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Abstract

Multi-Robot Task Allocation (MRTA) with spatiotemporal constraints presents significant
challenges in environmental adaptability. Existing learning-based methods often overlook
environmental spatial constraints, leading to spatial information distortion. To address this,
we formulate the problem as an asynchronous Markov Decision Process over a directed
heterogeneous graph and propose a novel heterogeneous graph neural network named
the Edge-Enhanced Attention Network (E2AN). This network integrates a specialized
encoder, the Edge-Enhanced Heterogeneous Graph Attention Network (E2HGAT), with
an attention-based decoder. By incorporating edge attributes to effectively characterize
path costs under spatial constraints, E2HGAT corrects spatial distortion. Furthermore,
our approach supports flexible extension to diverse payload scenarios via node attribute
adaptation. Extensive experiments conducted in simulated environments with obstructed
maps demonstrate that the proposed method outperforms baseline algorithms in task
success rate. Remarkably, the model maintains its advantages in generalization tests on
unseen maps as well as in scalability tests across varying problem sizes. Ablation studies
further validate the critical role of the proposed encoder in capturing spatiotemporal de-
pendencies. Additionally, real-time performance analysis confirms the method’s feasibility
for online deployment. Overall, this study offers an effective solution for MRTA problems
with complex constraints.

Keywords: multi-robot task allocation; reinforcement learning; deep learning; graph
neural network

1. Introduction

Multi-Robot Task Allocation (MRTA) stands as a critical challenge in the collaboration
of multi-robot systems. Its core objective lies in determining the optimal “task-robot”
matching through effective coordination mechanisms, aiming to maximize the overall
system utility (e.g., task success rate) while ensuring conflict-free decision-making [1]. With
rapid advancements in autonomous technologies, MRTA has demonstrated essential value
in fields such as precision agriculture [2], logistics and warehousing [3], unmanned recon-
naissance [4,5], hazardous environment monitoring [6,7], and cooperative mapping [8]. In
these real-world applications, the complexity of the environment and the diversity of tasks
pose severe challenges to the efficiency and robustness of allocation algorithms.

According to the taxonomy proposed by Gerkey [1], MRTA problems are categorized
based on three axes: robot type (Single-Task vs. Multi-Task), task type (Single-Robot vs.
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Multi-Robot) and assignment type (Instantaneous vs. Time-extended). This study focuses
on the allocation problems with single-task robots, single-robot tasks, and time-extended
assignments (ST-SR-TA), where a single robot executes tasks serially and independently.
When tasks are subject to deadlines and robots are permitted to execute a sequence of
tasks, the problem falls into the category of In-schedule Dependencies (ID). Nunes et al. [9]
indicate that MRTA with temporal constraints represents the most intensively studied
scenario, aligning with the rigorous deadline requirements of most practical applications.

MRTA is a typical NP-hard combinatorial optimization problem that has been ad-
dressed by a suite of classic approaches, including exact methods like Mixed Integer
Linear Programming (MILP) [10,11] and approximate methods such as clustering al-
gorithms [12,13], heuristics [14,15], meta-heuristics [16-18], and market-based mecha-
nisms [19,20]. Exact methods centrally optimize and thus guarantee global optimality,
whereas approximate methods trade optimality for real-time efficiency. Nevertheless, both
non-learning paradigms struggle with large-scale or dynamic instances. On the one hand,
exact solvers suffer from combinatorial explosion, consequently, their runtime grows pro-
hibitively as problem size increases. On the other hand, heuristics depend on hand-crafted
rules that are tightly coupled to specific scenarios, limiting their ability to generalize when
the environment changes.

MRTA is a typical NP-hard combinatorial optimization problem that has been ad-
dressed by a suite of classic approaches, generally categorized into exact and approximate
methods. Exact methods, such as Mixed Integer Linear Programming (MILP) formulated
in [11] and the CLIP algorithm in [10], centrally optimize to guarantee global optimality.
However, they suffer from combinatorial explosion, causing runtimes to grow prohibitively
as problem size increases. To address real-time constraints, approximate methods trade
optimality for efficiency. These include clustering algorithms [12,13], heuristics [14,15],
meta-heuristics [16-18], market-based mechanisms [19,20], and graph-based approaches
like the BiG-MRTA [10]. While effective in their respective domains, these non-learning
paradigms encounter significant challenges when applied to the complex spatial envi-
ronments with obstacles considered in this study. Specifically, graph-based and heuristic
methods often rely on simplified metrics (e.g., Euclidean distance) to maintain responsive-
ness, which fails to capture the non-linear path costs imposed by obstacles. Conversely,
incorporating precise path planning into their iterative evaluation processes (e.g., fitness
calculation in meta-heuristics or edge weighting in graph matching) would introduce a
prohibitive computational bottleneck. Furthermore, rule-based heuristics often depend on
scenario-specific designs, limiting their generalization across varying map topologies.

In recent years, the rapid development of deep learning has offered a new paradigm
for solving combinatorial optimization problems. Kool et al. [21] proposed modeling
the Traveling Salesman Problem (TSP) and Vehicle Routing Problem (VRP) as sequential
decision-making frameworks, achieving near-optimal results using deep reinforcement
learning. Inspired by this, Wang et al. [22] incorporated the MRTA problem into similar
frameworks, achieving promising results in temporal-constrained scenarios via imitation
learning; however, the reliance on expert data limits its generalization ability. To improve
scalability, recent studies [23,24] represented the MRTA problem as a graph structure
utilizing Capsule Networks and Covariant Compositional Networks for feature extraction.

However, despite retaining the effective sequential decision-making backbone, these
methods often overlook the environmental spatial constraints that are inextricably linked
to execution time. Existing approaches typically encode the coordinate attributes of robots
and tasks directly, implicitly assuming that the distance between nodes is the Euclidean
distance. However, in complex real-world environments characterized by high-density
obstacles or structural partitions, the Euclidean distance fails to reflect actual path costs,
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leading to spatial information distortion. A previous study [25] considered spatial con-
straints in MRTA, yet its focus remained on avoiding conflicts within robot workspaces
rather than addressing the fundamental impact of obstructed maps on path planning and
task reachability.

To capture these complex dependencies, Graph Neural Networks (GNNs) incorporat-
ing edge attributes, exemplified by architectures such as EGAT [26] and HGT [27], have
emerged as a promising direction. In the domain of robotic task scheduling, recent works
have adopted these concepts; notably, Gao et al. [28] utilized edge-featured GATs to model
transmission delays, while Ma et al. [29] employed heterogeneous graphs to describe
collaborative relationships. Nevertheless, a structural limitation persists regarding the
integration of physical constraints within these architectures. Most existing approaches
incorporate edge attributes primarily to modulate attention weights, effectively treating
them as auxiliary scalar biases. This design implies that while edge attributes influence
the aggregation mechanism, specific edge information becomes implicitly fused into node
features rather than being propagated as a distinct component. In scenarios characterized
by strict spatiotemporal coupling, reliance on such implicit fusion potentially compromises
the fidelity of physical constraints within the final embeddings, thereby constraining the
solver’s ability to discern tasks that exhibit logical proximity but remain physically distant.

To address this limitation, this study formulates the MRTA problem as a Markov
Decision Process over a directed heterogeneous graph and proposes the Edge-Enhanced
Attention Network (E2AN). Central to this framework is the Edge-Enhanced Heteroge-
neous Graph Attention Network (E2HGAT) encoder. Distinct from generic edge-aware
GNNs, E2HGAT is architecturally engineered to specifically preserve the fidelity of phys-
ical constraints against implicit fusion. It incorporates an MPNN-inspired [30] spatial
pre-injection to ground node features with physical distances and employs a novel dual-
path residual mechanism driven by edge attributes. This residual structure establishes a
dedicated information channel for physical constraints, ensuring they are explicitly pre-
served alongside semantic features processed by edge-enhanced aggregation. Furthermore,
a dynamic gating mechanism is introduced to adaptively fuse these spatial insights with
high-level representations. Finally, we integrate an attention-based decoder to construct
an asynchronous sequential decision-making framework. This integrated design not only
corrects spatial information distortion in complex environments but also enhances the
model’s generalization across varying problem scales, with the flexibility to adapt node
attributes for diverse payload requirements.

The main contributions of this paper can be summarized as:

1.  To address environmental spatial constraints in temporal-constrained MRTA, we pro-
pose a Markov Decision Process (MDP) model founded on a directed heterogeneous
graph. This model operates within an asynchronous sequential decision-making
framework and accommodates extensions for diverse payload requirements. This for-
mulation transforms the high-dimensional combinatorial optimization problem into
sequential assignments for deep reinforcement learning. Ultimately, the integrated
paradigm intrinsically embeds environmental spatial constraints within the MRTA
architecture, ensuring that allocation decisions align with physical realities.

2. To adapt to the directed heterogeneous graph modeling, we propose the E2ZAN. Built
upon an encoder-decoder architecture, the core E2ZHGAT encoder fuses spatial edge
attributes with node features to correct spatial information distortion. Coupled with
an attention-based decoder, the network enhances the policy model’s capacity to
capture spatiotemporal dependencies inherent in the coupled constraints.

3. We constructed a simulated environment considering temporal and environmental
spatial constraints. Through multi-dimensional experimental evaluation—covering
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in-distribution testing, cross-scenario generalization, and cross-scale scalability test-
ing—we verified the effectiveness of the proposed method in both basic scenarios and
extended diverse payload scenarios. Benchmarking against baselines and ablation
variants shows higher task success rates across different map environments and prob-
lem sizes. Furthermore, the analysis of real-time performance confirms the method’s
computational efficiency and feasibility for online deployment.

2. Problem Formulation

This section focuses on the ST-SR-TA class of Multi-Robot Task Allocation problems
with temporal and environmental spatial constraints. In this scenario, tasks far outnumber
robots, so each robot must navigate through the environment to carry out multiple tasks
in sequence. This study centers on ground robots whose motion plans are constrained by
regional traversability. Building on this setting, the environmental spatial constraints are
encoded directly into the optimization model by representing obstacle-partitioned regions
on a grid map. The formulation is further generalized to accommodate diverse payload
requirements, ensuring that the robot’s working capacity matches the requirements of the
assigned tasks. The subsequent subsections will first provide a detailed description and
formal formulation of the MRTA problem, followed by its modeling as a Markov Decision
Process over a heterogeneous graph.

2.1. MRTA Problem Description and Formulation

We formulate the problem as a MILP model. Building on temporal-constrained
approaches [10,31] and incorporating environmental spatial constraints from the map,
we state the model as follows. Let R = {1,...,ng} denote the set of robots, and
T ={1,...,n7} denote the set of tasks. Each task i is characterized by a workload w; and
a deadline D;. The working capacity of robot  is denoted by c,, and the service time of task
iis givenby s, ; = w;/c,. To satisfy spatial constraints, we precompute exact robot-to-task
travel distances offline with path planning algorithms like A* instead of using Euclidean
estimates on the 2D map. Assuming a uniform and consistent travel speed for the robots,
we derive the exact travel time ¢; ; between locations and the arrival time tﬁfiart. The decision
variables of this problem are defined as follows: the binary variable y, ; ; equals 1 if task i
is assigned as the s-th task in robot r’s sequence, where Smax is the maximum number of
tasks per robot. Variable x; equals 1 if task i is completed successfully. Additionally, the
task start time T; and completion time C; are defined as continuous variables. The domains
of the relevant variables are defined as follows:

Yrs,i € {0/1}/ X € {0/1}/ Ti > Or Ci > 0. (1)

The optimization objective is to maximize the number of completed tasks that satisfy
deadline constraints. The objective function is formulated as:

max Msuccess = Z Xi. 2)
icT

The constraints for the MILP model are described in Equations (3)—(8). Equation (3)
ensures that a task is assigned to a single robot and occupies a unique position in the
sequence. To linearize conditional constraints and ensure they apply only to active robot—
task assignments, a sufficiently large constant M is introduced. The value of M is set to
twice the maximum deadline, i.e., M = 2 max; D;. Equation (4) enforces the validity of all
assignments, ensuring that completion times do not exceed deadlines. Due to temporal
constraints, if a task can be successfully assigned to a robot (satisfying the deadline), it is
considered successfully completed, as implied by Equation (5). Equation (6) guarantees
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that the completion time of a task is greater than its start time plus the execution duration,
where S = {0, ..., Smax } denotes the range of the task sequence. Equation (7) ensures that
the sequential arrangement of tasks adheres to spatial constraints, where $ = S \ {Smax }-
Equation (8) guarantees that every robot can reach its first assigned task from its start point.

Smax
YN ysi=1 VieT, (3)
reR s=0
CiSDi+M-(1—Xi) VieT, 4)
Smax
Xi=Y Y ysi VieT, @)
reR s=0
C>T + 8 — M- (1 - ]/r,s,i) VieR,VseS, VieT, (6)

Ti>Cittij—M-(2—Yrsi—Yrst1j) VreER,Vs€S, VijeT,i#] @)
T, > 85 M. (1—y,0;) VreR, YieT. 8)

t= bri

To address diverse payload requirements, we extend the robot capacity ¢, and the
task workload w; to K-dimensional vectors in RY. Assuming each task i requires a specific
payload type k;, w; is defined as a sparse vector with a non-zero value exclusively in the
k;-th dimension.

This study defines a binary variable p, € {0,1} to indicate if robot r is equipped with
payload k. Robots can carry multiple payloads, resulting in multi-dimensional capacity
vectors ¢,. Payloads are divided into basic (carried by all robots) and specific. We assume
each robot carries exactly one specific payload, which determines its category. Accordingly,
task requirements are subdivided into basic requirements and specific requirements: a
basic requirement corresponds to a basic payload and can be satisfied by any robot; a
specific requirement corresponds to a specific payload and can only be satisfied by the
corresponding category of robots. Since robots can execute multiple types of tasks, different
types of tasks must compete for the same robotic resources, which increases the coupling
and complexity of the problem.

To ensure the matching between capabilities and requirements, task i can only be
assigned to a robot equipped with the corresponding payload k;. This constraint is formal-
ized as:

Smax

2 Yrs,i < Prk; VreR,i€T. (9)
s=0
This constraint guarantees that a robot lacking the necessary payload cannot execute
the task. Accordingly, the service duration s, ; is determined jointly by the workload in the
corresponding dimension and the robot’s efficiency in that dimension, calculated as:

w; t.
Ziki (10)

Sri =
Cr,kl-

2.2. Markov Decision Process over a Heterogeneous Graph

Since the essence of the MRTA problem lies in seeking an optimal matching between
two sets of entities, we draw upon the classic bipartite graph matching model to formulate
the problem as an MDP over a complete directed heterogeneous graph G = (V, ). The
node set V = Vr U Vr comprises two categories: robot nodes and task nodes. Robot node
attributes consist of real-time position, current time, working capability, and operational sta-
tus (moving, working, idle). Task node attributes include deadline, coordinates, workload,
and task status (pending, completed). In this study, both workload and working capability
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can be extended to K-dimensional vectors to match the diverse payload requirements of the
scenario. The edge set £ describes the spatial correlation between robots and tasks, and its
weights w;; are designed to quantify the connection strength between nodes. In scenarios
with diverse payload requirements, edges can only be established between robot and task
nodes when the payload matching relationship is satisfied. For these valid connections, to
eliminate dimensional discrepancies, a normalized weight function based on reachability

dl']‘
wi]' =KX (1 — ), (11)

dmax

is defined:

where dl-]- is the precise distance solved based on spatial constraints, dmax is the distance cal-
culated between diagonal endpoints of the environmental map, and « is a tuning coefficient.
This formula ensures that spatially proximal nodes possess higher correlation weights.

Based on the aforementioned heterogeneous graph structure, we model the task
allocation process as a sequential decision-making problem, formalized as an MDP tu-
ple (S, A, P, R).

State Space S: This describes the global state of the system at decision moment ¢.
Specifically, state S; is composed of the current dynamic heterogeneous graph G; and the
static environmental map. The heterogeneous graph stores the current physical states of
robots and attribute features of tasks, serving as the primary input for the policy. The
environmental map provides spatial constraint information describing traversable areas
and obstacles, serving as the basis for accurate state updates. In this research scenario, static
obstacles are known a priori, and communication bandwidth among agents is sufficient;
thus, we assume the environment is fully observable, meaning the central scheduler can
access complete global state information in real-time, avoiding information loss caused by
partial observability.

Action Space A: To avoid conflicts arising from concurrent decisions by multiple
agents, the decision step does not equal the time step; instead, an asynchronous event-
triggered mechanism is adopted. At each decision step ¢, the system selects the robot r*
that is currently the first idle as the decision agent. The action set is defined as the index set
of optional tasks {0, ..., Nr}. The selected action must be valid: candidate tasks must be
in the pending state and must not be reassigned. If the scenario involves diverse payload
requirements, the robot is required to be equipped with the specific payload required by
the candidate task.

State Transition P: We formulate the MRTA problem as a deterministic transition
model, where a valid task assignment means the task is deterministically completed,
without guaranteeing it finishes before its deadline. The model is described in Algorithm 1.
When action 4; is executed—i.e., task i is assigned to robot r*—the graph structure updates
accordingly: task i is marked as completed, its completion time is logged, and it is removed
from the heterogeneous graph. Meanwhile, the state of robot r* is updated based on task
i, with its position transitioning to the task’s endpoint and its time state set to the task
completion moment.

Reward R: As current decisions have long-term impacts on the global schedule, quan-
tifying their immediate effect is difficult. Therefore, we adopt a sparse reward mechanism
to evaluate the overall solution only at the end episode. The reward function is defined
as follows:

- Z:Zl R, if ngyccess < 1t

—T . _ 4
e 'Y, if Nguccess = 1T

R= (12)
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where ngyccess is the number of tasks completed on time, R; includes the overdue penalty

per task, and Ty denotes the global time cost. Their specific calculation methods are

as follows:

C; .
=, ifC; > D;

Ry={ D BT (13)
0, otherwise
1

Ty =5 — L G (14)
max reR

In Equation (14), C,end is the completion time of robot r, and Dmax represents the

maximum deadline. The reward function is designed to balance feasibility and optimality:

Penalty based on delay length: During the early training, when the policy fails to
complete all tasks, we use a penalty R; based on delay duration instead of the task
failure rate. This metric quantifies the degree of failure. It encourages the agent to
reduce the overdue duration even when a deadline violation is inevitable, preventing
passive task abandonment.

Reward based on time efficiency: When the policy completes all tasks before their
deadlines, the focus shifts to minimizing execution costs to further improve the policy.
At this stage, the reward function becomes positive, adopting an exponential decay
form e~T¥. We utilize the total working duration of the robots as the cost metric and
use Dmax as a scaling factor for normalization.

Finally, to integrate the defined state, action, transition, and reward components into

a coherent operational framework, the complete asynchronous decision-making process

is detailed in Algorithm 1. This pseudo-code illustrates the complete interaction cycle,

demonstrating how the scheduler samples actions for idle agents, updates the global state

according to the transition model, and derives the sparse reward, thereby linking the

mathematical definitions to the procedural execution.

Algorithm 1 MDP Allocation Algorithm

1:
2:

3:

Inputs: Robots R, Tasks 7, Map M, Policy g
Initialize: Rctive <= R, Tpending < T, < 0, Construct Go

while 7;Jending # O N Ryctive 7 O do
r* < argmin,c . (r.time) > Select first idle robot
m; < GetMask (7", Tpending)
if m; = 0 then
Ractive < Ractive \ {7} > No valid tasks
else
ar ~ mp(Gr) © my > Sample valid task i*
St41 < StateUpdate(Sy, a¢)
Gi41 < UpdateGraph(Gy, S+1)
Tpending < Tpending \ {at} > Update pending task set
t—t+1
end if

: end while

. if Ngyuccess = N then

R+ e T¥ > Reward for global time efficiency

: else

R+ —Y R > Penalty for failed tasks

- end if
: return R
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3. Methods

Based on the Heterogeneous Graph Markov Decision Process constructed in
Section 2.2, the present section implements a deep reinforcement learning method within
a heterogeneous graph framework. Specifically, this study proposes the Edge-Enhanced
Attention Network (E2AN). This method employs an encoder—decoder architecture as the
policy model to generate optimal task allocation schemes through asynchronous sequential
decision-making, as illustrated in Figure 1.

State S, (Heterogeneous Graph)

Task 1
Payload A req

Task 2
Payload A req

Payload Breq payload B req

State S;, (Heterogeneous Graph)

Task 1
Payload A req

Task 2
Payload A req

Payload Breq payload B req

Task Selection
Probabilities
Robot A E2AN Policy Network (Masked)
Payload A, a ‘7
C cap. Active
Graph 0.6
Robot B Encoder
t
b Greedy . .
Payload B| Decoder —— Policy Action ay, :
Ccap. argmax(a; ) Select Task 3
0.20.2
Active
Robot A 0 o
Index L BB -
Task 5 TIET2ET3uT4uTS
(a)
Task Selection
Probabilities
Robot A E2AN Policy Network (Masked)
Payload A,
C cap.

0.7

Graph
Encoder

Robot B

Greedy
Policy
argmax(a;)

Action ag, :
Select Task 4

Payload B,
C cap.
Active

0.3

' Active
‘ Robot B 00 0

Index L =
Task 5 TIMT2uT3 T4 mTS

(b)

Figure 1. Illustration of an MRTA policy deployment via E2AN. (a) At time tp, task 3 is assigned
to robot A; (b) at time t;, task 4 is assigned to robot B. The E2AN output is reset to zero for the
previously assigned task (task 3 in panel (b)) and for tasks that do not satisfy the payload matching
relationship due to the lack of corresponding payloads.

Initially, the Edge-Enhanced Heterogeneous Graph Attention Network (E2HGAT)
functions as the core encoder and takes the constructed heterogeneous graph as input. It
extracts the attributes of robot and task nodes along with their topological connections.
The encoder maps all nodes into high-dimensional embeddings containing global spa-
tiotemporal information. These node embeddings are input to the attention decoder. It also
receives the index of the robot making decisions, which is the first idle one. The decoder
then calculates the selection probability distribution for the robot across all valid tasks. The
policy greedily selects actions based on this distribution to interact with the environment,
and this process iterates until a complete task sequence is formed. For optimization, the
proposed method employs the REINFORCE algorithm with a baseline to reduce variance
in gradient estimation and enhance policy convergence.
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Input Heterogeneous
Graph G

3.1. Edge-Enhanced Heterogeneous Graph Attention Network Encoder

We propose an Edge-Enhanced Heterogeneous Graph Attention Network encoder
as the core encoder module. As shown in Figure 2, taking the raw heterogeneous graph
G = (V, &) containing robot and task nodes as input, the encoder maps all nodes into a uni-
fied high-dimensional embedding space H ;, containing both local attributes and global
topological structures through stacked multilayer message passing. Functioning as an
“Edge-to-Edge aware” architecture, it distinguishes itself from generic GNN architectures
by structurally integrating spatial constraints across all processing stages: initialization,
attention modeling, propagation, and fusion.

)
Final Output

\

Heterogereous Convolution Layer

Preprocessing & Spatial
(X2 Repeat)

Pre-injection

::tu{:dtge I Edge Feature
ributes = Enhancement
(eji) Edier::g':::geatiron (MLP+Gating
(MLP;¢(mean)) e
Enhancement
! i w Edge Features &j; Dynamic Encoded Node
Initia [ Heterogereous Gated | Embeddigs
RGAT Conv > 3 Hy;
7 (Attention) Conv Features Fusion finet
Raw Node LD h® (Robots & Tasks)
Attributes o
(x) Node Proeet *
ode Projection Dual-Path Residual Residual h®
(Linear+LeakyRelu) Mechanism

1+1)

aux/

(MLP+Weighted) )Auxiliary Residual h

) \\ J
Figure 2. Overview of the E2HGAT Encoder. After initializing h(?) from raw node attributes x;
and spatial edge attributes ej;, the model utilizes stacked convolution layers. Within each layer, a
Dynamic Gated Fusion module integrates features from the RGAT Convolution (driven by enhanced

edges &;;) and the Dual-Path Residual Mechanism. This process iteratively updates embeddings
h(+D) to generate the final representation H ;.

Addressing the MRTA with diverse payloads, the framework projects node attributes
of varying lengths, such as k-dimensional capability requirements, into a unified feature
space. This mechanism enables the model to adapt to arbitrary input dimensions without
altering the core architecture. Unlike homogeneous graph networks, this framework mod-
els robots and tasks through type-specific projection layers. This design integrates edge
attributes throughout. Therefore, the model captures both the environmental spatial con-
straints and the highly coupled temporal constraints in MRTA. By leveraging the intrinsic
relation-aware characteristics of RGAT, the encoder achieves permutation invariance, so
node embeddings are robust to variations in node indexing order. The architecture includes
five modules for enhancing spatial awareness: Spatial Information Pre-injection, Edge
Feature Enhancement, Heterogeneous RGAT Convolution, Dual-Path Residual Mechanism,
and Dynamic Gated Fusion.

Drawing inspiration from the aggregation philosophy of Message Passing Neural
Networks (MPNN) [30], we implement a Spatial Pre-injection mechanism. Distinct from
standard MPNNSs that use edges conditionally during message construction, we position
this as a preprocessing step to explicitly embed neighbor physical distances into the initial
node representation h(®) before node attribute interaction. Initially, node features x; are
converted to the same hidden dimension D using type-specific linear layers.

hi(o) = LeakyReLU (W‘P(i).x-),

0 (15)
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where ¢(i) represents the node type. The edge attribute e;; is aggregated through sum-
mation operations and then projected into vectors by the multi-layer perceptron (MLP,),
which will be injected into the initial features:

) O 1 )
h;” < h; 4+ MLP, W(i>|je§(i)eﬂ , (16)

where N (i) is the set of neighbors for node i.

The encoder consists of two stacked heterogeneous graph attention convolutional lay-
ers. This design enables interaction information between indirectly connected nodes, such
as tasks competing for the same robot, to propagate through multi-hop message passing.

In each convolutional layer, Edge Feature Enhancement is applied as an initial step
to fuse ej; with its corresponding edge type embedding E,; ;). Although the topology
contains only robot-task connections, directionality is modeled by learning distinct edge
type embeddings E; ;) conditioned on the start node type. Furthermore, a gating function
o(+) is incorporated to suppress long-range or weakly relevant connections, acting as a
physical filter before attention calculation. The formulation is defined as

e’;; = LayerNorm (MLPec(ej;)) + Eyy (17)

i)’
€ji = 0 (Wgare[e'ji || €ji]) @€'}, (18)

where || is concatenation, © denotes element-wise product, and &;; represents the enhanced
edge features.

The RGAT mechanism is used to model graph heterogeneity, allowing it to learn
independent parameters and attention patterns for different edge types. Unlike standard
RGAT [32] which relies solely on discrete relation types, or EGAT [26] which focuses
on continuous attributes, our design implements a hybrid attention. This study intro-
duces enhanced edge features &;; in the attention coefficient calculation. By concatenating
edge and node attributes, we incorporate spatial information into the input, as shown in
Equation (19).

aj; = softmax (LeakyReLU (a” [Wyhy" | Wi | W), (19)
B = 2 aiWoh', (20)
JEN )

where hfl) and hl(lctrllz, are the /-th layer input features and current layer convolutional output
features; Wy, 1 ., .} are learnable projection matrices; a is the attention vector corresponding
to the directed edge type; and N (i) is the neighbor set of node i.

In addition to retaining the standard feature residual connection (h®) + hﬁéﬁi)), Dual-
Path Residual Mechanism introduces an auxiliary Edge-Attribute-Driven residual path.
Distinct from standard residual connections that solely preserve node semantic continuity,
this mechanism establishes a dedicated channel independent of node semantic similarity. It
explicitly transmits edge-conditioned statistical information across layers to prevent spatial
constraints from being obscured via implicit fusion with high-dimensional node features.
Specifically, raw edge attributes are first mapped to scalar weights w;; = c(MLP;s (ej;))
via a projector. Subsequently, neighbor features are aggregated based on these weights to
flati) As shown in Equation (21), this mechanism
ensures that features of proximal nodes are highlighted and preserved.

generate the auxiliary residual vector h
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WY = MLP, i (L—), (21)
i,aux proj ( Z wji + € )

]

where € is a smoothing term added to prevent the denominator from becoming zero.

At the end of each graph convolutional layer, to adaptively integrate newly ex-
tracted topological features with retained residual information, we use Dynamic Gated
Fusion. Unlike standard Gated GCNs that rely on node states, E2ZHGAT introduces an
edge-conditioned gating mechanism, enabling the model to adaptively regulate message
propagation strength according to edge semantics. Initially, a learnable update gate z; is
calculated to determine the optimal ratio for feature fusion. Then, the fused features are
processed through Layer Normalization and an ELU activation function to generate the

final node embedding hng) for the current layer:
l
z; = U(Wupdatehi(,c_grllz,)r (22)
hglﬂ) = LayerNorm (ELU (zi ©) hl(ljorlll +(1-2z)06 (hl(l) + hfi;y)) ) (23)

3.2. Multi-Head Attention Mechanism Based Decoder

This study implements a stepwise allocation decoder based on Multi-Head Attention
(MHA), which transforms the decoding process into a probability generation task for a
specific robot. In each decision-making step, the model selects the first idle robot, calculates
the selection probability of the robot for all valid tasks, and then greedily selects the
optimal task. This process is repeated until all tasks have been assigned. This point-wise
construction mechanism can decompose combinatorial optimization problems into a series
of sub-problems, which makes the strategy more robust under different problem scales and
agent configurations.

The attention mechanism constructs the Query vector (q) and Key—Value pairs (K, V).
In this model, K and V are projections of the task node embeddings H;,s and remain
invariant across decision steps. Conversely, the Query vector q; is dynamically constructed
via a linear projection of the context vector. This context vector integrates the current robot’s
embedding, the mean embedding of peer robots, and the global mean of task embeddings.
This design enables q; to act as a probe, selecting the most compatible target from the task
feature space.

The decoder performs multi-head scaled dot product attention calculation, using
8 parallel attention heads. In each head h, the dynamic robot Query interacts with the
global task Keys to compute compatibility scores. The calculation process is as follows:

Attention(Q, K, V) = softmax(QKT)V (24)
7 4 \/d>k 7
MultiHead(Q, K, V) = Concat(heady, ..., head)W©, (25)

where WO is the output projection matrix. The outputs from the multiple heads are
concatenated and linearly transformed to generate a latent vector rich in context information
for the current decision step.

In the final output stage, to map the latent vector back to the discrete action space, the
decoder utilizes a single-head attention mechanism to multiply the MHA output with a
Logit K pointer, obtaining the final pointing score for each task. The Logit K pointer is
derived from the global task node embeddings H;,s via a linear transformation. Since
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the decoding process must ensure the generated task sequence satisfies all constraints and
is nonrepetitive, we introduce a hard masking strategy prior to softmax normalization.
The system maintains a binary mask based on the current state, forcing the Logit values
corresponding to already assigned tasks and tasks incompatible with the current robot’s
payload capacity to —oo. This operation ensures the probability distribution is defined
exclusively over the set of valid tasks. Subsequently, the policy outputs action a; via greedy
decoding based on this distribution, marks the task as completed, and proceeds to the next
decision step until N assignments are completed.

3.3. Training Algorithm

Although the MILP formulation constructed in Section 2.1 theoretically provides a
mathematical form for optimal solutions, the NP-hard nature of the MRTA problem renders
the acquisition of large-scale, high-quality ground truth labels computationally prohibitive
as the problem size increases. This computational bottleneck severely restricts the feasibility
of supervised learning approaches. Consequently, building on the MDP framework defined
in Section 2.2, the proposed method employs the REINFORCE policy gradient algorithm to
train the proposed neural network.

To effectively mitigate the variance in gradient estimation, we incorporate a greedy
rollout baseline mechanism. The baseline update condition is that the paired ¢-test shows
that the current strategy reward is better than the baseline and p-value is less than the
significance level « = 0.05. The gradient approximation of the objective function J(6) with
respect to the model parameters 6 is formulated as shown in Equation (26):

Vo] (6) ~ (R(si,a;) — b(s;))Vglog pe(ails;), (26)

|~
.Mm

1

where B denotes the batch size; s; represents the state of the i-th input instance; 4; is the
action generated by the current policy py; and R(s;, a;) is the cumulative reward. The term
b(s;) serves as the baseline value, that is, the reward obtained by the baseline policy for the
same state s;.

Independent training and validation sets were generated for each epoch. During
training, the decoder employs stochastic sampling instead of greedy strategy to enhance
exploration and prevent premature convergence. The validation set evaluates the current
policy 71y against the baseline 7y, .

4. Results

To systematically evaluate the generalization and scalability of the proposed method,
this study designed the experiments in two progressive stages. In the initial stage, we
focused on a basic MRTA scenario involving temporal constraints and environmental
spatial constraints. By constructing simulated environments and datasets, we established
the performance advantage of our model on basic problems through baseline comparisons,
generalization tests, scalability tests and ablation studies. Subsequently, the experimen-
tal scenario was extended to include diverse payload requirements, comprehensively
verifying the model’s adaptability under complex constraints. Finally, we measured the
model’s inference latency to evaluate the real-time responsiveness of the proposed approach,
thereby completing the evaluation pipeline from basic generalization and scalability to
online deployability.

4.1. Design of Experiments

This section specifies the simulation setup for the basic MRTA scenario. This study
introduced environmental maps to impose spatial constraints, utilizing a benchmark dataset
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from the field of Multi-Agent Path Finding (MAPF) [33] as the map resource library. The
dataset includes mazes, rooms, city, and random obstacles, as shown in Figure 3. To increase
the complexity of spatial constraints, we selected structurally benchmark maze map to

construct the training environment and used other map types for generalization tests.

Figure 3. Environment maps selected for this study. (a) Benchmark maze. (b) Normal maze. (¢) Com-
plex maze. (d) Simple room. (e) Complex room. (f) City scenario. (g) Random obstacles. (h) Wild
scenario. Black and green regions denote obstacles; white and gray regions denote traversable areas.

In the basic scenario configuration, the simulation parameters were adapted from
the standard Task Allocation Problem with Time and Capacity (TAPTC) benchmark es-
tablished by Mitiche et al. [34] and utilized by recent baselines [23]. The map was set as
a 2D 100 x 100 grid to simulate a medium-sized environment characterized by complex
spatial obstructions. While the original benchmark considers obstacle-free settings, we
incorporated static obstacles to test spatial adaptability. Regarding system scale, we set
nt = 100 tasks and ng = 7 robots (the upper bound of the standard dataset). This robot
count was selected to provide sufficient total service capacity relative to the task volume in
obstructed environments. Temporal and physical parameters were calibrated to maintain
consistency with the benchmark while reflecting the dynamics of ground robots: the dead-
line D; was uniformly sampled from the interval [36,540], covering varying urgency levels.
A speed of 4 grid units per time step was selected to match the ground robot kinematics
with the map scale and environmental navigation constraints. The service capabilities of
robots and the workload requirements of tasks were uniformly sampled from the intervals
[1,2] and [10, 15], respectively, modeling realistic variations in operational capacity and
task difficulty.

Based on these parameters, we constructed the dataset and trained the model for
100 epochs using the training algorithm described in Section 3.3. Detailed training hyper-
parameters are listed in Table 1. To ensure reproducibility and training stability, specific
architectural and optimization parameters were explicitly defined. The E2ZHGAT encoder
utilizes a 2-layer structure to capture sufficient topological depth without over-smoothing;
a detailed sensitivity analysis justifying this choice is provided in Appendix A. Meanwhile,
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while the decoder employs an 8-head attention mechanism to diversify the focus on dif-
ferent task features. Furthermore, a gradient clipping threshold of 1.0 and a tanh clipping
of 10.0 were applied to prevent gradient explosion and constrain the logits range during
the reinforcement learning process. The test dataset was constructed with same scenario
configurations, each of which includes 100 fixed cases.

Table 1. The detailed hyperparameters used for model architecture and training.

Hyperparameter Value
Epoch 100
Training Dataset 10,000
Validation Dataset 1000
Hidden Embedding Dimension 128
Encoder GNN Layers 2
Attention Heads 8
Optimizer Adam (PyTorch 2.0.1)
Learning Rate 1x1074
Gradjient Clipping Norm 1.0
Tanh Clipping 10.0
Baseline Significance («) 0.05
Training Frequency 100

All simulations and algorithm implementations were executed using Python 3.8.
The proposed network architecture and training pipeline were developed using PyTorch
2.0.1, while the graph neural network modules within the encoder utilized the PyTorch
Geometric (PyG) library (version 2.6.1). Additionally, the SciPy library was employed to
accelerate path planning calculations in the simulation. All experiments were conducted on
a workstation equipped with an Intel Core i9-10900KF CPU (@ 3.70 GHz) (Intel, Santa Clara,
CA, USA), 64GB of RAM, and a single NVIDIA GeForce RTX 3090 GPU with 24 GB VRAM
(NVIDIA, Santa Clara, CA, USA).

4.2. Baselines

To comprehensively evaluate the performance of the proposed method, five baselines
were selected for comparison, including random selection method, optimization-based
method, graph-based method and two state-of-the-art learning-based methods:

1.  Random Selection (RD): Based on the asynchronous framework, this method selects
actions randomly from valid candidates. To ensure a fair comparison, we applied
the masking strategy from Section 3.2 to filter out completed or payload-mismatched
tasks, ensuring physical feasibility. This strategy serves to evaluate the difficulty
of scenario cases and establishes a performance lower bound. It verifies that the
proposed learning algorithm captures actual decision patterns rather than merely
relying on constraints.

2. CLIP-MRTA: Adapted from prior work [10], this method formulates the problem
as a MILP model using A* distances and environmental spatial constraints. We
employed the Gurobi solver (version 11.0.3) [35] with a 10-min runtime cutoff. Due to
computational complexity, it yields some feasible rather than optimal solutions within
the limited time.

3.  Capsule Attention Mechanism (CapAM): This approach [23] models MRTA problem
as a homogeneous task graph processed by a graph capsule network. In its decoding
stage, the query vector is constructed by concatenating the robot state with temporal
and peer information to handle task allocation.
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4.  Covariant Attention Mechanism (CAM): Distinct from CapAM, this approach [24]
employs a covariant compositional network encoder. It enhances representation by
extracting local k-nearest neighbor structural features. To ensure a fair comparison,
both CapAM and CAM were trained using the identical REINFORCE algorithm and
hyperparameter settings (Table 1) as our proposed method.

5. Bipartite Graph-based MRTA (BiG-MRTA): Representing a recent graph-based ap-
proach [10], this method maps the allocation problem to a weighted bipartite graph
structure. It employs a heuristic incentive model to quantify robot-task suitability
as edge weights and subsequently utilizes maximum weighted matching to derive
optimal assignments. Designed as an efficient online solver, this approach supports
decentralized deployment, serving as a robust baseline for evaluating performance
against traditional graph-theoretic algorithms in dynamic environments.

4.3. Generalization and Scalability Analysis

This section evaluates the performance of the E2AN method in basic MRTA scenarios.
Initially, this study conducted in-distribution testing to comprehensively compare E2AN
with five baseline algorithms, verifying the fundamental advantages of the proposed
method. Subsequently, we selected the two learning-based baselines to conduct further
generalization and scalability experiments on the trained models.

To clarify the experimental scope, we defined generalization as the model’s adapt-
ability to unseen maps. Although the model was trained only on benchmark maze maps,
it was evaluated on unseen maps including mazes and other categories. The probability
distributions of instance configuration parameters in the test set, such as task positions,
deadlines, and robot attributes, remain consistent with the training set, and the scenario
scale (number of tasks and robots) remains constant. Scalability was defined as the model’s
ability to handle problems of different scales. Since the model was trained with a fixed
scale, we generated evaluation cases of varying scales by changing the number of tasks
(increasing or decreasing) while maintaining a constant robot-to-task ratio.

Regarding evaluation metrics, based on the problem definition in Section 2.1, this study
adopted the task success rate as the core metric for allocation effectiveness. We visualized the
distribution of task success rates across 100 cases in the test set using box plots. This study
employed the median to quantify overall performance and the interquartile range (IQR) to
characterize stability. Performance differences were validated via paired ¢-tests (x = 0.05).

In-Distribution Testing: We compared the E2AN algorithm with five baseline algorithms
on a test set that is equally distributed as the training set. As shown in Figure 4, the median task
success rate of E2AN was significantly higher than that of the baseline algorithm. Meanwhile,
the IOR of this algorithm was the narrowest, demonstrating the best stability.

After analyzing the performance of each algorithm, it was found that all methods
except RD could achieve a relatively high task success rate, which confirms their ability
to solve MRTA problems. Constrained by the computational complexity of the prob-
lem and the preset runtime, the CLIP method could not converge to the global opti-
mal solution in all test scenarios. Overall, the ranking of each algorithm is as follows:
E2AN > CAM > CapAM > BiG =~ CLIP > RD. The results of the paired sample t-test fur-
ther statistically verified the performance advantages of E2AN.

Generalization Tests: To assess the model’s adaptability in unseen environments, we
designed the generalization tests using six map types with completely different structures
(corresponding to Figure 3b—g), which include new mazes, rooms, cities and random obstacles.
The experimental results in Figure 5 indicate that, in all test scenarios, E2AN maintains a
performance advantage over the baseline algorithms. Notably, the BiG-MRTA method exhibits
a significant performance gap compared to other approaches. Further analysis reveals that
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performance differentiation becomes subtler in simpler maps due to saturation effects. In
simple scenarios (such as simple rooms and random obstacles), although the median of E2AN
and CAM both reached 100%, the lower quartile (Q1) and minimum value of E2AN are better.
This demonstrates that while most methods can handle general cases in simple environments,
E2AN exhibits superior stability in handling edge cases.
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Figure 4. Boxplot of the task success rate for in-distribution testing in basic MRTA scenarios. Different
colors represent different algorithms as labeled on the x-axis, and the dots denote outliers.
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Figure 5. Boxplot of the task success rate for generalization tests in basic MRTA scenarios. (a) Scenarios
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in normal maze. (b) Scenarios in complex maze. (c) Scenarios in simple room. (d) Scenarios in complex
room. (e) Scenarios in city. (f) Scenarios in random obstacles. Different colors represent different
algorithms as labeled on the x-axis, and the dots denote outliers.

Scalability Tests: We varied the problem scales by adjusting the number of tasks and
robots, with configurations set as (nr,ng) = (50,4), (150,10), (200,14). As presented in
Figure 6, E2AN is in a leading position at every scale.The comparison of experimental
results in different scenarios shows that the task success rates of all algorithms increase as
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the problem scale expands. The underlying reason lies in the fact that when the map size
is fixed, increasing the number of robots will enhance the distribution density of service
nodes, thereby reducing the difficulty of achieving full coverage of tasks.
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Figure 6. Boxplot of the task success rate for scalability tests in basic MRTA scenarios. (a) Scenarios
with 50 tasks and 4 robots. (b) Scenarios with 150 tasks and 10 robots. (¢) Scenarios with 200 tasks
and 14 robots. Different colors represent different algorithms as labeled on the x-axis, and the dots
denote outliers.

4.4. MRTA with Diverse Payloads

To test the algorithm under complex constraints, we extended the experiments to
scenarios with diverse payload requirements. Following the definitions in Section 2.1
exactly, the payload dimension was set to K = 4. The scenario was configured with 15 robots
partitioned into 4 types, where the quantity of each type was randomly distributed in the
interval [2, 6]. The 100 tasks were categorized based on supply-demand scarcity into general
demand (25 tasks across 2 types) and specific demand (75 tasks across 4 types). Except for
the payload attributes, the generation logic for other spatio-temporal parameters remains
consistent with the basic scenario. For training, we selected the wild scenario shown in
Figure 3h, as it aligns better with diverse payload requirements. Since the introduction of
multi-dimensional payload vectors changes the node feature dimensions, the input layer of
the encoder was adapted. The model was then retrained with all other hyperparameters
kept unchanged to ensure a fair comparison.

Due to the computational complexity constraints of CLIP in solving high-dimensional
problems, only RD, CapAM, and CAM were selected as baselines in this section. As
illustrated in Figure 7, a comprehensive comparison shows that E2AN maintains a leading
position in key metrics, including median task success rate and distribution variance.
The results of the paired sample ¢-test further confirm that this performance difference is
statistically significant.

We selected two unseen map environments (Figure 3a,b) for generalization tests, and
adjusted the problem scales (number of tasks and robots) proportionally to (50, 8) and
(200, 30) for scalability tests. The results in Figure 8, demonstrate that E2AN consistently
achieves higher task success rates and narrower variance across all settings.
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Figure 7. Boxplot of the task success rate for in-distribution testing in diverse payloads
MRTA scenarios. Different colors represent different algorithms as labeled on the x-axis, and the dots
denote outliers.
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Figure 8. Boxplot of the task success rate for generalization tests and scalability tests in diverse
payloads MRTA scenarios. (a) Scenarios in benchmark maze. (b) Scenarios in complex room.
(c) Scenarios with 50 tasks and 8 robots. (d) Scenarios with 200 tasks and 30 robots. Different colors
represent different algorithms as labeled on the x-axis, and the dots denote outliers.

4.5. Ablation Studies

To evaluate the EZHGAT encoder and attention decoder, we designed ablation studies
by replacing these components with Feed-Forward Networks (FFN) to construct two
ablation variants.

Encoder Ablation (FFE): For both robot and task nodes, independent MLP channels
(containing two linear layers) were employed to map raw attributes to the embedding
dimension, without performing any message passing between nodes.
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Decoder Ablation (FFD): The Multi-Head Attention-based decoder was replaced with
a feed-forward decoder. As shown in Equation (27), this module retains the original query
vector construction logic. It concatenates the query with the embedding of each task, then
reduces the feature dimension from 2D to 1 via a linear layer. Finally, it generates the
unnormalized score (logit) for the task using a LeakyReLU activation. The subsequent
masking strategy and decision-making logic remain strictly consistent with Section 3.2.
logit!®** = LeakyReLU (FFN (Concat (HitaSk, Q) ) ) , wherei e Vr. (27)
We comprehensively evaluated the performance of E2AN and its ablation models
under two scenario settings: basic MRTA and diverse payload MRTA. The evaluation
covers in-distribution tests, generalization tests, and scalability tests. The experimental
results are presented in Figure 9 (basic scenarios) and Figure 10 (diverse payload scenarios).
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Figure 9. Boxplot of the task success rate for ablation tests in basic MRTA scenarios. (a) Scenarios like
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training. (b) Scenarios in normal maze. (c) Scenarios in complex maze. (d) Scenarios in simple room.
(e) Scenarios in complex room. (f) Scenarios in city. (g) Scenarios in random obstacles. (h) Scenarios
with 50 tasks and 4 robots. (i) Scenarios with 150 tasks and 10 robots. (j) Scenarios with 200 tasks
and 14 robots. Different colors represent different algorithms as labeled on the x-axis, and the dots
denote outliers.

In basic scenarios, E2ZAN achieves optimal results across all evaluation metrics. Al-
though the gap in median success rates narrows in some low-difficulty cases, E2AN still
demonstrates robustness in handling the worst cases. Comparing the two ablation variants,
FFD outperformed FFE. This observation suggests that the graph encoding mechanism
contributes more to model performance than the attention decoding mechanism.

With the increased complexity of diverse payloads, the performance gap widens
significantly, highlighting the limitations of the single module. This confirms that the
complete framework is essential for capturing intricate matching relationships.
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Figure 10. Boxplot of the task success rate for ablation tests in diverse payloads MRTA scenarios.
(a) Scenarios like training. (b) Scenarios in benchmark maze. (c¢) Scenarios in complex room. (d) Sce-
narios with 50 tasks and 8 robots. (e) Scenarios with 200 tasks and 30 robots. Different colors represent
different algorithms as labeled on the x-axis, and the dots denote outliers.

4.6. Analysis of Computational Efficiency and Scalability

Tables 2 and 3 provide a detailed analysis of inference latency under varying problem
scales and scenario types. The results from the six distinct data groups indicate that
although inference latency trends upward with problem scale, this growth is notably non-
linear. For instance, quadrupling the number of tasks from 50 to 200 results in a marginal
increase of only approximately 2 ms, confirming that computational complexity does not
escalate linearly with input size. Moreover, the transition from basic to diverse payload
scenarios incurs minimal computational overhead, demonstrating that E2AN maintained
stable performance regardless of problem size or constraint complexity.

Optimization-based methods, such as CLIP, operate as global planners that must solve
the entire problem instance before generating a final executable plan. This batch-processing
paradigm prevents them from making immediate decisions during execution. In contrast,
E2AN employs an asynchronous sequential decision-making framework, modeling task
allocation as an event-driven online process where decisions are triggered instantaneously
only when a robot becomes idle. Given this operational paradigm, inference latency, which
measures the computation time required for a single decision step, was adopted as the
primary metric for evaluating real-time capability in dynamic environments.

We evaluated real-time performance by calculating the average inference latency per
decision step across the test sets for each scenario configuration. The performance metrics
reported in this section were obtained using the workstation configuration detailed in
Section 4.1. The results are summarized in Tables 2 and 3.

Table 2. Comparison of average inference latency across different algorithms and ablation variants.

Method

Inference Latency

CAM
2.23ms

E2AN
11.09 ms

FFE
0.74 ms

FFD
10.64 ms

CapAm
2.43 ms

Table 2 compares the inference latency of E2AN against baselines and ablation variants.
Although E2AN (11.09 ms) entails a higher computational cost than simpler homogeneous
methods like CapAM and CAM, or the ablation variant FFE, this difference is primarily
driven by the E2HGAT encoder, as evidenced by the performance gap between FFE and
FFD. However, this latency remains at the millisecond level, which is negligible compared
to robot travel time. This indicates that E2AN effectively exploits potential idle time during
system operation. Thus, trading a slight increase in computation for significant gains in
decision quality is a justifiable strategy.
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Table 3. Comprehensive analysis of computational efficiency under varying scenario types and
problem scales.

Scenario Configuration Scale (ngr/nt) Latency (ms) Peak VRAM (MB)
4/50 10.57 1105
Basic Scenario 7/100 11.09 1141
14/200 12.34 1249
8/50 11.00 1349
Diverse Payload 15/100 11.74 1367
30/200 12.76 1503
35/500 27.51 2079
. 53/750 49.95 3255
Large Scale Extension 70,1000 85.12 4985
100/1000 119.90 6551

To further investigate the hardware feasibility under extreme conditions, we extended
the experimental scope beyond the generalization tests in Section 4.3. While previous
results established that the success rate remains stable given the consistent map density,
this section focuses on the trends in computational cost as the problem scale of the basic
scenario expands up to 100 robots and 1000 tasks. The comprehensive results covering basic
scenarios (at standard and large scales) and diverse payload scenarios are summarized
in Table 3.

The results indicate that the system exhibits robust scalability with a predictable cost
growth pattern. By comparing the Basic and Diverse Payload scenarios, it is evident that
increasing constraint complexity incurs minimal computational overhead regarding latency,
although it introduces a slight constant increase in memory usage due to the additional
feature dimensions. Regarding memory consumption, the data reveals a quadratic growth
trend governed by the O(ngr X nr) space complexity of the interaction matrix in the graph
attention mechanism. It is important to note a fixed base overhead of approximately
1100 MB required for the framework context and model weights; this base cost dominates
at smaller scales but becomes less significant as the dynamic portion increases with problem
size. Despite this growth, the peak memory usage in the largest tested scenario (100 robots,
1000 tasks) reaches 6.55 GB. Since the algorithm is designed to be deployed on a centralized
workstation acting as a global scheduler, this consumption is well within the capacity of
standard high-performance GPUs specified in Section 4.1.

Furthermore, while the inference latency rises to approximately 120 ms at the max-
imum scale, this delay remains operationally viable. Given the asynchronous, event-
triggered nature of the proposed framework, decisions are required only at discrete mo-
ments when a robot completes a task. Consequently, this millisecond-level computation
time is negligible compared to the physical execution time of tasks ranging from seconds to
minutes, ensuring seamless operational continuity even in large-scale deployments.

5. Discussion

This study focused on the MRTA problem with coupled constraints of obstructed
maps and deadlines while further handling diverse payload requirements. To address this
problem, we formulated the task allocation as a Markov Decision Process over a hetero-
geneous graph and proposed the E2AN method. Tests indicate that E2AN outperforms
baselines across basic and diverse-payload scenarios and maintains robustness even as
problem complexity increases.
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5.1. Mechanism Analysis

Further mechanism analysis reveals how the design of the framework contributes to its
performance. The generalization ability of the model in unseen map scenes is related to the
input form corresponding to the spatial constraints. This method does not use the raw map
image but takes precise path costs as edge attributes to avoid overfitting to the topological
structure of a specific map. Heterogeneous graph structures and asynchronous sequential
decision-making frameworks are key factors for the scalability of the system under different
problem scales. Among them, the heterogeneous graph structure allows nodes to flexibly
achieve quantity changes by altering some connections while the asynchronous decision-
making mechanism enables the decoder to dynamically adjust the query vector according to
the real-time system state. The adaptability of E2ZAN to diverse payload requirements stems
from its heterogeneous-graph encoder. Distinct from homogeneous methods relying on
decoders, E2AN utilizes a heterogeneous graph encoder to capture robot-task dependencies
and produces more discriminative features for downstream decisions.

5.2. Practical Deployment Framework

To clarify the applicability of the proposed algorithm in physical environments, we
delineate its operational positioning within a hierarchical control architecture. In this frame-
work, E2AN functions as a centralized global scheduler deployed on a high-performance
workstation. Crucially, this high-level decision-making module is structurally decoupled
from the low-level motion control and execution of individual robots. The specific opera-
tional workflow is detailed as follows:

e Input Stream: The system receives real-time state updates from the robot fleet via
a communication network. These updates include robot poses obtained from local-
ization algorithms, current operational status, and dynamic payload attributes. This
mechanism allows the system to support real-time updates for scenarios involving
payload switching or payload degradation. Simultaneously, the environmental map is
maintained globally. If onboard sensors detect new static obstacles, the global map
is updated and the edge weights in the heterogeneous graph are recalculated using
global path planning algorithms based on the latest map snapshot.

*  Decision Process: The E2AN policy is triggered asynchronously. Whenever a robot
completes a task or a new agent joins the network, the scheduler constructs the current
state graph S; and executes inference. As analyzed in Section 4.6, this inference occurs
on the workstation with millisecond-level latency to ensure immediate responsiveness.

¢ Output Stream: The scheduler outputs a target assignment ID to the specific robot.
The onboard local planner of the robot then executes the specific navigation. This layer
handles sensor noise, localization correction, and immediate avoidance of dynamic
obstacles such as pedestrians during execution.

This hierarchical separation ensures robustness. Although the global scheduler as-
sumes a deterministic transition model, the asynchronous event-triggered mechanism
prevents error accumulation. Even if sensor noise or dynamic obstacles cause execution
delays at the robot level, these deviations simply delay the next decision trigger without
invalidating the global logic because the scheduler always acts on the confirmed real-
time state.

5.3. Limitations and Future Directions

Despite the promising simulation results and the feasible deployment framework, this
study has several limitations that define the scope for future research:
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*  Dependence on Global Environmental Models: The framework relies on a consistent
global map and stable communication to compute precise path costs. Consequently,
its adaptability may be compromised in partially observable scenarios such as au-
tonomous exploration or in highly dynamic environments where topological structures
fluctuate rapidly. Future research could integrate predictive traffic models into the
edge attribute construction to enhance robustness against environmental uncertainty.

¢  Computational Scalability Limits: The interaction mechanism within the graph at-
tention network entails a memory complexity that grows quadratically with the
system scale. This characteristic imposes an upper bound on the maximum support-
able problem size and necessitates the deployment on centralized high-performance
workstations. While suitable for standard logistics scenarios, this computational cost
restricts infinite scalability for massive-scale swarms.

¢ Complex Collaborative Constraints: While the current model supports diverse payload
requirements via node attributes, it assumes a one-to-one mapping between robots
and payloads. Complex capacity trade-offs or multi-robot coalition tasks are not
explicitly modeled. Future research could extend the action space and graph schema
to address these combinatorial optimization challenges.

e  Real-World Validation: The absence of physical experiments limits the evaluation
of the model regarding resilience to non-Gaussian noise and communication insta-
bility found in the real world. Future studies are encouraged to deploy E2AN on
a physical multi-robot testbed to validate the proposed architecture and explore
Sim-to-Real transfer techniques to bridge the gap between simulation training and
physical deployment.

6. Conclusions

This study proposes E2AN to address the MRTA problem characterized by temporal
and environmental spatial constraints, with the flexibility to accommodate diverse payload
requirements. By constructing a heterogeneous graph MDP model that supports asyn-
chronous sequential decision-making, we transform the high-dimensional combinatorial
optimization problem into a learnable sequential decision process. Experimental results
show that the proposed method consistently outperforms existing baselines across various
map topologies and problem scales. In particular, ablation and extended experiments
verify that the core E2ZHGAT encoder mitigates spatial information distortion in complex
environments by incorporating spatial edge attributes within a heterogeneous graph frame-
work. Moreover, the analysis of inference latency demonstrates that the method maintains
computational efficiency, validating its feasibility for online deployment.

However, specific costs and limitations exist. The graph attention mechanism entails
a quadratic growth in memory consumption relative to the system scale, which imposes
a theoretical limit on infinite scalability and necessitates high-performance centralized
hardware. Additionally, the reliance on global map availability may constrain robustness
in partially observable or highly dynamic settings.

This study provides an effective solution method with strong generalization, scalability,
and real-time capability for MRTA in complex dynamic environments.
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Abbreviations

The following abbreviations are used in this manuscript:

MRTA Multi-Robot Task Allocation
ST-SR-TA  single-task robots, single-robot tasks, and time-extended assignments
ST-MR-TA  single-task robots, multi-robot tasks, and time-extended assignments

TSP Traveling Salesman Problem

VRP Vehicle Routing Problem

RGAT Relational Graph Attention Network

E2AN Edge-Enhanced Attention Network

E2HGAT  Edge-Enhanced Heterogeneous Graph Attention Network
MDP Markov Decision Process

MILP Mixed Integer Linear Programming

MHA Multi-Head Attention

IOR interquartile range

FFN Feed-Forward Network

Appendix A. Sensitivity Analysis of Encoder Layers

This appendix provides a detailed sensitivity analysis of the number of convolutional
layers (L) in the E2ZHGAT encoder. This hyperparameter is critical as it determines the
receptive field of the Graph Neural Network, influencing both the model’s ability to capture
topological dependencies and its computational efficiency. We evaluated models configured
with L =1, L = 2, and L = 3 on the standard test set.

The impact of layer depth on task success rate is illustrated in Figure A1. The model
configured with a single layer (L = 1) consistently underperforms compared to deeper
architectures, confirming that sufficient depth is essential for robust generalization. This
limitation is attributed to the restricted receptive field, which prevents the effective aggrega-
tion of information from indirect neighbors (e.g., resolving conflicting relationships between
multiple robots targeting the same task). Increasing the depth to L = 2 yields a substantial
improvement in success rates, indicating that a two-hop propagation is sufficient to capture
critical local topological constraints. However, further increasing the depth to L = 3 results
in negligible performance gains, suggesting a performance saturation where additional
layers offer no further benefit and may potentially introduce over-smoothing risks.

In addition to performance, we analyzed the computational cost, as shown in Table Al.
The data indicates that peak GPU memory consumption remains consistent across all
configurations (1140 MB), demonstrating that increasing the number of encoder layers
has a negligible impact on memory overhead. However, the inference latency increases
linearly with the number of layers. The 3-layer model increases the inference time by ap-
proximately 35% compared to the 2-layer model (15.00 ms vs. 11.09 ms) without providing
a performance gain. Therefore, to balance decision accuracy with real-time responsiveness,
we determined L = 2 to be the optimal parameter for the E2HGAT encoder.
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Figure Al. Boxplot of task success rates on the standard test set across different encoder layer counts
(L = 1,2,3). The median success rate saturates at L = 2, while L = 1 shows significantly lower
performance and higher variance. Different colors represent algorithms with different layer counts as
labeled on the x-axis, and the dots denote outliers.

Table Al. Computational efficiency analysis with varying encoder layers.

Encoder Layers (L) Inference Latency (ms) Peak GPU Memory (MB)
1 6.54 1140
2 11.09 1141
3 15.00 1143
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