], logistics [23], surveillance
[13], and satellite scheduling [24], requiring efficient fleet coordi-
nation. A key challenge is developing decentralized approaches
where agents compute allocations locally, providing scalability.

In this paper, we study a task allocation scenario where agents
have limited communication range, i.e. they can only communicate
with agents within their communication range, and are all periodi-
cally notified of the arrival of new tasks during the mission, and
likely while they are traveling to complete previous tasks.

Prominent task allocation methods include Distributed Con-
straint Optimization Problems (DCOPs) [11, 26, 29], which op-
timize constraint functions that quantify the value of joint allo-
cations among agent subgroups. Another class of methods con-
sists of auction-based algorithms like the Consensus-Based Bundle
Algorithm (CBBA) [7] and its extensions (ACBBA [16], PI [30],
CBTA [28] etc.), which alternate between bidding and consensus
phases. Alternatively, some approaches have extended the Hungar-
ian Method [14, 27], efficiently matching agents to task clusters.
Apart from DCOP algorithms, these methods generate disjoint
(conflict-free) plans. However, they typically rely on the assump-
tion of a connected communication graph, i.e. any two agents are
able to communicate with each other, by eventually using other
agents to relay their messages. They also assume that all tasks to
service are known in advance by the agents.

In practice, mobility and limited communication ranges often
fragment the network into disjoint “islands”. This is critical in
dynamic scenarios where scattered agents receive new tasks but
lack the connectivity to negotiate conflict-free plans.

Previous work on limited communication often focuses on static
tasks [2] or relies on opportunistic coordination [22]. However, the
latter is driven by chance encounters and may be insufficient for
dynamic scenarios with strict objectives. Synchronization strategies
based on rendezvous have also been proposed. [8, 10]. Rendezvous
methods gather agents closed enough such that they able to commu-
nicate and coordinate. Nevertheless, these approaches either require
computational resources to determine a rendezvous location, or
lack explicit optimality-driven rendezvous selection.



Our contributions are twofold: (1) We introduce a general dy-
namic allocation procedure, which is based on opportunistic en-
counters to allow agents to handle dynamic arrival of tasks and
synchronize in a decentralized manner. (2) We propose RDV-CBBA
(Rendezvous CBBA), a method that explicitly integrates the selec-
tion of rendezvous points into the decentralized allocation algo-
rithm CBBA. RDV-CBBA enforces periodic connectivity by calcu-
lating optimal meeting points, using the Barycenter or the Fermat-
Weber solution [3] for total distance. This ensures that agents con-
nected at one instant regain connectivity later, allowing them to
merge knowledge, resolve conflicts, and replan as tasks appear.

2 PROBLEM STATEMENT

Notations: We consider that usual operations on sets (e.g. |.|,U,N,\)
are valid on tuples, by assimilating them to the set of their elements.

The problem addressed in this paper is formulated as a dynamic
Open Vehicle Routing Problem (OVRP), a variant of the VRP where
agents are not required to return to the depot. This scenario closely
models surveillance missions where a fleet of UAVs is initially de-
ployed from a base. Subsequently, new points of interest are dy-
namically communicated by a mission center to all agents and must
be visited while minimizing the cumulative travel time of the fleet
(Min-Sum objective).

Task and Agents Definition
Let 7 = {il,...,
timestep ¢, we denote the positions of the agents as x;, (¢), . . .,
Each agent i has a velocity v;, meaning that between two timesteps
t and t + 1, any agent i can travel a distance of at most v;.

Let  be the set of all possible tasks. At each timestep t, a
finite set of new tasks Jopp(t) = {j1(t), j2(t),.... ji, (1)} C g
appears, with cardinality k; € N. By convention, k; = 0 implies
that Jopp (1) = 0. We denote by J(t) = Uy <; Japp(t’) the set of
all tasks that have appeared up to timestep ¢. Furthermore, let ¢;

in} be the set of agents in the problem. At each

denote the appearance time of any task j € J. During the mission,
agents complete tasks, and we denote the set of tasks completed
by timestep t as Jgone(¢). Consequently, the set of actual tasks
available at timestep ¢ is given by T =T )\ Faone (£).

Agents are constrained by a communication range r. At any
timestep ¢, an agent can only communicate directly with the other
agents within its communication range. We define the Commu-
nication Graph G(t) = (V(¢),E(t)) where vertices correspond
to the agents, i.e., V(t) = 7. An edge exists between any two
agents if they are within a distance of at most r, formally E(¢) =
{(i, k) e I? | ||Ixi(t) —xc (D) € r}. We define Connectivity Islands
(CI) as the connected components of this communication graph.
Within each CI, there exists a path of edges linking any two agents,
ensuring mutual reachability. We denote by N;* (t) the specific CI
to which agent i belongs at timestep ¢, and by D(t) the diameter
of the graph G(t). Consequently, agents can only exchange infor-
mation with others belonging to their current set N;*(t). While
agents only communicate with neighbors within range r, messages
are effectively propagated via multi-hop propagation to reach all
agents in the island. An example of a MAS spatially partitioned
into two CIs is presented in Figure 1.
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Figure 1: Two Connectivity Islands: {ij,is, i3} and {i4, is}.
Agents i; and i3 are not directly connected but belong to the
same CI because Agent i, acts as a relay.

Optimization Problem

To model the optimization problem, we first introduce the follow-
ing definitions. Let 7;(p;) denote the time required for agent i to
complete its path of tasks p;.

DEFINITION 1 (ADMISSIBLE PATH). For an agenti € I, a path

is defined as a tuple p; = [jl, -'-’j\pil]: where j, € jfor allt €
[L, |p:l]- This path is admissible if and only if:
(1) jo % jmsV (6 m) s.t.€ # m, and (2) ’Ti([jl,...,jk]) >t Vk €
[L, |pil]. Constraint (1) ensures that an agent visits any specific task
at most once. Constraint (2) ensures temporal causality, meaning an
agent arrives at a task location only after the task has appeared. We
denote the set of all admissible paths for any agent as P.

DEFINITION 2 (ADMISSIBLE ALLOCATION). An admissible path
allocation p = {p;,, ..., piy) is a tuple of joint admissible paths such
that every task is covered, i.e., \J;c 7 pi = . The set of all admissible

allocations is denoted P £ P11,

DEFINITION 3 (CONFLICT-FREE ALLOCATION). An admissible al-
location p = (pi, ..., piy, ) € P is conflict-free if p; N pr. = 0 for all
distinct pairs (i, k) € T2, Hence, each task is allocated to one agent.

The task allocation optimization problem is defined as minimiz-
ing the total travel time (Min-Sum objective).

PrOBLEM 1 (IDEAL OPTIMIZATION PROBLEM).

mm Z Ti(pi) (1a)
Pte P

st. piNpe =0, V(i,kyeT?sti#k.  (1b)

The objective function Y, T;(p;) represents the cumulative travel time
of the fleet, which serves as a proxy for global energy consumption.
Constraint (1b) enforces a conflict-free allocation. Note that all tasks
are covered as the space of solutions is P (cf. Definition 2).

This problem formulation is "ideal” (or offline) because it assumes
that agents possess a priori knowledge of all tasks j € . including
their appearance times, before the mission begins. In a realistic
scenario, agents are notified of new tasks dynamically during the
mission. Consequently, they must solve the allocation problem for
these new tasks online, often while unable to communicate with
other agents due to limited communication ranges. Therefore, in
Section 4, we propose a decentralized method to solve online this
dynamic problem efficiently.



3 RELATED WORK
3.1 Decentralized Task Allocation

Decentralized techniques for multiagent task allocation include Dis-
tributed Constrained Optimization Problems (DCOP) algorithms,
which optimize utility sums among neighbors [5, 11, 29]. While
suited for problems with high inter-dependencies, these meth-
ods are often myopic, preventing efficient path planning and are
prone to conflicted allocation. Auction-based methods, such as
the Consensus-Based Bundle Algorithm (CBBA) [7] typically al-
ternate between a bidding phase and a consensus phase. CBBA
guarantees convergence in a conflict-free allocation in finite num-
ber of iterations as well as 50% optimality for Diminishing Mar-
ginal Gain functions in fully-connected communication graphs. The
Global CBBA (GCBBA) restores this guarantee for any communica-
tion graph and is also faster to converge [17]. Many more exten-
sions have been designed to tackle more complex problems like
communication asynchronicity (ACBBA [16]), coalitions (CBTA
[28]), search and rescue (PI [30]), and human-guided allocation
(I-CBBA [12]). Optimization-based algorithms like the Distributed-
by-Matching Clones Hungarian-Based Algorithm (DMCHBA) [27]
offer a very competitive alternative using first task clustering based
on the Hungarian Method [20], and then routing. However, these
algorithms primarily assume a connected communication graph
at every timestep. In dynamic missions, as the network topology
changes, conflict-freeness is lost and performance deteriorates be-
cause agents may do redundant actions.

3.2 Limited Communication and Dynamic Task
Arrival

Cao et al. [4] analyzed the impact of packet loss on decentralized
task allocation algorithms with dynamic task arrival. They found
that CBBA maintains better optimality while Hungarian methods
exhibit fewer conflicts. However, they did not address topological
disruption caused by mobility, e.g. due to limited communication
range. Ponda et al. [25] addressed time-constrained tasks and dy-
namic scenarios but relied on a mission center to select communi-
cating subgroups, which does not enter our scope of study. More
recently, Bai et al. [2] proposed the Distributed Auction Algorithm
(DAA) for static batches, which merges plans when disjoint groups
meet. Their approach relies on agents distinguishing between neigh-
bors they had met previously and those they had not. However,
relying on the "novelty" of neighbors is less relevant in dynamic
settings because of the dynamicity of the set of tasks to execute.

3.3 Coordination via Rendezvous

The concept of rendezvous is well-established in control theory
[6, 18, 21] and multi-agent exploration [9]. Relevant applications
include: (1) Supply and Refueling: Do et al. [10] address a task alloca-
tion problem where supplier and receiver agents must rendezvous
for battery recharging. Their method is centralized, first generating
individual plans and subsequently selecting a rendezvous point
from a candidate list to insert into the agents’ trajectories. (2) Op-
portunistic Exploration: Luperto et al. [22] tackle area exploration
with communication-constrained agents, and use backtracking to
high-connectivity areas (e.g. corridors) to increase data exchange

likelihood. (3) Synchronization Instants: Da Silva and Chaimow-
icz [8] treat exploration as a scheduling problem with random
rendezvous points. While opportunistic encounters lack strict syn-
chronization, explicit strategies like [10] ensure coordination but
have not yet been adapted to dynamic auction mechanisms and
may be computational depending on the size of the rendezvous
candidates set. On another hand, Bai et al. [1] proposed a barycenter
rendezvous for static scenarios and in a semi-centralized setting.
Our work bridges this gap by calculating geometric rendezvous
points (Barycenter, Fermat-Weber [3]) in a decentralized manner
to forcefully synchronize agents for efficient replanning.

4 DECENTRALIZED DYNAMIC ALLOCATION
FRAMEWORK

The ideal optimization problem formalized in Section 2 assumes
that all tasks and their appearance times are known a priori. In
this section, we present the practical online problem solved by the
agents and introduce a general decentralized procedure to approxi-
mate the optimal solution of Problem 1 under dynamic conditions.

4.1 Practical Task Allocation Problem
At any timestep ¢, agents receive a new batch of tasks and must

solve the following practical optimization problem:

PROBLEM 2 (PRACTICAL OPTIMIZATION PROBLEM).
max ). Y ey(pilt) xy (2a)
i€ T jeg ()
s. L. Xij € {0, 1},

inj =1,

iel

V(i,j) eI xJ(t), (2b)
Yjie J(t), (20)

where the binary variable x;; indicates whether task j is assigned to
agent i, p;(t) is the current path of agent i, and c;;j(pi(t)) represents
the utility gain of adding task j to p;(t). To guarantee algorithmic
convergence (see Section 5.2), c;; serves as a proxy for the Min-Sum
objective rather than its strict marginal cost. Equation (2c) ensures
all tasks are covered without conflicts.

Crucially, agents cannot efficiently solve Problem 2 in a decentral-
ized framework if the communication graph G(t) is not connected.
Two disconnected Connectivity Islands may unknowingly allocate
the same tasks, violating the conflict-free constraint, since they are
unaware of each other’s allocation. This leads to task redundancy
and suboptimal performance. To address this, we present a proce-
dure tackling the dynamic problem while mitigating inter-agent
conflicts.

4.2 Dynamic Allocation Procedure

In the following analysis, we focus on the allocation procedure at
timestep ¢ and we omit the time dependency ¢ for brevity. Recall that
N;" denotes the CI to which agent i € 7 belongs and let Jcd
denote the set of available tasks known to agent i. In this section,
Ji = Japp for all i € 7, i.e., it is a local copy of the appearing tasks.

We propose a novel dynamic allocation method (Algorithm 1)
that extends the work of Bai et al. [2], initially for a single batch of
tasks. The key features are:



(1) Task Synchronization: Upon connecting with a CI, agents
communicate both their available and completed tasks to
ensure coordination and prevent future redundancy (Line 5).
They explicitly remove already completed tasks from their
current paths.

(2) Lazy Allocation: Agents initially assign themselves the newly
appearing tasks (Line 4). Reallocation is triggered using a
conflict-free decentralized algorithm only when agents en-
counter a CI where task conflicts are detected (Lines 7-9).
This strategy avoids unnecessary computations on already
settled tasks, preserving resources and algorithm stability.

At the end of each timestep (Line 10), agents update their position
x; and their path p;.

Algorithm 1 Dynamic allocation procedure for agent i

1: procedure DYNAMIC AGENT i

2: while True do > Iterates for each timestep t

3: Ji — Fapp > Receive new tasks from mission center

4: pi — Add tasks from J; to path

5: N;r, UkeNi* Pk mkeNi*Pk « Update the CI N:r

6: > Check for conflicts within the CI

7: iflﬂkeNi*Pkl > 0 then

8: pi—0 > Reset p;

9: pi < Run Allocation Algorithm within
community N} on tasks UkeNl.* pr > The algorithm is
conflict-free

10: | | x;,pi < Move along path > Update position and path

This procedure is generic and can wrap any decentralized task
allocation algorithm (Line 9). The method relies on opportunistic ren-
dezvous and does not strictly guarantee a conflict-free global state
at all times. When new tasks appear while agents are disconnected,
they may locally allocate the same tasks, leading to potential redun-
dancy until connectivity is restored. Furthermore, this procedure
requires agents to ping for neighbors at each timestep.

However, if agents are prohibited from re-taking a task they have
previously conceded to another agent, convergence is guaranteed,
as stated in the following theorem:

THEOREM 1 (CONVERGENCE OF ALGORITHM 1). Given any conflict-
free allocation method, and assuming that the total task set g =
Utso Japp(t) is finite and agents are notified of the same task set
Japp(t) at each timestep t, agents will eventually complete all tasks,
possibly with intermediate conflicts.

PrOOF. Let t be the time instant when all tasks in § have ap-
peared. Since no further tasks arrive after ¢, the problem reduces to
a static allocation on the remaining set J (¢). All agents initially
plan routes for the remaining tasks 7 (¢) (cf. Line 4), ensuring cov-
erage J (t) € User pi(t). For any agent i, the path p; is modified
only when meeting other agents. Crucially, any task released by
agent i during conflict resolution is necessarily allocated to another
agent (cf. Line 9). Hence, for any task j € J and timestep t’ > t:

i e (Jpi)) U Taone(®). 3

iel
The path p;(¢) can only be modified a finite number of times, which
is bounded by |7| — 1. Indeed, if an agent meets any other agent

in the MAS, applies a conflict-free allocation algorithm with them
(Line 9), and without possibility to re-obtain a lost task, then it will
reach conflict-free consensus with the whole MAS. Therefore, the
path of each agent stabilizes after a finite number of modifications,
allowing them to complete their assigned tasks. Let tenq > t be the
first timestep where all agents have completed their paths. From
Equation (3), it follows: Vj € j’, J € Jdone (tend)- ]

5 RENDEZ-VOUS CBBA (RDV-CBBA)

5.1 General Procedure

In Section 4, we have presented a general procedure extending any
decentralized task allocation method to handle dynamic task arrival
and limited communication range. However, this procedure fails to
be conflict-free because agents from different CI may plan on the
same tasks and not even meet to revise their plans. This impacts
negatively performance since it generates unnecessary travels. In
this section, we present the method RDV-CBBA to address this
drawback. The RDV-CBBA framework exploits the fact that all
agents belong to a single CI at the start of the mission. The core
idea is to periodically restore this global connectivity to enable
efficient coordination. We propose two variants of this approach: a
Myopic version (Algorithm 3) and a Proactive version (Algorithm 4).
In the Myopic variant, agents first meet and then plan a rendezvous
point based on their allocated tasks. Conversely, in the Proactive
variant, agents dynamically compute a future rendezvous point as
soon as new tasks appear, before strictly needing to meet.

In this section, the available task set J; for any agent i € I
corresponds to the set of tasks arrived since previous rendezvous,
i.e. for any timestep t, which previous rendezvous instant is t; < ¢,

we have j(t) = Ut’s[[t,tl]] «pr(tl)'

5.2 Principles of the Global CBBA (GCBBA)

We recall the principles of the GCBBA, an efficient method for static
task allocation which is key to RDV-CBBA. The GCBBA is an im-
provement of the baseline CBBA by accelerating convergence and
handling any type of connected communication graph in static task
allocation [17]. In this subsection, let J denote generally any batch
of tasks to be allocated, and any CL In this approach, any agent
iel iteratively places a bid ¢;;(p;) on each task j € J (Auction
phase) to then negotiate assignments with its peers (Consensus
phase). Bids correspond exactly to the marginal utilities in Problem
2. The convergence of GCBBA is guaranteed within |J| iterations,
provided that the bidding function satisfies the Diminishing Mar-
ginal Gain (DMG) property, similar to submodularity in resource
allocation [19].

DEFINITION 4 (DIMINISHING MARGINAL GAIN (DMG)). A bidding
function c;; satisfies the DMG property if, for any agent i € 7, any
path p;, and any two distinct tasks j,k € J \ p;, the inequality
cij(pi ®¢ k) < cij(p;) holds for all insertion indices ¢ € [1, |p;| + 1],
where (p; ®, j) denotes the path p; with task j inserted at position .

The GCBBA procedure is outlined in Algorithm 2. The conver-
gence detector used originally is omitted for simplicity, but con-
vergence is still guaranteed. It utilizes the following variables and
functions, largely inherited from standard CBBA:



Algorithm 2 Global Consensus-Based Bundle Algorithm (GCBBA)

1: procedure GCBBA

2: T—0

3: | while (T < |J]) do

4: forie I do > Auction Phase
5: | (zi, yi, pi) < ADD(z;, Y1, pi)

6: for tcons € [1,2D] do > Consensus Phase
7: Tioc < 2D T+ teons > Global iteration marker
8: forie 7 do

9: L SEND(y;, si) > Broadcast to neighbors N
10: RECEIVE((ym)mENis (sm)mENi)

11: forie 7 do > Conflict Resolution
12: for k € N; do

13: L (zi, Yi» pi) < RESOLVE(y;, Yk, Si)

14: L si < S=UPDATE(Tjoc, Si»Sk) = Update timestamps
15: T—T+1

16: | return (p;), ;

(1) N; ={k € T\ {i} | Ix; - %kl < r}: The set of neighbors of
agent i, defined by the communication range r.

2) yi = (yij)jej: A vector where y;; € R represents the highest
bid for task j known to agent i.

3) z; = (zij)jej: A vector where z;; € T indicates the winning
agent for task j as perceived by agent i.

(4) si = (Sik)c 7 A timestamp vector where s;; € N records the
last GCBBA iteration (variable T in Algorithm 2) in which
agent i received information from agent k.

(5) ADD: A method that attempts to insert a task j € J into
agent i’s path at the optimal position, provided the marginal
gain exceeds the current highest bid y;;.

(6) RESOLVE: A conflict resolution method based on local com-
munication. Whether to keep or release tasks is decided
through a rule table (see [7, Table 1]).

The bidding function c;; is critical for aligning the GCBBA so-
lution with the Min-Sum objective (Problem 2). However, stan-
dard marginal costs derived directly from the Min-Sum objective
(Ti(pi ®; j) — Ti(p;i)) do not satisfy the DMG condition (Definition
4), which is required for convergence.

While "warping" technique exists to artificially enforce DMG
[15], it forces agents to misreport task valuations, which distorts
the optimization landscape. Therefore, we adopt the Total Path Bid
proposed in [17], which is proven to be DMG:

DEFINITION 5 (ToTAL PAaTH BID). For any path p; and task j €
J \ pi, the Total Path bid is defined as:

cij(p)) =X —  min  Ti(p; & j), (4a)

1<<|pil+1
where X is a sufficiently large constant ensuring c;; > 0.

Using this bidding scheme, the winning agent-task pair (i*, j*)
selected at a GCBBA iteration satisfies the following equation:
(i*,j*) = arg min(i’j)ejxj Ti(pi ®p j). Consequently, this bid pri-
oritizes agents capable of completing the task with the lowest total
path duration. While this implicitly promotes load balancing, it
serves as a robust proxy for the Min-Sum objective while maintain-
ing the necessary theoretical convergence guarantees.

5.3 Myopic RDV-CBBA

First, we introduce Myopic RDV-CBBA, wherein agents meeting
at a rendezvous (RDV) use GCBBA to allocate available tasks and
determine a new RDV at the end of their paths. The Myopic RDV-
CBBA procedure is detailed in Algorithm 3. Initially (or upon reach-
ing a rendezvous), agents are co-located and fully connected (Line
4). They execute the GCBBA algorithm on the available tasks J;
to generate conflict-free paths. Critically, they identify the set of
“path-ending” tasks, denoted as Jast = U;e 7 {pi |p;|} (Line 5). Based
on these final task locations, the agents effectively compute a con-
sensus rendezvous (RDV) point, such as the barycenter of Fj,st, and
append it at the end of their paths (Lines 6-7). Other methods for
selecting this point are discussed in Section 5.6. Figure 2a describes
an example of myopic rendezvous planning.

Agents then execute their paths (Line 9). The RDV is considered
reached when agents are within a distance of /2 from it, as it is
sufficient to ensure full connectivity. Once synchronized at the RDV,
the process repeats for any new tasks received during travel.

Algorithm 3 Myopic RDV-CBBA for agent i

: procedure RDV-CBBA(M) AGENT i
while True do
i — Ju Fapp > Receive new tasks from mission center
if (all k € 7 at (RDV OR initial position)) then
Pis Jast «— GCBBA within 7 on tasks KA
RDV « Compute RDV based on Jiast
Pi < Pi ®end RDV > Append RDV to end of path
Ji 0
X;, pi < Move along path

R A A

5.4 Proactive RDV-CBBA

The myopic rendezvous method allows the agents to agree on the
next meeting point each time they meet. Before the agents arrive
at this next meeting point, new tasks may have appeared, making
this next meeting point inefficient if it is far from the new task
locations. We hence propose a second version of RDV-CBBA, lever-
aging proactive rendezvous. In the Proactive procedure (Algorithm
4), agents initially generate a plan via GCBBA without immediately
selecting a rendezvous location (Lines 5-7). While no new tasks ap-
pear, agents execute their paths normally. However, upon receiving
a new batch of tasks, agents dynamically compute a RDV location
based on the geometry of these new tasks and append it to their
current plan (Lines 9-10).

This approach allows agents to move towards the new task clus-
ter before meeting, thereby anticipating future demand. This con-
trasts with the myopic strategy, which may pull agents back towards
completed tasks. See an example of proactive rendezvous planning
in Figure 2b. Once the RDV is reached, agents effectively re-plan,
and the cycle continues.

5.5 Analysis

In this subsection, we provide the conditions for RDV-CBBA to
converge under both myopic and proactive methods. Moreover,
we discuss the success of convergence when new tasks are not
simultaneously communicated to all agents.



(a) RDV-CBBA(M): RDV point (pink diamond) based
on the barycenter of the path-ending tasks {1, 2,4}.

(b) RDV-CBBA(P): RDV point (pink diamond) based
on the barycenter of the newly appearing tasks
{6,7,8,9,10}.

Figure 2: Comparison of Myopic and Proactive RDV-CBBA strategies. Triangles surrounded by a circle represent the agents and

their communication range, crosses stand for tasks.

Algorithm 4 Proactive RDV-CBBA for agent i

: procedure RDV-CBBA(P) AGENT i
while True do
Ji— Jiu Fapp > Receive new tasks from mission center
if (all k € 7 at (RDV OR initial position)) then
pi < GCBBA within 7 on tasks KA
Ji <0
RDV « None
else if (; # 0) AND (RDV == None) then
RDV « Compute RDV based on J;
Pi < Pi Dend RDV
Ji =0
| X;,pi < Move along path

R A

[
22

THEOREM 2 (CONVERGENCE OF RDV-CBBA). Let us assume that
every agents are notified of the same task set Japp(t) at each timestep
t. The Myopic RDV-CBBA allocates every task set sequence (J"):>0
while guaranteeing a conflict-free solution. The Proactive RDV-CBBA
guarantees the same properties, provided that agents independently
compute the same rendezvous point.

Proor. For the Myopic version, the proof follows by induction.
At t =0, agents are connected and obtain a conflict-free allocation
and a RDV location via GCBBA. Since the RDV is appended to
the end of the path, agents are guaranteed to meet again. When
the RDV is reached, the connectivity is restored, and the process
repeats for any accumulated tasks.

For the Proactive version, the logic is similar but relies on the com-
putation of a unique RDV point. It is necessary that all agents use
a deterministic algorithm to identify rendezvous on their available
tasks E, Vi € I.1f this holds, they meet at the intended location
and proceed to the conflict-free allocation phase (Line 5). Else, they
would wait indefinitely for neighbors at their respective RDV. 0O

It is important to note that in our study, at any timestep ¢, the
mission center notifies every agents about the new tasks Jopp ().
It implies that agents share at any t exactly the same available
tasks (J;);c 7, making these variables implicitly synchronized. If

this does not hold, for example due to communication failure (lost
message from the mission center, delayed messages ...), this impacts
the two RDV procedures as follows. (1) Myopic RDV-CBBA.: if at ¢,
at least one agent receives the set J,p, (%), then this set is shared
among all agents at the rendezvous point (Line 5 of Algorithm 3),
and planning is done as if all agents have received it. Theorem 2
is still valid for the myopic version. (2) Proactive RDV-CBBA: if at
t, at least one agent does not receive Jopp (t) when no RDV is yet
selected, then agents will plan on at least two different RDV (Lines
9-10 of Algorithm 4). Theorem 2 fails for the proactive version. The
Myopic RDV-CBBA is hence theoretically much more robust
to communication failure.

5.6 Methods for Selecting Rendezvous

In this section, we present three distinct strategies for selecting
rendezvous points. While the formulations below minimize travel
distance, they can be trivially adapted to minimize travel time by
incorporating agent velocities.

Depot Rendezvous: A trivial strategy is to designate the initial
depot as the rendezvous point. While this approach requires no
computation, it lacks adaptability to the spatial distribution of tasks
and agents, likely inefficient if tasks appear far from the depot.

Barycenter Rendezvous: A geometric approach is to compute
the barycenter (centroid) of a set of points. Let S be a set of positions
of interest. In our application, S represents either the locations of
the final tasks in the agents’ current paths (Myopic) or the locations
of anewly arrived task batch (Proactive). Identifying tasks with their
spatial coordinates, the barycenter B is given by B = ﬁ 2jesJ It
satisfies B = arg minpegz 2. jes ||j — P|2

Fermat-Weber Rendezvous: The point that minimizes the sum
of Euclidean distances to a set of points is the solution to the Fermat-
Weber problem: minpeg2 3’ ;es wj - |1j — P||, where w; is a weight
associated with point j. The solution is unique provided the points
in S are not collinear. The Weiszfeld algorithm provides a robust ap-
proximation given an initial guess and a fixed number of iterations
[3]. This solution is denoted FW. While the FW point theoretically



aligns with the Min-Sum objective, it does not guarantee global
optimality for the combined allocation-routing problem. Indeed,
simultaneously optimizing task allocation and rendezvous location
is a much harder problem than solving them sequentially [10].

6 EXPERIMENTS
6.1 Description

The mission scenarios we consider take place in a rectangular do-
main defined by [-20,20] x [-20,20]. Each agent i € 7 has a
uniform travel speed v; DU/TU (Distance Unit / Time Unit), drawn
from uniform distribution:

v ~U([5,20]), Viel. )

All agents initiate the mission from the depot at (0, 0). We evaluate
fleet sizes of |I| € {3,4,5} and communication ranges of r €
{1,3,5} DU. Between two timesteps t and t + 1, agents receive a
new batch of tasks Jpp(t) and may travel a maximum of v; DU
along their paths. In our study, 10 tasks are generated every 5
timesteps, for a total of 50 tasks. Hence, including the initial batch
at t = 0, all tasks have arrived at t = 20.

Task positions are generated using two distinct processes. The
first, denoted Dy, uses a Uniform distribution (6). The second,
denoted Dy, uses a bivariate Normal distribution (7) to simulate
an area of high task density.

Jj ~ Uy ([-20,20]%),

J~ N ([_11)0] ’ (100 100))’

Tasks generated by (7) are clipped to the mission area boundaries.
The performance metrics evaluated are the Min-Sum objective
(total travel time) and the number of conflicting task assignments,
averaged over 100 random scenarios.

vVjied, (6)
Vied. 7)

6.2 Comparing Rendezvous Methods

We refer to the RDV-CBBA variants using Depot, Barycenter, and
Fermat-Weber rendezvous points as Depot, Bary, and FW, respec-
tively. We distinguish the Myopic and Proactive versions with the
suffixes (M) and (P) (e.g., FW(M) and FW(P)). For these experi-
ments, the communication range is fixed at r = 1 DU. The FW
rendezvous location is calculated using the Weiszfeld Algorithm [3]
initialized at the barycenter, with 1000 iterations. For the Myopic
version (FW(M)), the weight associated with each path-ending task
jll“t € Jhast is w; = 1/v; (prioritizing slower agents). For the Proac-
tive version (FW(P)), all weights are equal to 1. Table 1 presents the
average Min-Sum values for both task distributions.

Algo Fleet size Min-Sum (Dy) Min-Sum (Dy)
Depot(M) 3/5/10 61.0 / 69.7 / 68.3 55.8 /58.7 /59.2
Bary(M) 3/5/10 58.4/69.6/74.8 46.7 / 54.4/59.4
FW(M) 3/5/10 57.1/69.3/69.8 46.1/53.1/57.6
Bary(P) 3/5/10 55.8/65.0/73.5 45.2/50.6/57.6
FW(P) 3/5/10 56.2/65.3/74.6 45.2/50.8 / 60.3

Table 1: Min-Sum comparison of RDV strategies.

The results indicate comparable performance across all ren-
dezvous methods when tasks are uniformly distributed, with FW(M)
and Bary(P) performing best by a narrow margin. The Depot ren-
dezvous also performs reasonably well in this case because the
center of the area coincides with the expected value of the uniform
distribution.

For tasks drawn from Dy, the Depot rendezvous is ill-suited,
as it forces agents to return to the center of the arena rather than
remaining in the zone of high task density. Conversely, FW(M) and
Bary(P) adapt better, placing the rendezvous within this zone.

FW(M) maintains a competitive performance with Bary(P) as
well as superior robustness in practical communication settings
(see Section 5.6). We reference it simply as RDV-CBBA and use it
as the baseline for the subsequent comparative experiments.

6.3 Comparison with Dynamic Task Allocation
Baselines

In this section, we compare the performance of RDV-CBBA against
three state-of-the-art decentralized methods adapted for dynamic
scenarios using Algorithm 1: GCBBA [17], the PI heuristic [30], and
DMCHBA [27]. Pl is an extension of CBBA designed for complex
objective functions and exploration, while DMCHBA utilizes a
distributed Hungarian method followed by a TSP routing phase.
For GCBBA and PI, we use the bidding scheme defined in Equation
(4) and a greedy insertion heuristic for path creation.

Figures 3 and 4 present the Min-Sum values and the number
of task conflicts, respectively, for tasks generated via Dy. We
also include a lower bound labeled UR-GCBBA (Unlimited Range
GCBBA), representing the performance of GCBBA in a fully con-
nected network where conflict-free allocation is guaranteed.

Min-Sum Performance: When the communication range is strictly
limited (r = 1), the dynamic algorithms GCBBA, PI and DMCHBA
perform poorly, with performance deteriorating as the fleet size
increases due to high task redundancy (multiple agents complet-
ing the same task). As the communication range increases, their
performance improves, approaching that of RDV-CBBA. However,
for |7| = 10 and r = 5, they remain approximately 85% worse
than RDV-CBBA. Although DMCHBA performs well in static, con-
nected scenarios [27], it is severely impacted by communication
constraints in the dynamic setting. This performance drop aligns
with findings by Cao et al. [4] for a similar Hungarian-based ap-
proache under non-ideal communication. GCBBA and PI exhibit
comparable performance, likely due to the use of the same DMG
bidding scheme. RDV-CBBA demonstrates stable performance that
is largely independent of r, as it relies on physical rendezvous
rather than continuous communication. However, UR-CBBA still
outperforms RDV-CBBA by at least 50% for 10 agents, indicating
that while RDV-CBBA effectively mitigates conflicts, there is still a
traveling cost for achieving synchronization at the RDV compared
to perfect instantaneous communication.

Conflict Analysis: The number of conflicts for the dynamic GCBBA,
PI and DMCHBA decreases as r increases but remains significant
even at r =5 (approximately 70 conflicts for 10 agents). DMCHBA
produces fewer conflicts than GCBBA and PI, a trend also noted in
[4]. Crucially, as guaranteed by Theorem 2, RDV-CBBA provides
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zero-conflict allocations whereas DMCHBA may return allocation
with conflict. RDV-CBBA thus prevents the agents from executing
the same tasks several times unnecessarily.

7 CONCLUSION

In this paper, we addressed the problem of decentralized task al-
location in dynamic environments where agents are constrained
by limited communication ranges. This setting violates the fun-
damental assumption of network connectivity required for the
convergence of classical decentralized algorithms.

First, we proposed a general framework to extend classical decen-
tralized algorithms to dynamic scenarios. This method employs a
“lazy” allocation strategy: agents bid only on newly appearing tasks
and trigger reallocation only when conflicts are explicitly detected
with neighbors. While this approach ensures finite-time comple-
tion of tasks, it is inherently conflict-prone. In low-communication
settings, the lack of coordination opportunities leads to high task
redundancy and suboptimal performance.

To overcome this limitation, we introduced RDV-CBBA, a novel
approach that enforces periodic synchronization at computed ren-
dezvous points to guarantee conflict-free allocations. We developed
two variants: a Myopic strategy, where the rendezvous is derived

from the current path endpoints, and a Proactive strategy, which
anticipates future RDV based on new task clusters. Our analysis
reveals a critical trade-off: while the Proactive strategy offers mar-
ginal performance gains, it is brittle in the presence of inconsistent
information (e.g., packet loss). The Myopic strategy, conversely, is
robust as it relies on consensus formed during physical meetings,
making it the preferable choice for realistic deployments.

Experiments indicate that RDV-CBBA significantly outperforms
state-of-the-art dynamic extensions of CBBA, PI, and DMCHBA in
terms of the Min-Sum objective and conflict avoidance across all
tested communication ranges. However, a performance gap remains
compared to the theoretical lower bound of unlimited communica-
tion (UR-GCBBA), indicating potential for further optimization.

In future work, we aim to evaluate RDV-CBBA in practical simu-
lations with non-ideal communication layers (lost messages, delays).
Moreover, our RDV methods assume that all agents eventually meet
at an intended RDV. Additional experiments could be to introduce
agent failures. Furthermore, we plan to investigate coupled opti-
mization approaches that solve the task allocation and rendezvous
location problems simultaneously, rather than sequentially, to fur-
ther close the optimality gap.
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