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ABSTRACT

This paper addresses the Single-Task robot, Single-Robot task,
Time-extended Assignment (ST-SR-TA) problem in Multi-Robot
Task Allocation (MRTA), focusing on dynamic robot arrivals, di-
verse task requirements, and heterogeneous robot resources. How-
ever, achieving effective allocation in such dynamic environments
to optimize cumulative rewards remains a challenge. Classical exact
algorithms like dynamic programming are limited to small-scale
tasks due to exponential complexity, while heuristic methods typi-
cally operate iteratively, requiring re-execution when the environ-
ment changes and thus struggling to adapt to dynamic scenarios.
To overcome these limitations, we propose a three-layer reinforce-
ment learning method based on attention mechanisms. Specifically,
we decompose the task allocation problem with multiple task re-
source constraints into two sub-problems: capability matching and
sequence optimization. We then exploit the attribute and spatial
relationships between robots and tasks to design a hierarchical RL
strategy by introducing two attention mechanisms. This strategy ad-
dresses the whole problem progressively across three layers: Global
Allocation performs task-robot matching from a global perspective
to generate a candidate task pool, Individual Selection determines
executable tasks for each robot based on its real-time state, and
Sequence Optimization refines the task execution order according
to spatial relationships to minimize path cost. Experimental re-
sults show that the proposed method significantly improves the
task reward compared to other approaches. Moreover, the method
demonstrates few-shot and zero-shot generalization to new task
allocation scenarios, providing an efficient and practical solution.
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1 INTRODUCTION

Multi-Robot Task Allocation (MRTA) is a fundamental combina-
torial optimization problem [8, 14], aiming to efficiently assign
heterogeneous tasks to robots with diverse capabilities under com-
plex resource constraints, to maximize global objectives such as
resource utilization and overall task reward. It serves as a cor-
nerstone in applications including intelligent traffic dispatching,
collaborative manufacturing, and emergency response [15, 24, 33].
Within this domain, we focus on the ST-SR-TA problem [18], which
is commonly formulated as an extension of the Vehicle Routing
Problem (VRP) [27] or the Multiple Traveling Salesman Problem
(mTSP) [2, 13]. While exact algorithms (e.g., dynamic programming)
guarantee optimality, their computational cost grows exponentially
with problem scale. Meta-heuristic approaches, on the other hand,
rely heavily on handcrafted rules and struggle to adapt to dynamic
environments where robots continuously enter or leave the system.
Furthermore, both mTSP and VRP-based formulations primarily
minimize path cost, and even their extensions such as the Capaci-
tated VRP (CVRP) [10] consider only single-resource constraints,
failing to capture multi-resource supply—demand matching that
frequently arises in real-world MRTA scenarios.

Reinforcement learning (RL) has gained growing interest in
MRTA due to its ability to autonomously learn decision-making
strategies in dynamic and uncertain environments. For example,
Yuan et al. [29] developed an improved deep Q-network for MRTA
in robotic mobile fulfillment systems, while Elfakharany et al. [9] in-
troduced a decentralized deep RL framework that jointly optimizes
task allocation and navigation in homogeneous robot teams. In
addition, attention mechanisms have been increasingly integrated
into RL architectures to better capture task-robot correlations and
improve allocation performance [1, 11, 19]. However, these methods
remain constrained by fixed-scale setups and simplistic allocation
criteria. Most assume a predefined team size and static network,
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with strategies for dynamic teams often limited to basic activa-
tion/deactivation [11]. Furthermore, allocation decisions are often
oversimplified, relying on single factors such as spatial location or
compatibility [11, 17] while ignoring multi-resource requirements.

To address these limitations, we propose a novel three-layer
reinforcement learning framework that explicitly decouples the
ST-SR-TA problem into two complementary sub-problems: "Who
does What" (task-robot capability matching) and "In Which Or-
der" (task execution sequencing). This decomposition allows us
to jointly optimize for maximum task reward and minimal path
cost. The framework operates hierarchically: the top layer performs
global task-robot matching, the middle layer selects tasks based on
individual robot states, and the bottom layer optimizes the final
execution sequence. An integrated attention mechanism enables
dynamic perception of heterogeneous features, endowing the model
with superior generalization to unseen environments. Our main
contributions are fourfold.

e We decompose the allocation problem under multiple task
resource constraints into two sub-problems and design a
three-layer reinforcement learning approach. This approach
further incorporates an attention mechanism to effectively
accommodate dynamic scenarios with variable inputs.

e We introduce a “Global Allocation - Individual Selection”
strategy consisting of two modules: global matching gen-
erates a task candidate pool to avoid local optimality, and
individual selection assigns each robot an appropriate num-
ber of tasks from the pool according to its state, thus striving
for the best possible reward.

e We propose a task sequence optimization module that refines
the execution order of tasks selected by the upper layer. The
module learns from the spatial distribution of dynamically
output, variable-sized task subsets and reduces the robots’
travel costs through sequence optimization.

e Our method demonstrates robust zero- and few-shot gen-
eralization: in zero-shot settings, it achieves approximately
80% of the performance of 1000-step from-scratch training;
in few-shot adaptation, it reaches the same 1000-step perfor-
mance within only 200-300 training steps.

2 RELATED WORK

Multi-robot task allocation (MRTA) is commonly categorized us-
ing the three-dimensional taxonomy proposed by Korsah et al.
[18], which classifies MRTA problems along the axes of task load
(ST/MT), robot-task mapping (SR/MR), and allocation horizon
(IA/TA). Among the resulting eight subtypes, the ST-SR-TA set-
ting—where each robot handles one task at a time, each task is
performed by one robot, and allocation is planned over a time hori-
zon—has been extensively studied due to its relevance to real-world
robotic systems.

Conventional approaches to MRTA are broadly classified into
market-auction-based and optimization-based methods. Market-
auction mechanisms, inspired by economic transactions, enable
robots to bid for tasks under predefined rules to maximize collec-
tive utility. A prominent example is the Consensus-Based Bundle
Algorithm (CBBA) [5], which employs iterative local communica-
tion to reach conflict-free allocations. However, due to its greedy
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decision-making mechanism, CBBA often converges to locally op-
timal solutions, particularly when the number of tasks significantly
exceeds that of robots [4, 21]. Furthermore, the iterative consen-
sus process requires multiple communication rounds, leading to
delayed convergence and limiting applicability in highly dynamic
or real-time scenarios [7].

In contrast, optimization-based methods predominantly rely on
metaheuristic algorithms—such as Genetic Algorithms (GA) [20],
Particle Swarm Optimization (PSO) [22], Simulated Annealing (SA)
[3], and Symbiotic Organisms Search (SOS) [25]—to search for near-
optimal allocations by emulating natural or biological processes.
While these methods perform effectively in static settings, they
struggle to adapt when task or robot attributes change dynami-
cally. Some studies attempt to incrementally refine solutions using
mechanisms like partial crossover or mutation in GA [20, 32], or
by restarting the optimization process entirely [30]. Nevertheless,
such strategies remain computationally expensive, as each envi-
ronmental change necessitates repeated iterations, rendering these
methods unsuitable for rapidly evolving operational contexts.

Deep Reinforcement Learning (DRL) has emerged as a promising
alternative for combinatorial optimization, owing to its capacity for
learning adaptive decision policies through environmental interac-
tion. Recent studies have extended DRL to MRTA with increasingly
sophisticated designs. Zhou et al. [31] developed a hierarchical
reinforcement learning framework to address scalability and dy-
namism in large-scale robotic mobile fulfillment systems, while
Xu et al. [28] proposed MATD3-TORA to optimize energy-aware
task offloading in UAV swarms. Attention mechanisms have further
enhanced relational reasoning in these settings: Park et al. [19] em-
ployed cross-attention to model robot-robot coordination and task
relevance, whereas Agrawal et al. [1] and Gong et al. [11] utilized
attention to encode heterogeneous robot and task representations,
improving generalization in warehouse logistics and dynamic team
sizing.

Despite these advances, existing methods remain limited in sev-
eral key aspects. They typically assume a fixed robot team, failing
to accommodate newly joining robots during operation. Moreover,
their allocation criteria often rely narrowly on spatial relationships
[16, 17] or intrinsic attribute matching [11], treating other critical
factors—such as multi-resource requirements—as constraints rather
than integral components of the optimization objective. In contrast,
our approach explicitly addresses these shortcomings through a
structured decomposition of the allocation process and a flexible
attention-based architecture capable of handling dynamic team
changes and multi-faceted task characteristics.

3 PROBLEM SETUP

We investigate a multi-task resource allocation and transportation
problem, where numerous tasks are distributed across different
locations and heterogeneous robots continuously arrive over time.
The objective is to rationally allocate tasks to maximize overall
reward. An episode terminates when robot resources are exhausted,
all tasks are completed, or a predefined time limit is reached, during
which multiple allocations may occur. We formulate the problem as
a Markov Decision Process (MDP), where the system state encom-
passes both robot and task information. Our method outputs actions
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Figure 1: Overview of the proposed three-layer allocation approach. The Global Allocation layer generates candidate task pools
for each robot based on task and robot attributes. The Individual Selection layer then selects pending tasks, and the Sequence
Optimization layer refines their execution order, producing the final task execution sequence.

in the form of sequential task queues, which are then executed by
the robots.

Robot: Let A = {A, As,...,An} denote the set of robots in
the environment. Each robot A; is defined by a tuple (a;, c;, pi, Ki),
where (a’i, aé, e, a;'c) denotes its attributes (e.g., carried resources);
¢; is the activation cost; p; = (x;,y;) represents its coordinates;
K; € {0, 1} indicates the robot’s availability (1: allocated).

Task: Let T = {T}, T, . . ., T,, } denote the set of tasks in the envi-
ronment. Each task T; is defined by a tuple (t;, 7}, q;, Q;, S;), where
(t}, t]?, e tj.‘ ) represents its attributes (e.g., resource requirements);
rj denotes the completion reward; q; = (xj,y;) denotes the task
location; Q; € {0, 1} indicates completion status (1: completed);
Sj € {0,1} indicates allocation status (1: allocated).

We define a binary assignment variable x;; € {0, 1} indicating
whether task T; is assigned to robot A; (1 if assigned, 0 otherwise).
Our objective is to output an ordered task allocation sequence
L =(Ly,...,Lpy), where L; denotes the task execution sequence of
robot A;. The allocation is subject to the following constraints:

m
inj <1, V]
i=1

Equation (1) ensures that each task is assigned to at most one robot.

=1,..

1

L n.

Vi=1,....m,Vj=1,...,n, Yk =1,...,K. (2)

Equation (2) enforces the feasibility/resource constraint: if task
T; is assigned to robot A;, then the robot must satisfy the task
requirement on every resource dimension k.

XijTjk < Ajgs

Vk=1,....K. 3)

Ajr — Aix — xi Tk,
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Equation (3) specifies the resource update rule: when a task is as-
signed and satisfies (2), the corresponding resources are consumed
accordingly; if a robot cannot satisfy all requirements of its assigned
task during execution, it is regarded as resource-exhausted (i.e., the
remaining resources are set to zero as an exhaustion/exit rule in the
environment). We aim to maximize the total reward, as formulated
in Equation (4):

Return = Zm:Ri, R = Z rj—ci—dj

i=1 Jj€L;

4)

The goal is to ensure that robots have sufficient and fully utilizable
resources for their assigned tasks, thereby reducing the total utiliza-
tion costs ¢; and the movement costs d; incurred in task completion,
while increasing the obtained task rewards ;.

4 METHODOLOGY

As shown in Fig. 1, our method takes the scenario’s state infor-
mation as input and outputs an execution strategy for each robot,
specifying the order in which each robot executes its assigned tasks.
We set the maximum number of robots allowed in the environment
to M, resulting in an action space of dimension n X M, where n
denotes the number of tasks. As illustrated in Fig. 2, when the re-
sources of active robots are insufficient, robots leave the scenario.
If robots are available in the backup queue, they are deployed to
replenish the task environment.

Once a robot starts executing a task, its status is marked as
unallocatable (K; = 0). We adopt the Soft Actor-Critic (SAC) al-
gorithm [12] as the base reinforcement learning framework, and
employ its offline variant [6] to address the discrete action space
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Figure 2: After the initial allocation enters the execution
stage, Robot 2 leaves due to resource depletion, while Robot
5 joins the environment. Meanwhile, Robot 3 finishes all as-
signed tasks and remains available. At this point, Robots 3
and 5 participate as new robots in the next round of alloca-
tion.

inherent in the task allocation problem. During an episode, the
allocation process will be reinitiated when any of the following
conditions is satisfied:

(i) Insufficient resources. When a robot lacks sufficient re-
sources to complete its remaining tasks and there exists a backup
robot, the backup robot is dispatched as a replacement. The unexe-
cuted tasks of the replaced robot are reset to the “to be allocated”
state, expressed as Q; =0 = §; = 0, where Q; = 0 indicates that
the task is uncompleted and S; = 0 means it remains unallocated.

(ii) Task completion. When a robot finishes all its assigned
tasks but still has remaining resources, its status is updated from
unallocatable (K; = 0) to allocable (K; = 1),ie,K; =0 = K; =1.
A new allocation round is triggered when there exist unallocated
tasks (S; = 0) and allocatable robots (K; = 1).

All allocation processes are divided into three stages: Global
Allocation, Individual Selection, and Sequence Optimization.
In each stage, an actor network generates the allocation strategy,
while a critic network evaluates the corresponding allocation value.

4.1 Global Allocation

The Global Allocation stage assigns all unallocated tasks to suitable
robots based on task-robot compatibility. As shown in Fig. 3, the
actor network generates strategies by first employing two embed-
ding functions: a robot embedding function f¢ : R™*k — R™*d
and a task embedding function f* : Rk — R"*4, The embedding
function structure consists of a double-layer linear transformation,
GELU activation, and LayerNorm normalization, and is defined as:

f(x) = Wy - LN (GELU(Wix + by)) + b )

Subsequently, the attributes of robots and tasks are embedded into
high-dimensional vectors, Ef = f*(A;) and E} = f*(T;), respec-
tively. The matching score is then obtained via a scaled dot-product
attention module:

(ES)TE!
Va

score =

(©)
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Figure 3: Global Allocation.

By combining this with the allocable flags S = (S1, S, . . ., Sy), the
probability of task T; being allocated to robot A; is calculated using
Softmax:

7w (A; | Tj) = Softmax(score, S) (7)
The allocation result k; for each allocable task is sampled from
m(A; | Tj), and the total allocation result is k = (ky, k, ..., ky) (if
k; =1, task T; is allocated to robot Aj;). From the assignment vector
k, we form per-robot candidate pools C = (Cy,...,Cy,), where
Ci={jlkj=i}

Similar to the actor network, we use embedding functions f°
and f?, analogous to those in the policy network, to encode the
attributes of robots and tasks into high-dimensional vectors E} =
f°(A;) and Eﬁ.’ = fP(T;). The matching score is then computed via
dot product, serving as the value weight for assigning T; to A;:

Q(T;,-) = (E{)"EY ®)

At this stage, the matrix has dimensions N X M. The allocation
value Q(k) for each task is obtained by combining this matrix
with the sampling result k from the actor network. Since global
allocation requires interaction with the entire environment, a single
aggregated Q-value is needed to represent the global allocation
reward. Inspired by the QMIX approach for aggregating multi-agent
Q-values [23], we introduce a novel task-level Q-value aggregation
method, termed Self-Attention Task MIX (SATM). This method
leverages a self-attention module to model inter-task dependencies,
thereby replacing traditional weighted summation. SATM not only
improves aggregation accuracy by capturing correlations among
tasks, but also dynamically generates parameter weights based on
the task set size, allowing Q-value integration for task subsets of
arbitrary cardinality. The actor network loss in the global allocation
module is defined as:

Licor ==a- ) 7-logr=SATM () - QT ) ()
The loss of the critic network is:
1
Leritie = 5 lIr = SATM (Q(T, k) I (10)

4.2 Individual Selection

After the global allocation stage, each robot is assigned a candidate
task pool, and we need to select a subset of tasks with an appropriate
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quantity and diverse requirements from this pool for execution.
Since a robot’s resources are updated after each assignment, the
network module treats it as a newly defined instance, and the
selection module should likewise possess the capability to allocate
tasks to these “new” robots. As shown in Fig. 4, The state of robot
A; at the t-th selection is denoted by Al. An embedding function
maps this state into a vector e, while each task T} in its candidate
pool is mapped into a vector g;. Unlike the global allocation stage,
which assigns available tasks to robots, this stage focuses on the
sequential selection of tasks by robots from their candidate pools.
The selection strategy is then defined as:
g;ei
Vd

Through sampling, the most suitable task T* at time ¢ is selected,
and the robot’s state is updated as Ai*! = A! — f(T"). This iterative
process continues until the robot either exhausts its resources or all
tasks in its pre-selection pool have been chosen. Task selection then
shifts to the next robot. After all robots complete their selections,
an execution sequence [ = (I}, Iy, ..., l,,) is formed, which specifies
task assignments across robots but does not define their execution
order. The final task execution order is determined in the subsequent
path optimization stage. The reward obtained by each individual
during task selection is:
Ri = Z rj —¢i

Jea;

(T | el) = Softmax( (11)

(12)

The rewards obtained by all allocated robots are aggregated to form
the reward for the upper-layer global allocation.

m
R=)"Ri
i=1

(13)

4.3 Sequence Optimization

After obtaining the set of tasks to be executed from the individual
selection stage, we further optimize the execution order to signifi-
cantly reduce travel distance costs. For the dynamically changing
task sets generated by the upper-level allocation, we design a path
optimization module inspired by the Pointer Network (Pointer-Net)
method [26]. This module models the sequential decision-making
process using a pointer network and incorporates an attention
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mechanism based on reinforcement learning, thereby enabling effi-
cient planning of task execution sequences, as illustrated in Fig. 5.

First, the module encodes features of the robot’s current posi-
tion and the coordinates of allocated tasks. Let the robot’s current
position be py € R?, the allocated task set be T = {t;,t,,...}, and
the corresponding coordinates be {py, p2, . . .}. Both the robot’s po-
sition and the task coordinates are mapped into high-dimensional
embedding vectors via an embedding function: ex = f¢(py).

To capture spatial dependencies among tasks, an LSTM encoder
is employed to extract global contextual features:

hie, hlast = LSTM(ek) (14)

where h; € R? denotes the spatial hidden feature of task t, and
hyast is the final hidden state of the LSTM.

Unlike traditional seq2seq models, we do not use the meaningless
<start> token as the decoder’s initial input. Instead, we replace it
with the embedding e, of the robot’s position:

(15)
This explicitly incorporates the starting point information, improv-
ing the quality of the first task selection.

At each time step of the decoder, the decoder output d; and the
encoder hidden states hy for all tasks are fed into the attention
module. The model then applies a softmax function to compute the
selection probability for each task:

dy = decoder(hy,g, o)

7(t; | T) = Softmax (UT -tanh (W - hy + W; - dt)) (16)

where v is the attention weight vector. Here, 7(#; | T) denotes
the probability of selecting task t; from the allocated task set T.
To avoid duplication, a masking operation sets the probability of
already selected tasks to zero, ensuring that only the remaining
tasks are considered. After each selection, the reward r is defined as
the negative distance between the current task and the previously
selected task.

5 EXPERIMENT

The experimental evaluation comprises three main parts: abla-
tion study, generalization study, and comparative analysis. All ex-
periments were implemented on a workstation with an Intel(R)
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Table 1: Hyperparameters

Name Description Value
map_size | map size of the task allocation scenario | 20 X 20
actor_Ir | learning rate of actor network le-4
critic_Ir | learning rate of critic network le-4
mix-T_Ir | learning rate of self-attention network | le-4
optimizer | type of optimizer Adam
a coefficient of entropy loss 0.05

T soft update rate 0.005
batchsize | batch size for global allocation 64

f activation function GELU
size Buffer size for global allocation 1000
Y discount return 0.98

h dimensions of all linear hidden layer 128
episode maximum iteration number 1000

Core(TM) i7-14700KF CPU and an NVIDIA GeForce RTX 4090 GPU.
The detailed parameter settings are provided in Table 1.

5.1 Ablation Study

We use the Individual Selection, which can independently complete
task allocation under the constraints considered in this paper, as
the baseline. We evaluate the contributions of the Global Allocation
and Sequence Optimization modules.

Global Allocation. First, we demonstrate that the global alloca-
tion prevents robots from converging to suboptimal solutions. To
illustrate this, we construct a small, idealized scenario comprising
5 robots and 20 tasks: 4 specialized robots possess abundant re-
sources for specific types of requirements, while 1 general-purpose
robot handles tasks with broadly high demands. Under an optimal
allocation, all tasks can be successfully completed. As shown in
Fig. 6, when a sequential selection strategy is employed without
prior global allocation, the specialized robots tend to greedily select
high-demand tasks outside their areas of expertise, rapidly deplet-
ing other resources and leaving the remaining tasks unfinished,
which leads to resource inefficiency. In contrast, performing global
allocation prior to task selection effectively mitigates the risk of
local optima, ensures that all tasks are appropriately completed,
and achieves the maximum overall return.

To further verify its effectiveness under more typical scenarios,
we consider two representative scenarios: (1) Limited Number
of Robots. Under task-abundant conditions, we deploy 6 robots
with the objective of maximizing the overall reward under limited
resources. As shown in Fig. 7, the global allocation strategy consis-
tently outperforms the baseline. Notably, when only the Individual
Selection method is applied, the number of completed tasks drops
sharply after about 400 training epochs. This is due to the lack
of global awareness, which makes it difficult for robots to decide
whether to pursue high-value tasks or complete a greater number
of tasks better suited to their own capabilities. (2) Limited Num-
ber of Tasks. In this scenario, robots are introduced progressively
until all 50 tasks are completed. Every 30 time steps, 2-3 robots are
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Figure 6: Performance comparison in a small-scale idealized
scenario. The global allocation significantly improves both
overall return and task completion.
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(a) Overall return (b) Number of completed tasks

Figure 7: Performance comparison in a typical scenario with
constrained robot count.

added to the standby queue. As shown in Fig. 8, an effective allo-
cation strategy can reduce the number of required robots, thereby
lowering overall cost and improving the total reward.

Sequence Optimization. Then, we verify that the Sequence
Optimization module can effectively reduce the travel cost. Under
the same configuration with the Global Allocation module enabled,
we compare two approaches: (i) directly executing the tasks as-
signed by the upper layer, and (ii) optimizing the execution order
after task allocation. As shown in Fig. 9, when only the number of
completed tasks and immediate rewards are considered, the two
methods perform similarly. However, when the final return is eval-
uated (i.e., after subtracting each robot’s travel cost), the method
with Sequence Optimization achieves substantially shorter travel
distances. By reordering tasks according to their spatial distribution,
it effectively minimizes path costs and yields a markedly higher
overall return compared to the unoptimized approach.

5.2 Generalization Study

In the generalization experiments, we first train the model in one
scenario and then evaluate its generalization capability by modi-
fying the task environment in three ways: replacing the task set,
replacing the robots, and replacing both. For the new task set, each
task’s resource demand and position are adjusted; for new robots,
their appearance frequency and carried resources are modified.
We consider three experimental settings: training from scratch,
few-shot generalization, and zero-shot generalization.
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Table 2: Comparison with Other Approaches. The metric Return measures the total reward achieved through task allocation,
whereas Dis Cost quantifies the travel cost during task execution. The final Return is derived as the net reward after deducting

the corresponding Dis Cost.

Env metric Our SAC GA PSO | Auction | Two-Stage
total return | 263.5 +10.2 | 182.3 +20.3 | 224.2+0.2 | 261 212 N/A
static return 465.6 £ 11.6 | 357.0 £19.2 | 4124 £ 0.2 | 427 399 N/A
dis cost 202.1+£10.7 | 174.7 £18.5 | 188.2+0.2 | 166 187 N/A

total return | 484.7 + 40.6 N/A N/A N/A 417 344.2 +34.6

dynamic return 801.2 + 36.1 N/A N/A N/A 722 783.6 + 37.1

dis cost 316.5 +39.2 N/A N/A N/A 305 439.4 + 38.2

retum
completed

= w/o Global

—— W/o Global
—_— our —ou

200 800 1000 o 200 40 800 1000

400 600 o 600
Episode Episode

(a) Overall return (b) Number of completed tasks

Figure 8: Performance comparison in a typical scenario with
constrained task count.
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Figure 9: (a) Return without considering movement cost; (b)
Final return; (c) Total movement cost; (d) Average movement
cost per executed task. It is noteworthy that even without
Sequence Optimization, the average distance cost continues
to decrease, as task allocation increases the density of exe-
cutable tasks.
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As shown in Fig. 10, across all three modified scenarios, the zero-
shot model already achieves a relatively high performance—approxi-
mately 80% of that obtained by training from scratch for 1000 epochs.
In the few-shot setting, when only tasks or robots are replaced, the
pre-trained model reaches the same performance as 1000-epoch
from-scratch training after only 200 epochs in the new environment.
Even when both tasks and robots are replaced, only 300 epochs are
required to achieve comparable performance.

This strong generalization capability stems from the attention
mechanism employed in our model, which enables it to learn allo-
cation strategies based on the intrinsic attributes and spatial rela-
tionships of tasks and robots, rather than relying on environment-
specific state transitions. At the upper-layer task allocation stage,
since matching depends on attribute similarity, the model can com-
pute matching probabilities for previously unseen robots through
the optimized embedding module. At the lower-layer execution
path optimization stage, the pre-trained feature extractor (encoder)
and sequential decision module (decoder + attention) can effec-
tively handle unseen TSP instances. Therefore, our model demon-
strates strong generalization capability by learning the underlying
attribute-matching principles between robots and tasks, rather than
overfitting to a specific environment.

5.3 Comparison

Based on the capabilities of existing approaches, we evaluate our
method in two distinct environments. Env. A features a fixed num-
ber of robots, where all agents are introduced at the beginning of
the scenario. Env. B involves sequentially entering robots, requir-
ing the algorithm to allocate tasks according to scenario-generated
trigger conditions at each step. In Environment a, we compare our
method with Genetic Algorithm (GA), Particle Swarm Optimiza-
tion (PSO), Soft Actor-Critic (SAC), and the Auction Algorithm. In
Environment b, comparisons are made with the Auction Algorithm
and the Two-Stage Reinforcement Learning Algorithm [11]. The
detailed configurations of each baseline algorithm are provided in
the following.

(1) Genetic Algorithm (GA): Uses integer encoding, with the
chromosome length equal to the number of tasks. Each gene
value represents the robot assigned to the corresponding task.
The parameter settings are as follows: maximum generations
= 1000, population size = 50, mutation probability = 0.05,
crossover probability = 0.7, and elite retention ratio = 0.1.

(2) Particle Swarm Optimization (PSO): Each particle is rep-
resented as an array of length equal to the number of tasks.
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Figure 10: Generalization Performance of Allocation Strategies under Task, Robot, and Combined Replacements

Each element specifies the assigned robot (0: unallocated; 1-

N: N-th robot). Particles are decoded into concrete allocation

schemes. Parameters: maximum iterations: 1000; swarm size:

50; inertia weight (w): 0.7; cognitive factor (c;): 1.5; social

factor (cy): 1.5.

Soft Actor-Critic (SAC): Employs the same basic reinforce-

ment learning model as ours. The state vector integrates ro-

bot resources, positions, task requirements, locations, avail-

ability, and remaining resources. The action space has di-

mension M + 1, representing allocation to a specific robot or

no allocation. Basic parameters match our method.

(4) Auction Algorithm: Robots act as bidders, with bids defined
as net profit from task execution. Tasks are ranked by reward
and auctioned sequentially. Each task is allocated to the robot
offering the highest marginal profit.

(5) Two-stage Reinforcement Learning: Integrates coordi-
nates into robot and task attributes, combining intrinsic and
spatial information. During individual selection, tasks are
chosen sequentially using a seq2seq-like approach.

®)

As shown in Fig. ??, even in the relatively static setting of Envi-
ronment a, the proposed method outperforms both the auction-
based approach and standard SAC. While our method converges
more slowly than heuristic algorithms initially—as the network
must learn to extract relevant features from high-dimensional state
representations encompassing task requirements, robot capabili-
ties, and spatial relationships—it eventually acquires a policy that
efficiently produces high-quality allocations. By the end of training,
our approach surpasses GA and matches the performance of PSO.
In Environment b, the advantage of our method becomes more
pronounced. The auction algorithm often yields suboptimal alloca-
tions due to its myopic greediness—robots bid only on immediately
profitable tasks, ignoring long-term efficiency. The two-stage rein-
forcement learning approach, while incorporating both positional
and capability attributes, fails to model the fundamental difference
between nonlinear spatial relationships and directional attribute
alignment. This conflation leads to conflicting optimization goals:
maximizing resource matching while minimizing travel cost. Our
approach resolves these issues via a global matching mechanism
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Figure 11: Comparison of our method with other approaches
in Environment A and Environment B, where “return” rep-
resents the final reward.

and a structured decision process that separates task selection from
execution. Comprehensive results are provided in Table 2.

6 CONCLUSION

This paper proposes a three-layer attention-based reinforcement
learning framework for dynamic multi-robot task allocation un-
der multiple resource constraints, where robot/task sets vary over
time. We hierarchically decompose the problem into task-robot
matching and execution sequence optimization via three modules:
Global Allocation, Individual Selection, and Sequence Optimization.
By dynamically encoding heterogeneous inputs, the framework
adapts to varying team/task sizes and generalizes to unseen tasks
or robots through learned resource-matching and spatial reasoning.
Experiments validate strong performance in both zero-shot and
few-shot settings.
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