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Abstract

Multi-agent dynamic task allocation (MADTA) for UAV swarm and autonomous systems

remains a formidable challenge in highly uncertain and stochastic environments, where
conventional reinforcement learning methods struggle with variable input dimensions and
coordination conflicts. This paper proposes a spatiotemporal topology-aware graph rein-
forcement learning (STA-GRL) framework to address these limitations. By modeling
the environment as a dynamic bipartite graph, the framework integrates a spatiotempo-
ral gated graph attention (STGGA) module that employs a temporal gating mechanism
to dynamically prioritize tasks with rapidly decaying deadlines. A topology-aware critic
is further designed to penalize spatial conflicts among agents via an enhanced adjacency
matrix. Extensive simulations demonstrate that STA-GRL significantly surpasses state-
of-the-art baselines. In the primary evaluation scenario with 30 agents and an intermedi-
ate task arrival rate (A = 0.6), STA-GRL achieves a task completion rate of 86.8% and
an average response time of 18.4 seconds, while reducing the average conflict rate to
just 2.1%. Moreover, ablation studies confirm the critical contribution of each architec-
tural component, with the temporal gate improving the completion rate by 7.3% and the
topology-aware critic reducing conflicts by 6.4%.

Keywords: Dynamic task allocation, multiagent reinforcement learning, graph attention
network, spatiotemporal modeling, autonomous systems.

1 Introduction tem coordination, with important applications in
UAV swarm reconnaissance [1], autonomous ve-

The MADTA problem has become a key re- hicle edge computing [2], intelligent warehouse
search direction in autonomous unmanned sys-  Jogistics [3] and disaster response networks [4],
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and large-scale emergency rescue missions in com-
plex unstructured environments. Different from
static allocation with fixed environments, MADTA
faces highly uncertain, confrontational and stochas-
tic conditions: tasks arrive randomly, have strict ex-
ecution deadlines, and may change locations or pri-
orities dynamically with external environment [5].
Its core goal is to assign homogeneous or hetero-
geneous agents to emerging tasks in real time and
sequentially, so as to maximize global system util-
ity while minimizing resource consumption, energy
cost and task failure rate [6]. Due to the nonlinear
coupling of agent motion constraints, dynamic en-
vironmental obstacles and combinatorial explosion
of decision space, MADTA is an NP-hard problem,
bringing severe theoretical and practical challenges
to traditional algorithms [7].

Centralized optimization methods, including
mixed-integer linear programming [8], branch-and-
bound [9], and Hungarian algorithm [10], have long
been used for task allocation due to their theoretical
global optimality in static settings. Yet they demand
full prior environmental information and exhaustive
search, whose complexity grows factorially with
agent and task scale [11]. In dynamic scenarios,
such methods require frequent recomputation from
scratch, resulting in excessive latency that fails real-
time demands under rapid task arrivals [12]. To re-
duce computation overhead, decentralized heuris-
tics such as auction mechanisms [13], consensus-
based bundle algorithms [14], and swarm intelli-
gence methods [15] have been adopted. While they
improve efficiency via distributed decision-making,
greedy strategies limit global vision and easily fall
into local optima, leading to poor global coordina-
tion in dense multi-agent systems with frequent task
overlaps [16].

In recent years, multiagent reinforcement learn-
ing (MARL) has excelled in complex sequen-
tial decision-making by directly mapping high-
dimensional states to optimal actions via interac-
tive trial-and-error, without explicit environmental
modeling [17]. For MADTA, typical MARL al-
gorithms including multiagent deep deterministic
policy gradient (MADDPG) [18], multiagent prox-
imal policy optimization (MAPPO) [19] have per-
formed well in dealing with environmental uncer-
tainty, stochastic dynamics and partial observabil-
ity. Under the centralized training with decentral-

ized execution (CTDE) paradigm [20], agents em-
ploy global state information in training to miti-
gate multi-agent non-stationarity, and use only lo-
cal partial observations for decentralized real-time
execution. However, mainstream MARL structures
rely mainly on multi-layer perceptrons or convolu-
tional neural networks to process inputs, which re-
quire fixed-dimensional state spaces and thus sig-
nificantly restrict real-world adaptability [21].

The fixed-dimensional input requirement
greatly restricts standard MARL in MADTA, where
active task numbers vary dynamically with real-
time arrivals and departures. Zero-padding or trun-
cating variable observations causes severe infor-
mation loss, scattered attention, and inability to
capture key topological relations. To address this
bottleneck, graph neural networks (GNNs) have
been adopted to model inherent relational inductive
biases in multiagent systems [22, 23, 24]. Treating
agents and tasks as nodes and their interactions as
edges, GNN-based MARL handles variable-scale
graphs via permutation-invariant message pass-
ing [25, 26, 27]. Especially, graph attention net-
works are incorporated to assign learnable adaptive
weights to neighbors, strengthening agents’ ability
to focus on high-priority tasks and suppress irrele-
vant spatial noise [28, 29].

Despite advances in GNN-based MARL for
task allocation, existing methods still suffer from
critical limitations in highly dynamic scenarios.
First, most build static graph topologies at each
step, neglecting the temporal evolution and histori-
cal dependencies of agent-task relations that are vi-
tal for forecasting task urgency and trends. Second,
their attention mechanisms lack spatiotemporal dif-
ferentiation, assigning equal temporal weights to
neighbors and ignoring asymmetric task urgency
decay, resulting in short-sighted decisions. Third,
current value functions inadequately penalize spa-
tial conflicts when multiple agents compete for
the same task, causing resource redundancy and
global allocation failures. Thus, designing a robust
MARL framework that unifies dynamic temporal
graphs [30], adaptive spatiotemporal attention, and
conflict-aware global evaluation remains an urgent
open challenge for MADTA.

To address these critical research gaps, this
paper presents a novel spatiotemporal topology-
aware graph reinforcement learning (STA-GRL) al-
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gorithm for the complex MADTA problem. We
model the dynamic environment as a dynamic bi-
partite graph with agents and tasks as two evolv-
ing node sets. A spatiotemporal gated graph atten-
tion (STGGA) module is proposed to capture in-
stantaneous spatial distances and agent-task match-
ing, while employing a temporal gating mecha-
nism to record task state evolution for predictive
decision-making.Embedded in the CTDE frame-
work, a tailored topology-aware critic explicitly
characterizes topological distances and task over-
laps among agents to penalize spatial conflict clus-
tering during centralized training.

The main contributions of this paper are three-
fold.

1. We model MADTA as a partially observable
Markov decision process with a continuous dy-
namic bipartite graph, and propose the STGGA
module. It resolves variable input dimensions by
dynamically aggregating agent-task spatiotem-
poral features without padding or truncation,
enabling lossless information propagation in
stochastic environments.

2. We design a temporal gating mechanism fused
with multi-head graph attention, enabling agents
to adapt attention weights according to task ur-
gency history, thus reducing redundant assign-
ments and greedy competition in dense dynamic
scenarios.

3. Under the CTDE framework, we construct a
topology-aware global value function that pe-
nalizes spatial conflicts via a dynamic conflict
tensor incorporated into the adjacency matrix.
Theoretical and extensive experimental results
verify its superior coordination performance and
higher task completion rate over state-of-the-art
MARL methods.

The rest of this paper is organized as fol-
lows. Section II rigorously formulates MADTA
as a partially observable Markov decision process
(POMDP) with detailed kinematic and stochastic
specifications. Section III elaborates the proposed
STA-GRL algorithm, covering bipartite graph con-
struction, mathematical derivation of the STGGA
module, and the topology-aware critic. Section IV
introduces simulation setups, ablation studies, and

comparative results. Section V concludes the work
and discusses future works. The main notations of
this paper is listed in Table 1.

Table 1. Notations in this paper

Notation  Definitions
M; the time-varying set of active tasks at time #
t the discrete decision epoch
s¢ the state vector of agent i
e the spatial coordinates of agent i
v the velocity vector of agent i
(T the heading angle of agent i
¢ the remaining energy capacity of agent i
s;f’ the state vector of task j
p the spatial coordinates of task j
‘c;[.eq the required execution duration of task j
St the global state at time #
ol local observation of agent i at time ¢
Rops the observable radius of each agent
a the discrete action of agent i at time ¢
at the action set of agent i at time ¢
Vinax the maximum flight speed of UAV agents
i the low-level control input of agent i
At the control step size/simulation time interval
Alt) the time-varying average task arrival rate
Lo the task completion reward for agent i
rl?”“ the distance penalty for agent i
P the task expiration penalty shared by agents
Y the discount factor
Ty the parameterized stochastic policy
v/ the node set of graph G!
E! the edge set of graph G}
h?(o) the initial feature vector of agent node i
h;ﬂm) the initial feature vector of task node k
Mpead the number of multi-head attention heads
c the sigmoid activation function

2 Problem Formulation

The MADTA problem is rigorously modeled
as a POMDP, formally defined by the high-
dimensional tuple M = (AN, M;,5,0,4,P,R.,Y).
Let AL ={1,2,...,N} denote the finite set of N ho-
mogeneous autonomous agents operating in a con-
strained, bounded Euclidean space %/ C R?. Let
M, = {1,2,...,M,} denote the time-varying set of
active tasks at discrete decision epoch 1 € Z*. The
cardinality of the active task set M, is a stochastic
variable governed by a non-homogeneous Poisson
arrival process and a deterministic expiration mech-
anism.
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2.1 State Space and Observation Space
Formulation

The global state space .§ encompasses the com-
prehensive kinematic, dynamic, and attribute in-
formation of all agents and active tasks at time
t. The state vector of agent i € A is denoted as
st € R%_ which intrinsically includes its spatial co-
ordinates p¢ = [x¢,y¢]7 € R?, velocity vector v¢ =
[vxé¢,vy9]T € R?, heading angle y¢ € [—7, 7], and re-
maining energy capacity e/ € R™. The state vector
of task j € M; is denoted as ST € R4 characterized
by its spatial coordinates p' = [}, y]m]T € R?, re-
quired execution duration ’C;-eq € R", and remaining
temporal deadline 7" (¢) € R™. The global state at
time ¢ is formulated as the strict concatenation of all
individual state vectors in the system:

N M,
St = {@s?a@sljﬂ}v (1)
=1 j=1

where € denotes the sequential concatenation op-
erator. Due to physical sensor limitations, localized
sensing ranges, and communication constraints in
practical autonomous deployments, agents cannot
access the global state S, during decentralized exe-
cution. Each agent i maintains a local observation
o} € O, which consists of its own internal state and
the states of tasks located strictly within its observ-
able radius R,;:

¢ U o 2)

j€9V[t¢HP§LP',"H2§Robs

Let K! denote the number of tasks observed
by agent i at time f. It is theoretically evident
that K! < M, and K! varies dynamically across dif-
ferent agents and time steps, leading to a struc-
turally variable-dimensional observation space that
violates the foundational assumptions of traditional
deep neural networks.

2.2 Action Space Definition

The action space A4 is designed as a discrete
combinatorial set representing the high-level task
selection decisions. At each decision epoch, agent
i selects a target from its locally observable task set
or chooses to remain unassigned to execute a de-
fault patrol behavior. The discrete action of agent i
at time ¢ is defined as:

a; € 4 ={0}U{1,2,...,K}, A3)

where a! = 0 indicates that agent i chooses to exe-
cute an idle maneuver, and ¢} = k (for k > 1) indi-
cates that agent i commits to executing the k-th task
in its local observation buffer. Once an agent com-
mits to a task, it is mathematically bound to navi-
gate toward the task location and remains allocated
until the task execution is physically completed or
the task deadline expires. Physical completion of
task j is defined as the agent arriving at the task lo-
cation p’ and remaining stationary at that location
for the full required execution duration 'c;eq without
interruption; only after this duration has elapsed is
the task considered successfully executed and re-
moved from the active task set.

2.3 State Transition Dynamics

The state transition probability P(S;+1|S:,A;)
is determined by the underlying kinematic mod-
els of the agents and the stochastic task dynamics.
The kinematic transition of agent i is governed by
a discrete-time unicycle model with velocity con-
straints

pi(t+1) =pi () +vi(1)Ar, @

vi(t+1) = Clip (v{ () + WAL, —Vyax, Vimax) s (5)

where u! € R? is the low-level control input derived
from the high-level task allocation action a!, and At
is the control step size. Tasks arrive stochastically
according to a non-homogeneous Poisson process
with a time-varying average arrival rate A(z). For
any active task j, the remaining deadline updates
deterministically as
T+ 1) =T () — At (©6)
If a task j is not allocated to any agent before
() < 0, a state transition occurs where the task
is permanently removed from the active task set M;,
representing a failed allocation with a negative im-
pact on global utility.

2.4 Reward Function Formulation

The reward function is critically designed to
balance individual execution efficiency with im-
plicit global coordination to strictly prevent multi-
agent conflicts. The local immediate reward 7} for
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agent i at time ¢ is formulated as a weighted combi-
nation of completion bonuses, continuous distance
penalties, and discrete expiration penalties

— comp dist exp
'5 = Ocompl; + Ogist Vi + Oexpty - @)

The task completion reward r;”"" is activated

when agent i successfully navigates to and finishes
task j:

,c;em (tcom[)/ ete ) 1 . 1 .
comp __ T-ﬁ- , agenticompletes j

1 )

0, otherwise
3

where the fractional term explicitly incentivizes
early completion to maximize the time margin. The
distance penalty rf’m discourages aimless move-
ment, energy waste, and zigzagging, defined con-
tinuously as

A =B =P =Dl ©)

The task expiration penalty r{"" is formulated
as a global penalty shared among all agents within
the observable radius of the expired task to enforce
implicit coordination and shared responsibility

e —1, iftask j expires and j € A
' 0, otherwise '
(10)

The objective of each agent is to maxi-
mize its expected cumulative discounted return
Ery [L/—oYr!], where y € (0,1) is the discount fac-
tor and Ttg is the parameterized stochastic policy.

Remark 1. We rigorously formulate the MADTA
problem as a POMDP, and define a variable-
dimensional local observation space restricted by
a sensing radius and a discrete action space for
task selection. State transitions are governed by
a discrete-time unicycle model for agents and a
deterministic deadline mechanism for tasks driven
by a non-homogeneous Poisson arrival process. A
carefully designed reward function is introduced to
balance individual execution efficiency and implicit
global coordination by combining task completion
bonuses, continuous distance penalties, and shared
expiration penalties.

3 STA-GRL Algorithm

Although standard multiagent reinforcement
learning handles environmental uncertainty, its re-

liance on fixed-dimensional inputs severely re-
stricts adaptability in MADTA, where observable
tasks fluctuate continuously. While naive zero-
padding causes severe information loss, existing
GNN approaches still suffer critical limitations in
dynamic scenarios. They typically construct static
topologies, neglecting the temporal evolution of
task urgency. Furthermore, their attention mech-
anisms lack spatiotemporal differentiation, lead-
ing to short-sighted decisions, while their value
functions fail to explicitly penalize spatial conflicts
when multiple agents target the same task, causing
severe resource redundancy.

To directly address these interconnected gaps
and effectively capture the dynamic spatiotempo-
ral relationships inherently present in MADTA, we
propose the novel STA-GRL framework. The al-
gorithm fundamentally adopts the CTDE paradigm
to balance real-time execution with global coordi-
nation. For decentralized execution, it utilizes a
shared Graph Attention Network-based actor net-
work that gracefully processes variable-scale ob-
servations. Concurrently, during centralized train-
ing, a tailored Topology-Aware Critic network is
deployed. By incorporating conflict-aware mech-
anisms, this specialized critic provides stable and
accurate value estimation.

3.1 Dynamic Bipartite Graph Construc-
tion

At each decision time step ¢, the local obser-
vation o} of agent i is mapped to a dynamic bipar-
tite graph G/ = (V/,E!,X!). The node set V/ =
Vigent U Vigsic consists of the single agent node i
and its K observed task nodes. The edge set £/ C
Vigent X Viasi connects the agent node to all ob-
servable task nodes, forming a star-shaped bipartite
topology that is inherently invariant to the absolute
number of tasks.

The initial feature vector for the agent node is
constructed as h?(o) =s¢ € R%, The initial fea-
ture vector for the k-th task node is constructed by
concatenating its spatial state with its temporal at-
tributes to provide immediate heuristic priors to the
network:

. rem (¢ r
b = | BT o), g,;) eR™, (11)

k
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where the final term explicitly embeds the normal-
ized task urgency into the node feature space. To
provide rigorous spatial relational context to the at-
tention mechanism, we define an edge feature ma-
trix Ej € R% for the edge connecting agent i and
task k:

T

p{ —py
L e =Pl

E;—|—+bi Pe
S et —pplla+e

(12)
where € is a small constant for numerical stability.
This edge feature mathematically encodes both the
unit relative direction vector and the Euclidean dis-
tance, serving as a foundational spatial prior for the
subsequent attention module.

3.2 Spatiotemporal Gated Graph Atten-
tion Module

Standard Graph Attention Networks compute
attention coefficients solely based on instantaneous
node features, fundamentally failing to capture the
rapidly changing urgency decay of dynamic tasks.
We propose a Spatiotemporal Gated Graph Atten-
tion (STGGA) mechanism.

For an agent node i and a neighboring task
node k, the raw spatial attention coefficient is calcu-
lated by jointly processing node and edge features
through a shared linear transformation followed by
a LeakyReLU non-linearity:
ey —LeakyReLU( b [ (1)||Wmhm([)||W EkD

pa k el
(13)

where W, € R4, W,, € RY*dn W, ¢ RI*%

. !
concatenation, and a,, € R3¢ is a learnable atten-
tion vector.

To incorporate the historical trajectory of task
urgency and prevent the policy from being mis-
led by transient environmental noise, we introduce
a temporal gating vector g} € RY, updated via a
recurrent gating structure that maintains memory
across time steps: this gate dynamically amplifies
attention for tasks with fast-decaying deadlines and
suppresses less urgent ones.

—o (Wb +Upg b, ), (14)
where G is the sigmoid activation function, and
U, € R4*d" is the recurrent weight matrix govern-
ing the temporal decay. The final spatiotemporal

attention logit is modulated by this temporal gate
via a Hadamard product:

spa

lk—e,k (15)

O g

This modulation mathematically ensures that
tasks whose deadlines are rapidly decaying receive
exponentially amplified attention, while tasks with
ample remaining time maintain a baseline atten-
tion level. The normalized attention coefficient is
obtained via the softmax function applied over all
neighboring task nodes to ensure probabilistic in-
terpretation:

exp(éix)
Zjef]\ét‘”k eXp(él])

Oljf = (16)

The aggregated feature representation for agent
i after L layers of STGGA is computed using multi-
head attention to stabilize the learning process and
capture diverse relational patterns:

HMhead

oW 17)

kG?\C’”k

where || denotes concatenation across Mj,,q inde-
pendent attention heads, and W™ & R4 " ig the
projection matrix for the m-th head. This aggre-
gated vector z/%¢ € RMread” intrinsically solves the
variable input size problem, as the summation op-
eration is permutation-invariant and mathematically
scalable to any K.

3.3 Sequential Execution and Recurrent
Fusion

To model the sequential decision process of dy-
namic task allocation and preserve historical execu-
tion information, we feed the aggregated graph em-
bedding z“ into a Gated Recurrent Unit (GRU).
Let hf" | € R% denote the hidden state of the GRU
attime f — 1. The update rules are formulated as

=0 (Wi by, + Wy, bl +by, ), (18)
u =0 (WiuZ?gg + biu + Whuhgm 1 =+ bhu) ) (19)

n, —tanh Wi,z +bi, 41, © (Wb +bi) )
(20)
b =(1—-uw)on+uohf",  (@21)
where r; and u, represent the reset gate and update
gate, respectively. This recurrent structure enables
the actor network to fuse historical allocation deci-
sions with current graph observations effectively.
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3.4 Topology-aware Critic Network

During centralized training, the critic network
Vo(S;) is tasked with evaluating the global state-
value function. Standard critics typically concate-
nate all agent states, fundamentally failing to cap-
ture the topological conflicts where multiple agents
target the same task simultaneously. We design a
topology-aware critic (TAC) utilizing a global bi-
partite graph gté’lObal — (rVglohaleglohal).

First, we define an agent-agent conflict tensor
C € RV*N based on their current target task assign-
ments and spatial distances. Let 7 (a}) be a func-
tion that returns the spatial coordinate of the task
selected by agent i (or a null vector if idle). The
conflict tensor is formulated as

267

0, otherwise

(22)
where G, is a scaling parameter controlling the
penalty decay with distance. The conflict tensor
C explicitly quantifies the redundancy of agent dis-
tributions. We then construct an enhanced global
adjacency matrix As/obal ¢ RINHEM)X(N+M:) by fyg-
ing the spatial agent-task bipartite adjacency A8/°>
with the conflict tensor mapped into the agent sub-
space:

ty_ 112
o exp(_H‘T(ap) ‘T(aq)\b)’ a;,:agaéo
rqg — )

Aglohal _ Agl()bal —|-B |:C 0:| ’

0 0 (23)

where B > 0 is a hyperparameter controlling the
penalty strength for conflicts. The global value
is extracted by a Graph Convolutional Network
(GCN) processing the enhanced global graph. The
layer-wise propagation rule for the TAC is defined
as

H+D) — ReLU (f)—% Aglobazf)—%H(l)ng)) , (24)

where D is the diagonal degree matrix of Asobd!
with added self-loops, H) is the node feature ma-
trix at layer /, and WEI) are the GCN weight pa-
rameters. By injecting C into the adjacency matrix,
the GCN message passing mechanism inherently
penalizes topological cliques, forcing the critic to
assign strictly lower state-values to configurations
where agents are spatially clustered around a single
task, thereby providing a strong implicit coordina-
tion gradient signal to the actors.

3.5 Policy Optimization Objective

The actor and critic networks are jointly opti-
mized using Proximal Policy Optimization (PPO)

to ensure stable policy updates and prevent destruc-

Tig (tf|0f)
T, (4;]07)
the probability ratio between the new and old poli-
cies.

tive large gradients. Let r,(0) = denote

The clipped surrogate objective function is de-
fined as:

L (9)=E, [min (r, (0)A,, clip(r(6), 1 —&, 1 +€)A, )],

(25)
where A, is the estimated advantage function cal-
culated using generalized advantage estimation
(GAE) to balance bias and variance:

A=Y, )8, (26)
& =1 +Wo(Siv1) — Vo (Sy), (27)

where A € [0, 1) is the GAE parameter. In our ex-
periments, we set A = 0.95, which provides a fa-
vorable bias-variance trade-off in advantage estima-
tion, effectively reducing the variance of policy gra-
dients while maintaining a sufficiently long tempo-
ral credit assignment horizon for stable training.

To encourage sufficient exploration and prevent
premature convergence to suboptimal deterministic
allocations, an entropy regularization term is added:

L5(0) =Ex, | — ) mo(alo})logmg(alo}) | . (28)
a
The overall actor loss is formulated as:
Lactor(e) _ I’Et [LCLIP(G) +C1LS(9)} 7 (29)

The critic network is optimized independently
by minimizing the mean squared error loss com-
bined with a gradient penalty to prevent value func-
tion divergence:

L () =B |(Vi(S1) — Re) ol [[[ VoV

(30)
where R, = ZIT;O’ Yl ry1; s the discounted return. The
parameters 0 and ¢ are updated alternately using
the Adam optimizer over multiple epochs for each
batch of collected trajectories.
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Remark 2. This Section introduces the STA-GRL
framework under the CTDE paradigm to handle
variable-dimensional observations and dynamic
spatiotemporal relationships. It first maps local ob-
servations into dynamic bipartite graphs that en-
code spatial distances and temporal attributes as
edge and node features. The core STGGA module
is then proposed, which utilizes a recurrent tempo-
ral gating mechanism to dynamically amplify at-
tention for tasks with rapidly decaying deadlines,
while its permutation-invariant aggregation inher-
ently solves the variable input size problem. Fur-
thermore, the aggregated graph embeddings are
processed by a GRU to maintain sequential exe-
cution memory. To ensure implicit coordination,
a centralized topology-aware critic is designed by
injecting an agent-agent conflict tensor into the
global graph’s adjacency matrix, forcing the GCN
to penalize spatial clustering around the same task.
Finally, the actor and critic networks are jointly op-
timized using PPO with Generalized Advantage Es-
timation and entropy regularization.

4 Simulations and Results

To comprehensively evaluate the performance,
robustness, and theoretical validity of the pro-
posed STA-GRL algorithm in solving the complex
MADTA problem, we designed a series of exten-
sive, large-scale simulation experiments character-
ized by high stochasticity, dense agent interactions,
and stringent temporal constraints.

4.1 Simulation Environment and Parame-
terization

We constructed a high-fidelity continuous 2D
dynamic task allocation simulator representing a
large-scale UAV swarm search and response sce-
nario in a contested environment. The operational
airspace was mathematically defined as a bounded
square region W = [0,2000] x [0,2000] meters. A
fleet of N homogeneous UAVs was initialized with
uniformly distributed random spatial positions and
zero initial velocities. Each UAV was strictly con-
strained by a maximum flight speed v,qx = 25 m/s
and a maximum acceleration magnitude, modeled
within the discrete-time unicycle kinematic integra-
tor. The sensory observation radius R, for each
UAV was strictly limited to 400 meters, meaning

UAVs could only detect and evaluate tasks within
this localized spatial range, enforcing strict partial
observability.

Tasks stochastically appeared in the airspace
following a non-homogeneous Poisson process
with an average arrival rate A, which dynamically
increased over the simulation horizon to simulate
escalating battlefield or disaster conditions. Each
task was assigned a random spatial coordinate and a
strict maximum endurance time (deadline) sampled
independently from a uniform distribution over the
interval [40,120] seconds. If a UAV successfully
navigated to the task location before the deadline,
the task was marked as completed; otherwise, it
immediately expired and was permanently removed
from the active environment, simulating irreversible
mission failure. The simulation ran for a maximum
of 300 discrete time steps per episode, with a con-
trol interval Az = 1 second.

4.2 Baseline Algorithms for Comparison

To rigorously demonstrate the superiority of
STA-GRL, we compared it against four estab-
lished baselines representing different theoretical
paradigms:

Hungarian algorithm (HA): A centralized static
optimization method with high latency in dynamic
scenes recalculated globally every 10 steps based
on the current global agent-task Euclidean distance
matrices, serving as the optimal static benchmark.

Greedy distance (GD): A purely heuristic ap-
proach where each agent locally selects the unallo-
cated task with the minimum Euclidean distance at
each step without any coordination.

Multiagent deep deterministic policy gradient
(MADDPG): A classical MARL algorithm utilizing
continuous action spaces, strictly adapted by map-
ping continuous action outputs to discrete task in-
dices.

Multiagent  proximal  policy  optimization
(MAPPO): The standard Multi-Agent PPO algo-
rithm utilizing standard MLPs, where variable-
sized observations are naively handled via zero-
padding to the maximum possible task limit ob-
served during training.
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Table 2. Performance comparison under escalating task arrival rates (N = 30), averaged over 500 episodes

. A=04 A=0.6 A=0.8
Algorithm
TCR(%) ART(s) ACR(%) TCR(%) ART(s) ACR(%) TCR(%) ART(s) ACR(%)

HA 89.5 18.2 0.0 78.4 22.1 0.0 65.2 26.5 0.0

GD 71.2 28.4 18.5 60.5 32.1 243 48.2 36.8 31.2

MADDPG 80.4 24.5 12.1 72.8 27.8 16.5 61.5 31.2 224

MAPPO 85.1 20.3 7.8 71.5 24.6 11.2 68.4 28.1 15.8

STA-GRL 93.2 15.1 1.5 86.8 18.4 2.1 78.5 21.2 2.8

4.3 Evaluation Metrics

The algorithms were rigorously evaluated using
three primary metrics designed to capture different
facets of system performance:

Task completion rate (TCR): The percentage of
arrived tasks successfully executed by agents before
their deadlines. This is the primary metric reflecting
global coordination efficiency and temporal robust-
ness.

Average response time (ART): The average time
elapsed from a task’s stochastic arrival to its phys-
ical completion by an assigned agent. Lower ART
indicates higher operational efficiency and reduced
latency.

Average conflict rate (ACR): The percentage of
time steps where two or more agents targeted the
exact same task simultaneously, indicating a severe
lack of implicit coordination and resource waste. It
is calculated as the ratio of conflict time steps to to-
tal effective decision steps in each episode.

4.4 Performance under Escalating Task
Densities

In the first set of experiments, we fixed the num-
ber of agents to N = 30 and systematically varied
the task arrival rate A € {0.4,0.6,0.8,1.0} to test
the algorithms’ robustness under escalating envi-
ronmental pressure. Each configuration was tested
over 500 independent evaluation episodes to ensure
strict statistical significance. The quantitative re-
sults are comprehensively summarized in Table 2.

As quantitatively detailed in Table 2, the pro-
posed STA-GRL algorithm consistently and sig-
nificantly outperforms all baselines across differ-
ent task densities. While the Hungarian Algorithm
(HA) maintains a zero conflict rate due to its cen-
tralized omniscient allocation, its TCR drops pre-

cipitously to 65.2% at A = 0.8. This severe degra-
dation occurs because the static recalculation inter-
val fails to account for tasks that arrive and expire
between optimization windows, a fundamental the-
oretical flaw in dynamic environments. The Greedy
algorithm exhibits the worst overall performance,
suffering from an exceptionally high Average Con-
flict Rate (ACR) exceeding 31%, as multiple agents
blindly converge on the nearest tasks without fore-
sight. Standard MAPPO improves upon MADDPG
but still suffers from the zero-padding issue, leading
to attention dispersion when the actual number of
tasks is much smaller than the padded dimension,
resulting in an ACR of 15.8%. In contrast, STA-
GRL maintains a robust TCR of 78.5% even un-
der extreme pressure (A = 0.8), and keeps the ACR
strictly below 2.8%. The STGGA module enables
agents to precisely evaluate task urgency via tempo-
ral gating, effectively avoiding redundant targeting
and allocating agents to tasks that are on the verge
of expiration.

Table 3 reveals a critical phenomenon regard-
ing the scalability of MARL algorithms in dense
multi-agent regimes. Traditional optimization and
heuristics quickly saturate; adding more agents be-
yond N = 30 yields severely diminishing returns
because the spatial service capacity of the environ-
ment is reached, and HA lacks the temporal granu-
larity to exploit the extra agents dynamically. In-
terestingly, MADDPG and standard MAPPO ex-
hibit a catastrophic degradation in performance
when N increases beyond 30. This is a classic
manifestation of the non-stationarity curse and the
“lazy agent” problem in MARL: as the number of
agents increases, the environmental dynamics be-
come highly chaotic, and the MLP-based policies
fail to generalize, leading to severe coordination
breakdowns. Conversely, STA-GRL demonstrates
continuous, strictly positive scalability. By utiliz-
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Table 3. Task completion rate (%) scalability under different fleet sizes (A = 0.8), averaged over 500
episodes

Algorithm | N=20 N=30 N=40 N=50 N=60

HA 554 652
GD 42.1 482
MADDPG | 558 615
MAPPO 62.5 684
STA-GRL | 68.5 78.5

66.8 67.1 675
525 538 542
582 541 505
70.1 695  68.2
852 894 912

ing the dynamic bipartite graph, the policy’s com-
putational graph remains mathematically localized
regardless of total agent count. Furthermore, the
Topology-Aware Critic provides a stable global sig-
nal that explicitly penalizes spatial redundancy, al-
lowing STA-GRL to achieve a remarkable 91.2%
TCR with 60 agents, effectively utilizing the ex-
panded fleet.

4.5 Ablation Study on Theoretical Compo-
nents

To rigorously verify the theoretical necessity
of the proposed components within the STA-GRL
framework, we conducted an extensive ablation
study by systematically removing key modules un-
der the N = 30,A = 0.6 scenario. The results are
detailed in Table 4.
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Figure 1. Training convergence curves of the
MARL algorithms for the complex scenario with
N =30and A=0.6

The ablation results rigorously validate our the-
oretical propositions. Removing the Temporal Gate
(reverting to a static GAT) caused the TCR to drop
by 7.3% and the ACR to rise to 6.8%, confirm-
ing that tracking the historical trajectory of task
urgency is critical for preventing redundant allo-

cations in time-constrained environments. Replac-
ing the topology-aware critic with a standard GCN
critic increased the ACR from 2.1% to 8.5% (a de-
terioration of 6.4%), demonstrating that without ex-
plicit conflict tensor injection into the adjacency
matrix, the critic fails to provide sufficient gradient
signals to discourage multi-agent clustering. Re-
moving edge features and dynamic masking also
resulted in significant performance penalties, prov-
ing that spatial priors and variable-dimensional ar-
chitectures are mathematically indispensable for the
MADTA problem.

4.6 Convergence and Training Efficiency
Analysis

Figure 1 illustrates the training convergence
curves of the MARL algorithms (MADDPG,
MAPPO, and STA-GRL) for the complex scenario
with N = 30 and A = 0.6. The y-axis represents the
average episodic return, smoothed over a moving
window to reduce stochastic variance.

As conceptually depicted in Figure 1, the
MADDPG exhibits extreme high variance and
struggles to converge to a stable policy, fre-
quently collapsing due to the unbounded nature of
continuous-to-discrete action mapping in the pres-
ence of other learning agents. Standard MAPPO
achieves stable convergence faster than MAD-
DPG but plateaus at a highly suboptimal return
value around 1.5 million episodes. The proposed
STA-GRL demonstrates a significantly steeper ini-
tial gradient and converges to a global optimum
asymptote. The incorporation of the temporal
gate prevents the network from being misled by
transient environmental noise, while the topology-
aware critic ensures that the value baseline accu-
rately reflects the true global utility, drastically re-
ducing the variance of the policy gradient estima-
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Table 4. Ablation study of the STA-GRL theoretical modules (N = 30, A = 0.6), averaged over 500

episodes
Variant Description TCR (%) ART (s) ACR (%)
Full STA-GRL 86.8 18.4 2.1
Temporal gate (static GAT) 79.5 22.1 6.8
Topology-aware critic (standard GCN) 82.1 20.5 8.5
Edge features (distance-blind attention) 81.2 21.8 5.2
Dynamic masking (zero-padding) 76.8 242 7.1

tions and ensuring monotonic improvement.
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Figure 2. Temporal evolution of attention weights
for three different tasks

4.7 Dynamic Spatiotemporal Feature Vi-
sualization

To explicitly verify the internal mathematical
mechanism of the proposed STGGA module, we
tracked the attention weights assigned by a specific
agent to various surrounding tasks during a local-
ized execution window. Figure 2 shows the tempo-
ral evolution of attention weights for three different
tasks located concurrently within the agent’s obser-
vation radius.

In Figure 2, Task A possesses an impending
deadline but is spatially distant. Initially, the agent
assigns low attention to Task A based on spatial
edge features. However, as time progresses (ap-
proaching step 40), the temporal gate gj in the
STGGA module exponentially amplifies the ur-
gency signal of Task A, causing a sharp spike in
the attention weight. This mathematically prompts
the agent to abandon a closer, less urgent task (task
B) and redirect its trajectory towards Task A, suc-
cessfully preventing its expiration. Task C expires

at step 35, and the attention mechanism correctly
collapses its weight to zero immediately thereafter,
demonstrating that the algorithm dynamically filters
out invalid nodes from the graph topology without
requiring manual reset mechanisms. This visual-
ization definitively confirms that the spatiotemporal
attention mechanism successfully learns a sophis-
ticated, non-greedy allocation logic that transcends
simple distance-based heuristics.

Remark 3. This section comprehensively evaluates
the proposed STA-GRL algorithm through extensive
simulations in a dynamic 2D UAV swarm scenario,
comparing it against baselines like HA, GD, MAD-
DPG, and MAPPO. The results demonstrate that
STA-GRL significantly outperforms the other meth-
ods in task completion rate, response time, and con-
flict reduction, maintaining robust performance and
positive scalability under escalating task densities
and expanding fleet sizes where standard MARL
methods catastrophically fail. Furthermore, ab-
lation studies validate the necessity of each theo-
retical component, while convergence analysis and
spatiotemporal attention visualizations confirm that
the algorithm successfully learns a sophisticated,
non-greedy logic to prioritize urgent tasks over sim-
pler distance-based heuristics.

5 Conclusion and Future Works

This paper systematically investigates the mul-
tiagent dynamic task allocation problem and
presents a novel STA-GRL algorithm to tackle its
inherent theoretical and practical challenges. By
modeling the stochastic environment as a continu-
ous dynamic bipartite graph, we effectively over-
come the fixed-dimensional input constraints that
limit conventional deep reinforcement learning ar-
chitectures in variable-scale scenarios. The pro-
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posed spatiotemporal gated graph attention mod-
ule enables agents to dynamically assess the ur-
gency of variable-scale task sets through tempo-
ral recurrence, while the topology-aware critic pro-
vides reliable global supervision by explicitly pe-
nalizing multi-agent spatial conflicts via refined ad-
jacency matrix augmentation. Extensive experi-
mental results clearly validate that STA-GRL sub-
stantially outperforms state-of-the-art optimization
and MARL baselines. However, the current frame-
work assumes homogeneous agents and ideal com-
munication conditions, which are simplified com-
pared to real-world scenarios.

Future works will focus on extending the STA-
GRL algorithm to heterogeneous multi-agent sys-
tems with diverse capabilities and task types, as
well as incorporating communication constraints
and dynamic obstacles to enhance its practicality
in real-world scenarios. Furthermore, the proposed
framework can be generalized to 3D operational en-
vironments by extending the bipartite graph con-
struction to 3D spatial coordinates and updating
kinematic models to support 3D motion, which will
broaden its applicability to complex 3D scenarios
such as underwater robotics and 3D UAV swarm
missions. Moreover, we plan to explore theoreti-
cal analysis on the convergence and generalization
bounds of the spatiotemporal graph reinforcement
learning framework. In addition, transfer learning
and online adaptive learning strategies will be in-
vestigated to enable fast cross-scenario deployment
and continuous improvement in highly stochastic
and adversarial environments. Finally, real-world
physical experiments will be conducted to verify the
practical deployment performance.
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