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Highlights

What are the main findings?
• The proposed framework demonstrates that distributed task allocation can be coordi-

nated by testing whether stale information could alter an assignment, rather than by
synchronizing every state change.

• The proposed assignment-consistency certificates use interval bids, winner and
bundle stability checks, and recency-aware deconfliction to suppress assignment-
irrelevant communication.

What are the implications of the main findings?
• The proposed framework reduces unnecessary communication by replacing broad

state synchronization with assignment-relevant updates while maintaining competitive
allocation quality in the simulated benchmark scenarios.

• The simulation results indicate that decision-triggered communication can improve the
communication–allocation trade-off under bandwidth limits, delayed links, and packet
loss without relying on broad full-neighbor resynchronization.

Abstract

Dynamic task allocation for unmanned aerial vehicles (UAVs) is often constrained by
stale and asymmetric information. Variants of the Consensus-Based Bundle Algorithm
(CBBA) can waste bandwidth by transmitting every state or bid update without distinguish-
ing assignment-altering information from irrelevant perturbations. This paper proposes
Assignment-Consistent Dynamic Multi-UAV Task Allocation (AC-DMTA), a decision-
centric framework in which agents communicate only when local uncertainty may invali-
date the current assignment. AC-DMTA represents stale records with uncertainty sets and
converts point bids into interval bids, enabling task-winner and bundle-stability certificates
to suppress assignment-irrelevant messages. These certificates provide local sufficient con-
ditions for certifying the stability of task-winner and bundle decisions within the modeled
uncertainty envelopes and candidate sets, allowing assignment-irrelevant communication
to be skipped. Timestamp and recency records further resolve asynchronous conflicts
without broad resynchronization. Across four benchmark environments and 20 paired
seeds, AC-DMTA sends fewer bytes and directed messages than periodic CBBA, Event-
Driven Consensus-Based Bundle Algorithm (ED-CBBA), Clustered CBBA, and Two-Level
Clustered Consensus-Based Bundle Algorithm (TLC-CBBA), achieving byte reductions
of 10.4–91.1% across baseline–scenario pairs while maintaining competitive reward and
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task-completion rates. Under the tested delay and packet-loss stress conditions, AC-DMTA
also achieves the lowest number of bytes per completed task among the compared methods.

Keywords: multi-UAV task allocation; multi-robot task allocation; CBBA; event-triggered
communication; assignment consistency; asynchronous deconfliction; graph-limited consensus

1. Introduction
A central challenge in dynamic task allocation for unmanned aerial vehicle (UAV)

teams is maintaining consistent executable assignments among agents that operate with
incomplete and temporally decoupled information. Each UAV decides which tasks to
execute, in what order, and subject to capability, energy, and timing constraints. While
the physical state of the team comprises positions, remaining energy, task status, link
availability, and vehicle progress, these quantities matter for allocation only through the
decisions they induce. A stale position that leaves every winner and insertion unchanged is
inconsequential; conversely, even a small stale error at an allocation boundary can trigger
duplicate assignments or missed deadlines. The problem is therefore not merely that
of combinatorial optimization, but also of distributed decision-making under stale and
asymmetric information.

Multi-Robot Task Allocation (MRTA) provides the standard language for this problem,
including robot task cardinality, temporal extent, task coupling, and utility structure [1,2].
Recent UAV-oriented studies further emphasize dynamic task arrivals, heterogeneous
capabilities, energy budgets, communication topology, and operational scenarios such as
disaster response, delivery, surveillance, and persistent monitoring [3–7]. Market-based
methods are especially useful in distributed settings because bids compress local utility
into a form that can be compared and deconflicted [8–10]. Among these methods, the
Consensus-Based Bundle Algorithm (CBBA) remains a central construction: agents build
local bundles and then run consensus over task winners [11]. This construction has been
extended to asynchronous communication, coupled constraints, local swaps, clustering,
event-driven updates, and cooperative task structures [12–18].

Communication remains a limiting resource in many multi-UAV deployments. Re-
peated exchanges of broad state, bids, and bundle records consume bandwidth, delay
convergence, and amplify instability under packet loss or intermittent links. Existing
communication-efficient methods mitigate this burden by clustering agents, triggering on
protocol events, optimizing under weak links, maintaining connectivity, or learning when
to communicate [15,17,19–22]. Although these mechanisms are valuable, most remain
state-centric or protocol-centric: they ask whether a state, bid, or protocol condition has
changed, rather than whether that change can alter the assignment. These two questions
are not equivalent.

This paper adopts a decision-centric hypothesis: communication should be triggered
only when stale information can change the allocation decision. We operationalize this
property through assignment consistency certificates. Assignment consistency means that
stale information need not be updated when, under the maintained local decision model,
it does not change task winners, bundles, or feasibility decisions. Each agent maintains
local uncertainty sets over stale neighbor states, task statuses, and execution costs. Point
bids are replaced with interval bids; winner, bundle, and feasibility stability are checked
explicitly; and communication is requested only when a certificate cannot rule out an
allocation change. When the certificate fails, communication is targeted to the agents and
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state variables that most improve the assignment margin per byte. We refer to the resulting
framework as Assignment-Consistent Dynamic Multi-UAV Task Allocation (AC-DMTA).

The contributions are as follows:

1. We formulate assignment-consistent communication as a decision-centric alternative
to state-centric communication for dynamic multi-UAV task allocation, where commu-
nication is triggered when stale information may affect an allocation decision rather
than by every state change.

2. We introduce an interval-bid certification mechanism that provides local sufficient
conditions for task-winner and bundle stability under stale and asymmetric infor-
mation, evaluated over modeled candidate sets and uncertainty envelopes, with a
local-swap variant assessed in the ablation study.

3. We specify recency-aware asynchronous deconfliction using timestamp tables, recency
matrices, version records, and deterministic identifier tie-breaking, thereby preserving
auction consistency and preventing cyclic overwriting.

2. Related Work
We review MRTA foundations, CBBA-based allocation, communication-efficient vari-

ants, and dynamic MRTA under weak communication to clarify the assignment consistency
gap addressed by AC-DMTA.

2.1. MRTA and Market-Based Allocation

MRTA provides the formal foundation for assigning tasks to autonomous teams. Clas-
sical studies defined the main dimensions of the problem, including robot task cardinality,
instantaneous versus time-extended tasks, independent versus coupled task structures,
and utility-based assignment models [1,2]. Assignment and auction theories further pro-
vide the underlying optimization framework: the Hungarian method gives a reference
formulation for static one-to-one assignment, auction algorithms show how prices and bids
can decentralize assignment, and early market-based robot coordination studies explain
why compact bids are attractive for distributed teams [8–10,23]. Recent UAV-oriented
reviews and surveys extend this foundation to aerial missions, where allocation must
account for energy, payload, communication range, sensing footprint, path feasibility,
deadlines, and operating domains such as surveillance, monitoring, delivery, and search-
and-rescue [3–7,24]. Recent multi-UAV applications further show that practical allocation is
often intertwined with persistent monitoring, cooperative target handling, heterogeneous
resources, and learning-assisted task selection [25–31]. This body of work clarifies the
problem addressed here. Dynamic UAV allocation is not only a combinatorial optimization
problem over rewards and costs, but also an information-management problem, because
the records used to compute bids and bundles may be stale, partial, or asymmetric.

2.2. CBBA and Communication-Efficient Variants

CBBA is especially relevant to distributed UAV allocation because it combines greedy
bundle construction with consensus over task winners and bid values [11]. Its variants
have improved asynchronous operation, coupled-task handling, and local task swaps
while preserving the winner-table and bid-table structure that makes the algorithm suitable
for decentralized execution [12–14]. Recent CBBA-related and CBBA-inspired methods
further improve scalability through clustering, event-driven transmission, payload-aware
reassignment, cluster bridges, and conflict-aware allocation [15–18,32,33]. Other recent
UAV assignment studies use distributed optimization, greedy insertion, two-stage task
decomposition, metaheuristic search, and dynamic particle-swarm or hierarchical plan-
ning to address larger and more realistic aerial workloads [34–38]. These methods re-
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duce computation or communication through clustering, event triggers, or scheduling,
but their communication rules are usually driven by protocol changes rather than by
assignment stability.

2.3. Dynamic MRTA Under Uncertainty and Weak Communication

Recent MRTA studies increasingly consider online task arrivals, uncertain task out-
comes, limited sensing, temporal constraints, and weak communication. In dynamic and
uncertain environments, allocation must handle task completion uncertainty, incomplete
information, reallocation after plan disturbances, probabilistic task visibility, and locally
constrained welfare objectives [39–45]. UAV-specific work has also integrated task allo-
cation with emergency rescue, mission replanning, simultaneous assignment and path
planning, connectivity maintenance, range-aware planning, constrained communication,
and hybrid dynamic scheduling [20–22,46–50]. Simulation and reinforcement learning
studies further emphasize that weak communication, packet loss, changing topology, and
event-triggered graph updates can substantially alter allocation quality and reproducibil-
ity [19,51]. These studies move beyond static full-information assignment and are closely
related to the operating conditions considered here. However, their communication analy-
sis is usually expressed through message counts, connectivity measures, learned triggers,
or bandwidth budgets.

2.4. Decision Consistency and Research Gap

The closest conceptual idea to this work is decision consistency: agents do not always
need identical information if their local records still induce the same decision. In decen-
tralized belief-space planning and limited-communication multi-agent decision-making,
recent studies have shown that communication can be triggered by action inconsistency or
decision change rather than by every belief or state update [52–54]. However, transferring
this idea to dynamic multi-UAV task allocation is nontrivial because the decision object is
discrete, structured, and history-dependent. Unlike belief-space action selection, CBBA-
type allocation maintains winner tables, bid tables, ordered bundles, task-status records,
timestamps, path versions, and deterministic deconfliction rules [1,2,11,12]. A small stale
error near a bid boundary can change the task winner, whereas a larger state update far
from any assignment boundary may be allocation-irrelevant. The remaining gap is that
existing methods rarely test whether a stale record is assignment-relevant for the current
winner, bundle, or local neighborhood decision. AC-DMTA addresses this gap by construct-
ing interval bids and assignment stability certificates that separate assignment-relevant
stale information from assignment-irrelevant stale information.

3. Problem Formulation
This paper considers a distributed dynamic multi-UAV task allocation problem under

stale and asymmetric information. A team of UAVs must allocate and execute dynamically
arriving tasks while communicating over a bandwidth-limited and unreliable network.
Each UAV makes allocation and communication decisions based on locally maintained
records rather than on a synchronized system state. Consequently, different UAVs may
hold different winner tables, bid tables, task status records, and bundle states at the same
decision step.

Let I = {1, . . . , N} denote the UAV team and let J (t) ⊆ J denote the active task set
at decision step t. The state of UAV i is represented by

si(t) =
(

pi(t), vi, Ei(t), ci, qi(t)
)
, (1)
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where pi(t) is position, vi is nominal cruise speed, Ei(t) is remaining energy, ci is capability
type, and qi(t) is execution state. Task j is described by

τj(t) =
(
xj(t), rj, dj, Rj, τservice

j , cj, σj(t)
)
, (2)

where xj(t) is the task location, rj is the release time, dj is the deadline, Rj is the reward,
τservice

j is the service time, cj is the required capability, and σj(t) is the task status. The task
set is dynamic: new tasks may arrive, completed tasks may be removed, and task statuses
may change over time.

The communication network among UAVs is represented by a time-varying graph

Gt = (I , Et), (3)

where (i, k) ∈ Et if UAVs i and k can exchange messages at step t. Links are affected by
communication range, delay, and packet loss. A message can be delayed by δ decision
steps and dropped with probability ρ.

3.1. Distributed Decisions and Local Information

At each decision step, UAV i maintains a local information state

Li(t) =
(
si(t), R̂i(t), ŷi(t), b̂i(t), ν̂i(t), Pi(t)

)
, (4)

where R̂i(t) denotes the locally stored task and neighbor records, ŷi(t) is the locally
maintained winner table, b̂i(t) is the bid table, ν̂i(t) stores timestamps or version numbers,
and Pi(t) is the current ordered task bundle. Because communication is selective and may
be delayed or lost, local information states are generally asymmetric:

Li(t) ̸= Lk(t), i ̸= k. (5)

The newest source timestamp about UAV k available to UAV i is denoted by τik(t), and the
corresponding record age is

aik(t) = t − τik(t). (6)

The local allocation decision of UAV i is an ordered executable bundle

Pi(t) =
(

ji,1, ji,2, . . . , ji,Li

)
, (7)

where Li is the bundle length. Let xij(t) ∈ {0, 1} indicate whether task j is assigned to UAV
i at step t, and let zj(t) ∈ {0, 1} indicate whether task j is completed within its time window.
In addition to bundle construction, UAV i also makes a communication decision. We define

χik(t) ∈ {0, 1} (8)

as the indicator of whether UAV i sends an allocation-related message to UAV k at step t.

3.2. Distributed Mission Objective and Constraints

The distributed task allocation problem is to design local bundle-construction and
communication-triggering policies,

Pi(t) = πi
(
Li(t)

)
, χik(t) = µik

(
Li(t)

)
, (9)

that maximize mission utility while reducing unnecessary communication. Over a horizon
H, the problem can be formulated as
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max
{πi ,µik}

E
[

H

∑
t=0

(
∑

j∈J (t)
Rjzj(t)− λd ∑

i∈I
Cd

i (Pi(t))− λe ∑
i∈I

Ce
i (Pi(t))

− λc ∑
i∈I

∑
k∈Ni(t)

χik(t)Bik(t)
)]

,

(10)

where Cd
i (Pi(t)) and Ce

i (Pi(t)) are the travel and energy costs induced by the ordered
bundle, Ni(t) is the communication neighborhood of UAV i, Bik(t) is the byte cost of the
transmitted message from i to k, and λd, λe, and λc balance travel cost, energy cost, and
communication cost. The expectation accounts for the key sources of uncertainty, including
dynamic task arrivals, communication delay, packet loss, and stochastic status evolution.

The allocation variables are subject to the following constraints:

∑
i∈I

xij(t) ≤ 1, ∀j ∈ J (t), t, (11)

xij(t) ≤ 1{ci ⪰ cj}, ∀i, j, t, (12)

Tij(Pi(t)) ≤ dj + M(1 − xij(t)), ∀i, j, t, (13)

Ei(t)− Ce
i (Pi(t)) ≥ Eres

i , ∀i, t, (14)

xij(t) = 1 ⇒ j ∈ Pi(t), Pi(t) is order-feasible, ∀i, j, t, (15)

χik(t) = 0, ∀(i, k) /∈ Et. (16)

Constraint (11) avoids duplicate task winners, (12) enforces platform-task compatibility,
(13) imposes deadline feasibility, (14) preserves a safety energy reserve, (15) links binary
assignment variables to executable ordered bundles, and (16) restricts message transmission
to available communication links.

This formulation defines the distributed decision problem considered here: each UAV
must construct bundles and decide when to communicate using local records that may be
stale or asymmetric. AC-DMTA addresses this problem by certifying whether the relevant
local assignment decision remains stable before transmitting updates.

3.3. Local Uncertainty Sets

To evaluate whether stale records may change an allocation decision, each UAV does
not need an exactly synchronized global state. Instead, it represents stale neighbor and
task records using bounded local uncertainty envelopes. These envelopes expand with
record age and provide the local uncertainty set on which the interval bids and assignment
certificates are evaluated.

For receiver i and source UAV k, let p̂ik(t), Êik(t), and q̂ik(t) denote the newest position,
energy, and execution-state record about k available to i. The stale agent-state record is
represented by

Sik(t) = {(p, E, q) : ∥p − p̂ik(t)∥2 ≤ σ
p
ik(aik),

E ∈ [Êik(t)− σE
ik(aik), Êik(t) + σE

ik(aik)] ∩ [0, Emax
k ],

q ∈ Qik(t)}. (17)

In the implementation, the position and energy envelopes grow with record age
according to

σ
p
ik(a) = σ

p,0
ik + v̄ka, σE

ik(a) = σE,0
ik + ēka.

Here, Qik(t) contains the execution states that remain consistent with the last received
record and possible progress during age aik.
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Similarly, for task j, agent i maintains a task uncertainty envelope

Tij(t) = Xij(t)×Rij(t)×Dij(t)×Zij(t), (18)

where Xij is the location set, Rij is the reward interval, Dij is the deadline interval, and
Zij ⊆ {available, assigned, completed, expired} is the status ambiguity set. The local un-
certainty product set used by agent i is then

Ωi(t) = ∏
k∈I

Sik(t)× ∏
j∈J

Tij(t). (19)

In the implementation, these envelopes are instantiated from bounded motion, energy-
rate, and stale-status models.

4. Assignment Consistency Certification and Communication Triggering
Figure 1 illustrates the framework of AC-DMTA (Algorithm 1). At each decision

step, an agent updates its uncertainty sets, computes interval bids, evaluates assignment
certificates, and remains silent when all modeled assignment changes can be ruled out. If
one or more certificates fail, the agent ranks missing records by their expected deficiency
reduction per byte, requests a targeted update, fuses the returned records through recency-
aware deconfliction, and repairs its local bundle. The central test is therefore applied before
communication, whether stale information can change the current local winner or bundle
decision. Under delayed or lossy links, unchanged failed certificates are retried only after a
guard interval.

Algorithm 1 AC-DMTA execution at agent i during decision step t

1: Update local UAV state, observed task states, source timestamps Θi, and recency
matrix Φi.

2: Construct the local uncertainty product set Ωi(t) from stale source ages, motion bounds,
energy bounds, and task-status ambiguity sets.

3: Repair the local bundle Pi(t) after completed, expired, or infeasible tasks are removed.
4: Enumerate feasible insertions and compute conservative interval bids [bij(t), bij(t)] for

retained competitors and active tasks.
5: Compute task-winner margins mT

ij(t), bundle margin mB
i (t), and, if enabled, local-swap

margins mS
ik(t).

6: Aggregate certificate violations into deficiency Di(t).
7: if Di(t) = 0 and all selected tasks remain locally feasible then
8: Remain silent and execute the next feasible path action.
9: else

10: Rank candidate neighbors or records by the proxy message-value-per-byte score,
M̂PBi(r).

11: Transmit one targeted packet containing the highest-ranked state, task, winner/bid,
path-version, timestamp, and recency records.

12: Fuse returned records only if their precedence key is strictly newer or tie-broken
deterministically.

13: Release any bundle suffix invalidated by a fresher winner/path record, then rebuild
the bundle and log the deconfliction case.

14: end if
15: Under delay or packet loss, retry unchanged failed certificates only after the

guard interval.
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Figure 1. Overview of the AC-DMTA framework, including certificate evaluation, targeted message
selection, recency-aware record fusion, and local bundle repair.

4.1. Bundle Utility and Interval Bids

For a candidate ordered path Pi = [j1, . . . , jK], agent i evaluates

Ui(Pi; ω) = ∑
j∈Pi

(
Rj(ω)− λddij(Pi; ω)− λeeij(Pi; ω)

)
, (20)

subject to deadline, capability, and reserve-energy feasibility. That is, an ordered path is
scored by the total reward of its tasks minus the weighted travel and energy costs required
to execute them in order. Let Pi ⊕ℓ j denote the insertion of task j into position ℓ of path
Pi, and let Lcand

ij (Pi) be the candidate insertion positions allowed by the bundle size limit.
Feasibility is evaluated inside Ui for each realization; infeasible paths or insertions are
assigned utility −∞. The insertion gain under realization ω is

∆Uijℓ(Pi; ω) = Ui(Pi ⊕ℓ j; ω)− Ui(Pi; ω). (21)

This insertion gain plays the role of the marginal utility bid in CBBA-based bundle
construction: it measures how much the current path improves when task j is inserted at
position ℓ. Using the insertion gain above, AC-DMTA replaces the point bid computed
from locally stored stale records with a conservative interval bid evaluated over the local
uncertainty envelope Ωi(t). The lower endpoint gives the largest insertion gain that can be
guaranteed over the admissible realizations, whereas the upper endpoint gives the largest
insertion gain attainable within the same envelope:

bij(t) = max
ℓ∈Lcand

ij (Pi)
inf

ω∈Ωi(t)
∆Uijℓ(Pi; ω), (22)

bij(t) = max
ℓ∈Lcand

ij (Pi)
sup

ω∈Ωi(t)
∆Uijℓ(Pi; ω). (23)

If no candidate insertion is feasible under any admissible local realization, both endpoints
are set to −∞. In the implementation, the extrema are evaluated from the distance, deadline,
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reward, task status, and energy envelopes maintained in Ωi(t). The resulting interval
encloses the bid under the realized state ω⋆:

bij(t) ≤ bij(ω
⋆, t) ≤ bij(t). (24)

Consequently, any winner or bundle comparison that holds at the interval endpoints also
holds for the realized but unobserved bid. These interval bids are then used to construct
the assignment margins and communication certificates in the next subsection.

4.2. Assignment Margins and Certificates

The following checks evaluate whether the current local assignment decision remains
stable under the maintained uncertainty envelope and the modeled decision neighborhood.
When a certificate passes, the corresponding update can be skipped at the current decision
step. These certificates are local sufficient conditions: they rule out assignment changes
only within the modeled candidate sets, swap neighborhoods, uncertainty envelopes, and
local path-version records of a single agent, and they guarantee neither global optimality of
the team allocation nor global consistency across all local records. Residual false-safe events
can therefore still occur when the destabilizing change lies outside this local model, for
example, through an unmodeled local swap or an asynchronous path-version disagreement.
To address this issue, Section 6.4 evaluates these events using a replay-guarded diagnostic
that forces communication and suffix repair whenever fresh replay detects a false-safe
event. This diagnostic estimates the counterfactual mission-level benefit of eliminating
residual false-safe events. In the tested no-delay diagnostic instances, eliminating these
events does not materially improve reward or task completion, while it requires additional
communication and repair. These results indicate that certificate-based local assignment
decisions remain practically viable under the quantified residual false-safe risk.

Let wi(j, t) be agent i’s current locally known winner of task j. Let Ci(j, t) be the finite
competitor set used by i for the task check. In the implementation, Ci(j, t) contains i, current
neighbor records, and retained stale records such as previous winners. Each retained
competitor enters the comparison through the optimistic upper bid below. Define the task
assignment margin as

mT
ij(t) = bwi(j,t),j(t)− max

k∈Ci(j,t)\{wi(j,t)}
bkj(t). (25)

In other words, the margin compares the guaranteed worst-case bid of the currently stored
winner with the most optimistic bid of its strongest modeled competitor. The task winner
certificate passes if

mT
ij(t) > ϵT , (26)

where ϵT ≥ 0 is the certificate margin.

Proposition 1 (Local task winner stability certificate). If all interval bids are sound over the
local operating envelope Ωi(t) and (26) holds, then no competitor in Ci(j, t) can outbid wi(j, t)
for task j under any realization in Ωi(t). Hence the task winner is stable within the modeled
candidate set.

Proof. For any competitor k ̸= wi(j, t), it holds that

bkj(ω, t) ≤ bkj(t), bwi(j,t),j(ω, t) ≥ bwi(j,t),j(t)

for all ω ∈ Ωi(t), given the soundness of the interval-bid bounds. Equation (26) implies
bwi(j,t),j(ω, t) > bkj(ω, t) + ϵT , so k cannot replace the current winner.
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When (26) holds, the corresponding task winner update can be skipped at the current
decision step.

The task certificate protects individual winners, but it does not by itself protect the
order and composition of a local bundle. Let Ri(Pi) be all one-task-out/one-task-in paths
formed by removing one task from Pi and inserting one external candidate task. Define the
bundle margin as

mB
i (t) = inf

ω∈Ωi(t)
Ui(Pi; ω)− max

P′∈Ri(Pi)
sup

ω∈Ωi(t)
Ui(P′; ω). (27)

A positive bundle margin certifies that the current bundle, even in its worst admissible
case, outperforms every modeled one-task replacement in its best admissible case. The
bundle replacement certificate passes if

mB
i (t) > ϵB. (28)

For neighboring agents i and k, let Sswap
ik (Pi, Pk) be the set of paths formed by exchang-

ing at most one task between Pi and Pk, with the corresponding feasibility checks. Define
the swap assignment margin as

mS
ik(t) = inf

ω∈Ωi(t)
[Ui(Pi; ω) + Uk(Pk; ω)]

− max
(P′

i ,P′
k)∈S

swap
ik

sup
ω∈Ωi(t)

[Ui(P′
i ; ω) + Uk(P′

k; ω)].
(29)

The swap margin applies the same worst-case versus best-case comparison to single-task
exchanges between two neighboring bundles. The optional local-swap certificate passes if

mS
ik(t) > ϵS. (30)

Proposition 2 (Local bundle and optional swap stability certificate). Under sound utility
bounds over the local operating envelope Ωi(t), Equation (28) rules out all modeled one-task
replacement improvements for agent i, and Equation (30) rules out all modeled one-task exchanges
between neighboring agents i and k.

Proof. The result follows by comparing a conservative lower bound for the current path
or path pair with an optimistic upper bound for every modeled alternative. If the former
exceeds the latter by a positive margin, no alternative in the search neighborhood can
improve utility under any realization in the local uncertainty set.

When these margins are positive, the corresponding bundle- or swap-related update
can be skipped at the current decision step.

4.3. Timestamp Tables, Recency Matrices, and Deconfliction

In asynchronous dynamic task allocation, assignment records may arrive out of order
and may be generated from different local views of the team. A large bid, including one
embedded in a winner record, is not necessarily reliable if it was computed from stale
information. To avoid this failure mode, AC-DMTA separates the numerical assignment
value from the freshness of the information on which the record is based.

Each agent maintains a source clock ci(t), a timestamp table Θi[s] that stores the newest
source timestamp about source s, and a recency matrix Φi[r, s] that stores the freshness
of reporter r’s knowledge about source s. Messages carry Θ, Φ, winner sources, winner
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versions, update steps, bids, and path versions. When receiver i compares a local winner
record a with a sender record a′, it uses the lexicographic precedence key

κ(a) =
(

F(a), V(a), U(a), B(a),−id(a)
)
, (31)

where F is source-level freshness derived from Θ and Φ, V is winner version, U is update
step, B is bid, and −id is deterministic tie-breaking. A received assignment record a′

replaces a local record a only when κ(a′) ≻ κ(a) under this total lexicographic order. If the
keys are equal, the records are identical for deconfliction purposes; if the numerical bids
disagree under identical freshness and version fields, the deterministic identifier breaks
the tie. Case labels such as self-vs-sender, other-vs-sender, and other-vs-other are
logged to identify the decisive conflict resolution criterion, namely record metadata, such
as freshness or version, the update step, or the bid value itself.

Auction consistency is preserved by separating record adoption from bundle repair.
The receiver first accepts an incoming winner, bid, path version, or task status record
only when its precedence key in (31) is strictly higher than the stored key. A larger bid
alone is never sufficient to overwrite a fresher winner record. If a fresher accepted record
invalidates a task in UAV i’s bundle, UAV i releases that task and the dependent suffix,
then rebuilds the suffix using the current winner table.

Proposition 3 (Recency-aware deconfliction prevents cyclic overwriting). Assume that each
source clock is monotonically increasing and that a receiver replaces a local assignment record
only when the incoming precedence key is strictly larger, with deterministic tie-breaking for equal
freshness and version fields. Then, for any fixed record revision, repeated asynchronous exchanges
cannot create an infinite overwrite cycle. Moreover, if a fresher accepted record invalidates a task
in the local bundle, suffix release and rebidding keep the retained bundle prefix consistent with the
currently accepted winner records.

Proof. For a fixed record revision, the precedence key in (31) induces a finite total order
over assignment records. Each accepted replacement strictly increases the stored key, so a
record cannot return to a previously overwritten state, and infinitely repeated overwriting
is impossible. Equal-key cases are resolved deterministically and therefore cannot oscillate.
If an accepted fresher record invalidates a bundle element, suffix release removes the
affected task and its dependent downstream bids; rebidding then rebuilds the suffix using
the updated winner table. Thus, the retained bundle prefix remains consistent with the
accepted assignment records.

4.4. Communication Trigger and Message Value per Byte

The task and bundle certificates, with an optional local-swap term, are combined into
a nonnegative local deficiency score:

Di(t) = ∑
j∈J active

i

[ϵT − mT
ij(t)]+ + [ϵB − mB

i (t)]+

+ λS ∑
k∈Ni(t)

[ϵS − mS
ik(t)]+,

(32)

where [x]+ = max(x, 0) and λS ∈ {0, 1} toggles the optional swap term. Each bracketed
term measures how far a certificate falls short of its required margin, so Di(t) vanishes
exactly when every enabled check passes. Agent i remains silent when Di(t) = 0 and all
selected tasks are locally feasible. If Di(t) > 0 or feasibility cannot be certified, the agent
schedules a targeted neighbor message.
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For a candidate message m, the byte model is

B(m) = B0 + bs|Sm|+ bτ |Tm|+ bw|Wm|
+ bp|Pm|+ bΘ|Θm|+ bΦ|Φm|,

(33)

where Sm is the set of state records, Tm is the set of task records, Wm is the set of winner/bid
records, Pm is the set of path records, Θm is the timestamp table, and Φm is the recency
matrix. The cost of a message therefore grows with the number and type of records it
carries rather than being a fixed per-packet constant. The ideal message value per byte is
defined as the expected reduction in certificate deficiency per transmitted byte:

∆Di(m) = Di(Ωi(t))−Eω∼qi [Di(Ωm
i (t))], (34)

MPBi(m) =
max(0, ∆Di(m))

max(B(m), 1)
. (35)

Here, qi is the receiver’s local predictive distribution over uncertain records and Ωm
i (t)

is the uncertainty set after incorporating message m. Under Equation (35), a message is
considered valuable when it reduces certificate deficiency at low byte cost. In practice,
AC-DMTA uses a deterministic surrogate to avoid online counterfactual sampling.

To make the online rule deterministic and reproducible, AC-DMTA replaces the intractable
numerator ∆Di(m) with an observable surrogate for each candidate sender r. Let

∆̂Di(r) = air + 2χP
ir + 0.5 nW

ir , χP
ir = 1{Pr ̸= Pr

i }, (36)

where air is the age of receiver i’s record about sender r, Pr is the path record carried
by sender r, Pr

i is receiver i’s stored path copy for that sender, and nW
ir counts the tasks

for which the winner/bid record carried by r disagrees with i’s local winner/bid record.
The three terms approximate three mechanisms by which a message can reduce the ideal
deficiency in (34): older records are more likely to shrink the uncertainty envelope, a
path version disagreement may alter bundle feasibility or suffix costs, and winner/bid
disagreements directly affect task-level certificate margins.

The proxy message value per byte is then computed as

M̂PBi(r) =
∆̂Di(r)

max(Bi(r), 1)
, (37)

where Bi(r) is the byte cost of the candidate update from sender r under the same ac-
counting model as (33). The constants in (36) are fixed priority weights: the path version
disagreement term is emphasized because it can invalidate a bundle suffix, while winner
disagreements are counted per affected task. The proxy in (37) ranks requested neighbors
or records after communication has already been triggered by a certificate deficiency or
feasibility failure. Each failed certificate triggers at most one highest-ranked request before
the next retry interval, and guarded retry avoids retransmitting unchanged failures at every
decision step.

5. Experimental Setup
5.1. Benchmark Scenarios

Experiments are conducted on four environments drawn from three scenario families:
synthetic boundary stress, disaster response, and urban delivery. The first two scenarios are
controlled synthetic configurations, whereas the latter two represent application-oriented
mission families:

https://doi.org/10.3390/drones10070523

https://doi.org/10.3390/drones10070523


Drones 2026, 10, 523 13 of 24

• Near-boundary, where small changes in stale information can flip task winners;
• Large-margin, where the same communication perturbations rarely change the allocation;
• Disaster response, with clustered incidents, urgent tasks, and tighter deadlines;
• Urban delivery, with multi-hub cross-zone routes and denser background traffic.

The experiments are conducted with N = 6 UAVs, M = 18 tasks, 40 decision steps,
bundle size 4, communication range 35, certificate margin 1.0, and interval-penalty scale 0.5.
The final AC-DMTA configuration uses task winner and bundle replacement certificates
with freshness-aware deconfliction, corresponding to λS = 0 in (32). The swap-enabled
variant sets λS = 1 for the ablation study. The main benchmark, delay/loss stress test,
and ablation study use 20 fixed seeds; the scaling stress uses 10 fixed seeds and extends
to a maximum 80-UAV/200-task case. Parameter-tuning sweeps use a fixed five-seed
sensitivity set.

5.2. Simulator and Multi-UAV Environment Emulation

The paired-seed benchmark runs are conducted in a deterministic, time-stepped
Python 3.12.3 numerical simulator. The simulator proceeds in fixed decision epochs, with
discrete-event updates applied at the boundaries of these epochs. This design makes the
allocation, communication, and certificate-evaluation traces reproducible from the scenario
file and random seed while ensuring that AC-DMTA and all baselines are evaluated under
the same execution model.

At the beginning of each run, the simulator initializes UAV start positions, task lo-
cations, task rewards, deadlines, service requirements, communication range, delay/loss
parameters, and random-number streams from a fixed seed. For a paired seed comparison,
all algorithms receive the same initialized scenario instance and are executed on the same
simulator loop. The only difference across algorithms lies in the allocation and commu-
nication policy used during the auction/update phase. Therefore, differences in reward,
completion, bytes, and message counts come from the algorithms rather than from different
task instances or simulator settings.

The simulator uses a numerical kinematic abstraction for UAV motion. Each UAV
travels between task locations at a fixed nominal speed, consumes energy proportional to
path length and service cost, and can execute only tasks that satisfy capability, deadline, en-
ergy reserve, and path order constraints. This abstraction is consistent with the assignment
layer focus of the compared methods, which operate on task allocation and communi-
cation rather than continuous control. The distributed multi-UAV information structure
is simulated by maintaining a separate local record for each UAV: UAV i knows its own
position, energy, current bundle, and generated bids exactly, but stores only timestamped
or versioned records for other UAVs, task states, winners, bids, and paths. These records
become stale when neighboring UAVs are out of range, when messages are delayed, or
when packets are dropped. Consequently, two UAVs can hold different winner tables, bid
tables, task status records, and path versions at the same decision epoch. This local record
mechanism is the source of the stale and asymmetric information studied in the paper.

Communication is simulated at the record level. When a method triggers communica-
tion, the simulator creates one or more directed messages containing the corresponding
state, task, winner/bid, path, timestamp, or recency records. The byte cost of each mes-
sage is computed using the same byte-accounting model for AC-DMTA and all baselines.
Periodic CBBA broadcasts full-neighbor synchronization messages at its fixed interval,
Event-Driven Consensus-Based Bundle Algorithm (ED-CBBA) transmits when its event
condition is satisfied, clustered baselines communicate through their cluster structure, and
AC-DMTA sends targeted records only after a local certificate indicates that a specific as-
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signment decision may be affected by stale information. Messages can be queued, delayed,
delivered, or dropped according to the same link schedule for all methods.

For reproducibility, benchmark runs use fixed paired seeds, and per-seed outputs
record the scenario name, seed, algorithm configuration, completed tasks, reward, bytes,
directed messages, send events, certificate counts, and diagnostic counters.

5.3. Baselines and Tuning

We compare AC-DMTA against periodic CBBA, ED-CBBA, Clustered CBBA, and
Two-Level Clustered Consensus-Based Bundle Algorithm (TLC-CBBA) as the primary
baselines. Table 1 lists the trigger variables and fixed settings used for the main comparison.
ED-CBBA follows the winner/bid-list event condition reported in [17]; TLC-CBBA uses
a two-level clustered bridge that periodically propagates task-list information through
cluster heads.

Table 1. Main baseline families, sweep ranges, and selected settings used in the communication-
intensity benchmark.

Family Trigger Variable Sweep/Main Setting

Periodic CBBA full-neighbor synchronization interval ∈ {1, 2, 4, 8}; main = 1
ED-CBBA winner/bid change prefix ∈ {1, 2, 3, 4}; main = 2
Clustered CBBA cluster exchange clusters ∈ {2, 3, 4}; main = 2
TLC-CBBA two-level cluster bridge bridge period main = 4

AC-DMTA certificate deficiency ϵT = ϵB ∈ {0.5, 1, 2, 3};
main = 1; message cap = 1; retry interval = 3

Each baseline was tuned within the same five-seed sensitivity budget and then frozen
before the 20 paired-seed benchmark. The selection criterion was reward-first: for each
baseline family, the sweep setting with the highest mean reward over the five tuning
seeds was selected, and mean bytes were used only to break ties among settings whose
mean rewards differed by less than one 95% CI half-width. Under this rule, no selected
baseline setting sacrificed reward for communication savings, so the comparison does not
depend on an explicit weighting between reward and bytes. Periodic CBBA with interval
1 is intentionally retained as a strong full-synchronization reference. AC-DMTA uses the
same simulator calls, candidate-task limits, bundle size, execution model, and byte-cost
accounting as the baselines.

5.4. Metrics and Statistical Treatment

We track nine metrics: completed tasks, reward, bytes, directed messages, send events,
bytes per completed task, certificate statistics, deconfliction cases, and runtime. The primary
communication measures are bytes and send events. The main benchmark reports means
and 95% confidence-interval half-widths over 20 paired seeds. Reward, bytes, messages,
and send events are tested with paired seed-wise t-tests and Wilcoxon signed-rank tests.

6. Results
The experiments evaluate five aspects: communication efficiency, case-level allocation

behavior, robustness under delay and packet loss, certificate diagnostics, and scalability.

6.1. Experiment 1: Main Communication Benchmark

To evaluate the effectiveness of the proposed method in improving communication
efficiency, we run AC-DMTA and the CBBA-style baselines in four environments (near-
boundary, large-margin, disaster response, and urban delivery) using the same task in-
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stances and simulator loop for all methods. Figure 2 summarizes completed-task counts
and bytes per completed task, and Table 2 reports the corresponding numerical statistics.

The results show that AC-DMTA achieves consistent communication savings while
preserving competitive allocation quality. First, AC-DMTA sends the fewest bytes and
directed messages in every scenario. Relative to periodic CBBA, byte reductions are 84.5%,
77.3%, 91.1%, and 86.9% in the near-boundary, large-margin, disaster-response, and urban-
delivery scenarios, respectively. Second, the savings persist against the communication-
efficient baselines, with byte reductions across all baseline–scenario pairs ranging from
10.4% to 91.1%. Third, the communication savings coexist with competitive allocation
quality. AC-DMTA achieves the best or tied-best task completion in the near-boundary,
disaster-response, and urban-delivery scenarios; in the large-margin scenario, periodic
CBBA completes 0.15 more tasks on average but sends 4.4 times more bytes.
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Figure 2. Main benchmark results over 20 paired seeds across four environments, reporting completed
tasks and bytes per completed task with 95% confidence intervals.The colored dots are the individual
per-seed completed-task values behind each bar, colored by policy as in the legend.

Table 2. Benchmark results across the four environments. Entries report mean ± 95% confidence
interval (CI) half-width over 20 paired seeds. B/task denotes bytes per completed task.

Scenario Method Completed Reward Bytes Messages Send Events B/Task

Near-boundary

Periodic CBBA 14.1 ± 0.6 1401.1 ± 66.4 20,030.4 ± 2273.3 417.3 ± 47.4 240.0 ± 0.0 1440.9 ± 184.8
ED-CBBA 13.8 ± 0.8 1379.1 ± 81.1 10,058.4 ± 1711.8 209.6 ± 35.7 95.0 ± 6.3 726.7 ± 115.2
Clustered CBBA 14.1 ± 0.6 1409.0 ± 66.3 4365.6 ± 892.0 91.0 ± 18.6 65.5 ± 9.4 308.3 ± 60.5
TLC-CBBA 14.1 ± 0.8 1410.0 ± 81.8 7065.6 ± 964.6 147.2 ± 20.1 96.2 ± 9.0 505.5 ± 67.8
AC-DMTA 14.2 ± 0.7 1410.7 ± 71.7 3108.0 ± 287.5 64.8 ± 6.0 64.8 ± 6.0 221.6 ± 21.5

Large-margin

Periodic CBBA 17.4 ± 0.3 1731.4 ± 31.1 8347.2 ± 460.6 173.9 ± 9.6 240.0 ± 0.0 480.1 ± 32.0
ED-CBBA 17.3 ± 0.3 1716.7 ± 32.7 2109.6 ± 237.5 44.0 ± 4.9 55.2 ± 3.7 122.8 ± 15.5
Clustered CBBA 17.3 ± 0.3 1716.7 ± 32.7 2256.0 ± 246.9 47.0 ± 5.1 44.2 ± 3.5 131.3 ± 16.1
TLC-CBBA 17.4 ± 0.3 1720.9 ± 31.8 3708.0 ± 243.5 77.2 ± 5.1 73.1 ± 3.0 214.5 ± 16.2
AC-DMTA 17.3 ± 0.3 1717.8 ± 32.5 1891.2 ± 263.0 39.4 ± 5.5 39.4 ± 5.5 109.8 ± 15.9

Disaster response

Periodic CBBA 9.3 ± 0.8 1086.6 ± 96.0 33,105.6 ± 2182.7 689.7 ± 45.5 240.0 ± 0.0 3704.1 ± 457.5
ED-CBBA 9.3 ± 1.0 1076.8 ± 113.4 17,954.4 ± 1789.1 374.1 ± 37.3 112.2 ± 8.6 2004.4 ± 224.9
Clustered CBBA 9.8 ± 1.1 1147.8 ± 130.3 7468.8 ± 589.7 155.6 ± 12.3 87.8 ± 6.0 781.8 ± 59.7
TLC-CBBA 9.6 ± 1.0 1119.4 ± 127.9 11,426.4 ± 729.6 238.1 ± 15.2 121.5 ± 6.1 1244.1 ± 117.5
AC-DMTA 9.8 ± 1.0 1145.8 ± 118.6 2961.6 ± 410.1 61.7 ± 8.5 61.7 ± 8.5 299.9 ± 25.0

Urban delivery

Periodic CBBA 16.1 ± 0.5 1675.1 ± 53.2 28,761.6 ± 1877.5 599.2 ± 39.1 240.0 ± 0.0 1794.2 ± 109.7
ED-CBBA 16.1 ± 0.5 1673.4 ± 57.6 13,327.2 ± 1005.5 277.6 ± 20.9 111.0 ± 3.9 836.0 ± 73.5
Clustered CBBA 15.9 ± 0.6 1658.4 ± 67.1 6345.6 ± 442.3 132.2 ± 9.2 84.7 ± 5.5 403.1 ± 35.6
TLC-CBBA 15.8 ± 0.6 1655.5 ± 65.7 10,886.4 ± 577.6 226.8 ± 12.0 125.8 ± 5.1 692.0 ± 45.9
AC-DMTA 16.1 ± 0.7 1687.4 ± 74.5 3780.0 ± 257.5 78.8 ± 5.4 78.8 ± 5.4 236.6 ± 20.4

The scenario-wise pattern is consistent with the intended role of the assignment-
consistency certificates. In near-boundary cases, stale records are more likely to affect
winner margins, so AC-DMTA retains communication around uncertain assignment bound-
aries. In large-margin cases, many state changes remain assignment-irrelevant, allowing
more updates to be suppressed. The disaster-response and urban-delivery results further
suggest that this reduction is not limited to synthetic margin-controlled settings, but can
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also appear in application-oriented mission scenarios with tighter deadlines, clustered
incidents, cross-zone routes, and denser communication demands.

6.2. Experiment 2: Task Scene Allocation

Experiment 2 complements the aggregate benchmark by visualizing the main commu-
nication efficiency claim in a concrete urban-delivery scene. This visualization examines
whether AC-DMTA reduces communication cost while maintaining task allocation perfor-
mance, rather than reducing communication by executing fewer tasks. All methods are
evaluated on the same task instance, so differences in completed tasks, route structure, and
transmitted bytes primarily reflect their allocation and communication mechanisms rather
than scenario variation. Figure 3 shows UAV start positions, completed and unfinished
tasks, execution paths, and communication cost. In this scene, AC-DMTA completes all
18 tasks with substantially fewer transmitted bytes than the baselines, illustrating that its
communication reduction can be achieved while maintaining effective task-scene allocation.

Figure 4 provides a qualitative Robot Operating System (ROS) visualization of one
AC-DMTA urban-delivery trace. The visualization illustrates how an AC-DMTA allocation
unfolds in a three-dimensional urban scene: the scene view displays buildings, delivery
points, UAV positions, and route traces, while the ROS view and post-run log show the
corresponding allocation process and communication events. The reported 18/18 tasks,
7920 bytes, 165 send events, and 165 directed messages pertain only to this single displayed
run and are not part of the quantitative benchmark evaluation.
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Figure 3. Urban-delivery allocation case under one paired seed. Panels (a–e) show method-specific
task allocations and paths; panel (f) summarizes communication cost. Colors distinguish the individ-
ual UAVs: each UAV’s start marker, route, and completed tasks are drawn in that UAV’s color, while
unfinished tasks are shown in gray as indicated in the legend.

6.3. Experiment 3: Delay and Packet Loss

This experiment evaluates the communication trigger under delayed and dropped
messages. We use the disaster-response environment, sweep communication delay and
packet-loss probability over 20 paired seeds. Figures 5 and 6 report reward behavior,
certificate behavior, and completion robustness across the delay–loss settings. In the
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delay sweep, AC-DMTA’s mean reward varies only slightly as the delay increases from
0 to 4 steps, changing from 1145.8 to 1147.3. The diagnostics show that certificate pass
rates decline and false-safe rates increase as uncertainty grows, indicating that the trigger
responds to assignment uncertainty under stressed communication.

Figure 4. Qualitative ROS visualization of one AC-DMTA urban-delivery run. (a) Simulation scene;
(b) ROS allocation trace and communication log. In both panels, the differently colored lines are the
execution routes of the individual UAVs, and the green circles mark the delivery task locations.

Figure 5. Delay and packet-loss stress test over 20 paired seeds. (a) Delay sweep for total reward; (b)
packet-loss sweep for total reward.

Figure 6. Certificate behavior and task completion robustness under delay and packet loss. (a)
Certificate pass and false-safe rates under increasing delay; (b) completion rate heatmap across
delay–loss settings.

The delay–loss results in Figure 6 show how certificate pass rates and false-safe rates
vary under communication stress. The next experiment isolates the certificate stack and
analyzes residual false-safe events by false-safe source and mission-level consequence.
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6.4. Experiment 4: Certificate Ablation and Residual False-Safe Analysis

The ablation evaluates how each certificate component affects certificate passes, false-
safe events, reward, and bytes. A false-safe event is recorded if a certificate passes but
a fresh-information replay changes the corresponding winner or bundle. The false-safe
rate is normalized by the number of certificate passes; therefore, it measures how often
passed certificates become false-safe under replay. In the 20-seed no-delay diagnostic
replay, adding the bundle certificate increases the aggregate certificate pass rate from 0.361
to 0.727 and reduces the false-safe rate from 0.322 to 0.273 compared with the task-only
variant. Enabling the swap certificate further reduces the false-safe rate to 0.241, but it also
introduces additional communication. The selected full configuration, which combines task
and bundle certificates with recency-aware deconfliction, obtains a 0.730 certificate pass
rate and a 0.279 false-safe rate with lower communication than the swap-enabled variant.

To interpret residual false-safe events, Table 3 reports their sources and mission-level
consequences in the selected full configuration. We further compare this configuration with
a replay-guarded diagnostic variant (ReplayGuard) using the same seeds, task instances,
link schedules, and algorithmic settings. The replay-guarded variant forces communica-
tion and suffix repair whenever fresh replay detects a false-safe event, thereby provid-
ing a paired diagnostic for estimating how residual false-safe events affect reward and
task completion.

Table 3. Diagnostic interpretation of residual false-safe events in the selected full configuration.

False-Safe Source Event Share (%) Winner Flip (%) Bundle
Change (%)

Consequential
Runs (%)

∆ Reward,
Full −

ReplayGuard

∆ Completed,
Full −

ReplayGuard

Unmodeled local swap 99.2 80.5 100.0 37.5 6.3 0.0
Path-version disagreement 0.8 100.0 0.0 33.3 14.9 0.0

Overall 100.0 80.6 99.2 37.5 6.3 0.025

Note: Positive ∆ values indicate that the selected full configuration achieves a higher average metric than the
replay-guarded diagnostic variant. A consequential run denotes an observable change in reward or completion in
either direction. The false-safe rate is normalized by certificate passes.

Table 3 shows that the residual false-safe events are concentrated in a small number of
mechanisms. In the selected full configuration, 99.2% of the detected false-safe events are
associated with unmodeled local swaps, while the remaining 0.8% involve path version
disagreement. ReplayGuard changes at least one final metric in 37.5% of the paired runs,
yet the average completed-task difference remains close to zero in the no-delay diagnostic
setting. These results suggest that, in this diagnostic setting, the 0.279 false-safe rate
mainly reflects winner or bundle changes exposed by fresh-information replay rather than
systematic degradation in completed-task performance.

This distinction also clarifies how the false-safe rate should be read in practice. Be-
cause the rate is normalized by certificate passes, it captures how often a locally passed
certificate is overturned by fresh-information replay. It is therefore a measure of decision
consistency, not of mission failure or completed-task loss. In the tested no-delay diagnostic
instances, the replay-detected changes had a limited average effect on completed tasks,
suggesting that the selected configuration can offer a useful communication–reliability
trade-off for delay-tolerant delivery or monitoring missions. For safety-critical or real-time
UAV missions, however, the same rate would motivate more conservative deployment
choices, such as larger certificate margins, swap-aware checks, shorter retry intervals, or
periodic full-synchronization safeguards. These measures should then be validated under
the corresponding mission requirements.
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Figure 7 summarizes the resulting trade-off across certificate stacks. Task-only checks
minimize bytes but leave more residual false-safe events; bundle checks improve stability
with modest communication overhead; and swap-enabled checks further reduce false-safe
events at the cost of additional bytes.
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Figure 7. Certificate-stack ablation over 20 paired seeds, showing the reward–byte trade-off across
four scenarios. Marker shape denotes the scenario: circles for near-boundary, squares for large-margin,
triangles for disaster response, and diamonds for urban delivery.

6.5. Experiment 5: Scalability and Communication–Quality Trade-Off

This experiment evaluates how communication cost and allocation quality change
as the numbers of UAVs and tasks increase. We use the near-boundary generator and
vary only N and M, while keeping the world size (100), communication range (35), bundle
size (4), horizon (40), and reward/deadline distributions fixed. Table 4 reports bytes per
completed task and relative reward, while Figures 8 and 9 summarize the corresponding
scaling and reward–byte trade-off profiles.

Table 4. Paired-seed scalability stress through the 80-UAV/200-task endpoint (10 seeds). Entries
are bytes per completed task; Full and Cons. denote AC-DMTA-Full and AC-DMTA-Conservative.
Rel. RF and Rel. RC give the rewards of Full and Cons., respectively, divided by the best reward
among the listed methods.

UAVs Tasks Periodic ED-CBBA Clustered TLC-CBBA Full Rel. RF Cons. Rel. RC

6 18 1420.6 728.9 309.6 501.1 218.9 99.9% 263.7 100.0%
10 30 2312.4 1412.0 797.5 1026.6 698.5 100.0% 698.5 100.0%
20 60 4914.7 3549.1 2201.9 2454.6 1023.5 98.9% 1023.5 98.9%
40 100 11,405.7 8287.0 5608.9 6369.8 2053.1 100.0% 2053.1 100.0%
60 150 18,544.4 14,388.9 9340.9 10,120.4 1882.3 98.7% 2359.1 99.2%
80 200 25,194.2 20,356.2 13,015.8 13,940.4 2080.2 99.2% 2555.0 99.4%

Figure 8 reports the scalability profile up to the 80-UAV/200-task setting, with the
corresponding runtime trend shown as an inset. The results show that AC-DMTA’s byte
cost grows substantially more slowly than those of the baselines as the task count in-
creases: AC-DMTA-Full rises from 218.9 to 2080.2 bytes per completed task between the
6-UAV/18-task and 80-UAV/200-task settings, whereas periodic CBBA increases from
1420.6 to 25,194.2 over the same range. Figure 9 further plots normalized reward against
normalized bytes using paired-seed means, thereby separating communication reduction
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from allocation-quality degradation. Across all tested scales, AC-DMTA-Full maintains
98.7–100.0% relative reward. At the 80-UAV/200-task endpoint, it reduces bytes per
completed task by 91.7%, 89.8%, 84.0%, and 85.1% relative to periodic CBBA, ED-CBBA,
Clustered CBBA, and TLC-CBBA, respectively, while achieving 99.2% relative reward. In
this comparison, AC-DMTA-Full uses λS = 0, certificate margin 1.0, and interval-penalty
scale 0.5, whereas AC-DMTA-Conservative uses the same certificate stack but lowers the
certificate margin to 0.8. At the largest scale, the conservative variant reaches 2555.0 bytes
per completed task and 99.4% relative reward. Together, these results suggest that the
decision-centric trigger prevents byte cost from growing at the baseline rate while incurring
only small reward reductions at the largest tested scales.
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Figure 8. Scalability profile up to the 80-UAV/200-task setting. The main curve reports bytes per
completed task across task counts, and the inset reports runtime.
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7. Discussion
The experiments show that AC-DMTA consistently reduces bytes and directed mes-

sages across the tested task allocation environments. These savings do not result from
indiscriminate communication suppression. Instead, AC-DMTA uses assignment consis-
tency certificates to skip records whose uncertainty cannot change the current winner
or bundle decision, and sends targeted updates only when stale records may affect the
allocation decision.

The results also show that AC-DMTA achieves substantial communication savings
with limited allocation quality loss. In the main 6-UAV/18-task benchmark, AC-DMTA
is best or tied in task completion for 3 of 4 scenarios and remains competitive in the 4th
while using substantially fewer bytes. In the scaling stress test, the relative reward remains
within 98.7–100.0% across the tested scales.

The replay and ablation results further clarify the sources of residual false-safe events.
Most such events are associated with unmodeled local swaps, while a small fraction is
related to path-version disagreement. In the diagnostic replay, these events mainly ap-
pear as winner or bundle changes, and their average effect on completed tasks remains
limited. This indicates that the proposed AC-DMTA method provides a practical bal-
ance between communication savings and certificate reliability. For more time-critical or
safety-sensitive missions, more conservative certificate margins may be adopted to further
improve reliability.

8. Conclusions
This paper introduces AC-DMTA, a decision-centric communication framework for

dynamic multi-UAV task allocation under stale and asymmetric information. The underly-
ing idea is that the useful unit of communication is not every state change, but the subset
of state information capable of altering the allocation decision. AC-DMTA operationalizes
this idea through interval bids, local assignment-consistency certificates, recency-aware
deconfliction, and targeted message-value-per-byte ranking.

Across the simulated benchmarks, AC-DMTA reduces bytes and directed messages
relative to periodic CBBA, ED-CBBA, Clustered CBBA, and TLC-CBBA while maintaining
competitive task completion and reward performance. Within the tested delay, packet
loss, and scale ranges, decision-triggered communication provides substantial savings with
limited allocation quality loss, and its communication cost grows more slowly than that of
the broad-synchronization baselines.

The certificates remain local sufficient conditions, and the residual false-safe events
traced to unmodeled swaps and path-version disagreement mark the limits of their guar-
antees. Future work will examine adaptive certificate margins, richer swap checks under
available communication budgets, and stronger path-version handling, as well as evalua-
tion on physical UAV platforms beyond the present simulation study.
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