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HIGHLIGHTS

o A decentralized framework coordinates routing-based MRTA using local observations without inter-robot messages.

o The end-to-end SubG-AM allocator generates task sequences directly from coordinates, avoiding full pairwise state-node cost-matrix
computation during online inference.

o Subgraph attention module infers peer targets from trajectories observed within a sliding window.

ABSTRACT A Subgraph Attention Neural Network and Conflict Resolution (SANN-CR) framework is proposed for routing-based
multi-robot task allocation without inter-robot communication. The framework addresses the coupled challenges of computationally
demanding online reallocation and inconsistent decisions arising from independent robot operation. Given a shared initial map and task list,
robots rely on self-localization and onboard peer observations without exchanging messages during execution. An end-to-end allocator,
SubG-AM, embeds robot, task, and obstacle coordinates through subgraph attention to generate task sequences without constructing a full
pairwise cost matrix during online inference. A trajectory-based intention module estimates peers’ target tasks, and a distance-based conflict
resolution strategy uses these estimates to reconcile competing assignments through selective reallocation. Comparative allocation
experiments, simulation ablations, and physical robot experiments were conducted to evaluate allocation quality, task completion, and
computational efficiency. In the simulation ablations, SANN-CR completed all tasks in all 100 test instances at each of four problem scales
and reduced redundant execution relative to the variant without conflict resolution. The three decision modules achieved a combined mean
computation time of 5.3 ms on a Jetson Orin NX, excluding path planning. These results demonstrate the feasibility of decentralized task
coordination without inter-robot message exchange under the stated sensing and initialization assumptions.
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1 Introduction

Multi-robot task allocation (MRTA) coordinates task
selection and execution in multi-robot systems (MRS).
Maintaining collaboration during communication silence
motivates coordination mechanisms that operate without
inter-robot message exchange [1]. Marker-based and
optical methods support relative localization and
cooperative flight without task-level messages [2—4].
Auction and consensus approaches rely on exchanged
bids, assignments, or winner information [5-7].
Behavior-based cooperation, game-theoretic allocation,
and communication-constrained swarms  provide
complementary coordination principles [8—11], but their
objectives and information assumptions differ from
routing-based MRTA without message exchange.

Two coupled challenges arise. Routing-based MRTA
involves NP-hard combinatorial optimization [12,13],
and obstacle-aware allocation can incur substantial
preprocessing costs from pairwise path searches.
Frequent onboard reallocation must therefore operate
within a limited computational budget. Meanwhile,
independent  decisions may produce duplicated
assignments, and unfinished tasks must be recovered
without receiving peers’ assignments or execution-status
messages.

This study proposes a Subgraph Attention Neural
Network and Conflict Resolution (SANN-CR)
framework for MRTA under no-communication (MRTA-
NC). Robots share initial maps and task lists and rely on
self-localization, onboard peer sensing, and local
completion records, as specified in Section 3. Motivated
by advances in vectorized scene representations and
trajectory and intention prediction [14—17], SANN-CR
integrates allocation, intention inference, and conflict
resolution. Its contributions are:

(1) A decentralized framework coordinates routing-
based MRTA using local observations without inter-robot
messages during execution.

(2) The end-to-end SubG-AM allocator generates task
sequences directly from coordinates, avoiding full
pairwise state-node cost-matrix computation during
online inference; training and sequence evaluation retain
A* transition costs.

(3) A subgraph attention module infers peer targets
from trajectories observed within a sliding window.

(4) A distance-based strategy resolves target conflicts
through bounded reallocation; its impact on travel cost is
analyzed under explicit assumptions.

Sections 2—6 present related work, the problem
formulation, the proposed framework, experiments, and
conclusions, respectively.

2 Related Work

2.1 Task allocation

Based on the types of robots and the attributes of tasks,
Gerkey et al. have categorized the task allocation
problem into eight major classes [12]. Korsah et al.
further considered the temporal dependencies of tasks
and supplemented the classification [13]. Except for the
simplest classification, which can quickly find the
optimal solution through the Hungarian algorithm [18],
other classifications are almost all NP-complete or even
NP-hard. Currently, numerous methods have been
proposed to solve the MRTA problem, such as mixed-
integer programming [19], heuristic algorithms [20,21],
and genetic algorithms [22,23]. These methods can
achieve near-optimal solutions with satisfactory
optimization objectives. Market-based methods form
another important family of distributed MRTA
approaches. The MURDOCH auction system
demonstrated dynamic task allocation on physical robot
teams [5], while the consensus-based bundle algorithm
improved robustness in decentralized allocation [6]. A
recent survey provides a systematic classification of these
market and communication schemes [7]. Although
decentralized, these approaches still require explicit
exchanges of bids, assignments, or consensus information
and therefore cannot be applied directly under complete
communication denial. MRTA problems may also
involve constraints arising from the computational and
kinematic limitations of robots. For instance, Zhang et al.
studied energy-efficient allocation under time-window
and precedence constraints [24], and Tian et al. explored
decentralized mission planning under kinematic
constraints [25]. Nevertheless, these methods always rely
on adjacency matrices when applied to time-series
MRTA problems, such as the multiple traveling salesman
problem (MTSP). In environments with restricted areas
or obstacles, computing adjacency matrices becomes
computationally intensive, leading to a long
preprocessing time.

In recent years, graph neural networks (GNNs) [26]
have gained popularity for solving combinatorial
optimization and integer programming problems due to
their natural representation of relational structures. The
message-passing  formulation provides a  general
framework for learning node and graph representations
[27], and recent surveys have connected GNN
architectures systematically to combinatorial optimization
and reasoning [28]. Since many types of MRTA
problems can be abstracted as combinatorial optimization
problems, GNN-based methods can be adapted for
MRTA applications, and many researchers have
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employed Markov decision processes and deep learning
to solve the classic Traveling Salesman Problem [29—31].
With the success of attention mechanism in other
domains [32], some researchers have integrated them
with GNN and reinforcement learning to solve a wider
range of combinatorial optimization problems [33,34],
such as vehicle routing, minimum vertex cover, and
maximum cut. These methods often outperform
traditional approaches in terms of computational
efficiency. However, they primarily target abstract
mathematical models, whereas MRTA problems cannot
be completely deconstructed through mathematical
modeling due to application-specific and real-world
constraints that are difficult to be represented by formulas
directly. The no-communication conditions considered in
this paper is one such constraint, rendering existing
methods unsuitable for direct application to the MRTA
problem under discussion.

2.2 Communication constraints and implicit coordination

Communication constraints in MRS range from
intermittent or bandwidth-limited message exchange to
complete denial of explicit inter-robot communication.
Balch and Arkin analyzed how communication affects
reactive multi-agent behavior [35], while Parker’s

ALLIANCE architecture demonstrated distributed,
behavior-based action  selection using  mission
requirements, teammate activities, environmental

conditions, and internal robot states [9]. Arkin showed
that schema-based robots can cooperate in navigation
without direct communication [8]. Stigmergic approaches
provide another form of implicit coordination: for
example, pheromone robotics uses persistent virtual
environmental cues rather than direct task-negotiation
messages [36]. These studies establish important
behavior-based and environment-mediated coordination
principles, although their assumptions and objectives
differ from routing-based MRTA under complete
communication denial.

A second research stream addresses perception without
exchanging task-level information. Walter et al. used
ultraviolet markers and onboard vision for relative
localization [2]; subsequent work used this capability for
compact formation flight and search-and-rescue swarms
without explicit communication [3,4]. These methods
provide observable robot states, but they do not by
themselves recover other robots’ task decisions.

At the planning level, Dai et al. used an incomplete-
information game to allocate tasks among soccer robots
without communication [10], whereas Kanakia et al.
modeled limited-information MRTA as a global game
[37]. Other studies considered path planning under

communication and GPS denial [38], multi-UAV
exploration with limited communication and energy [39],
and  decentralized exploration that minimizes
communication using a Markov decision process [40].
Alitappeh and Jeddisaravi decomposed exploration into
area partitioning, allocation, and routing [41], while
Talamali et al. showed that constraining communication

can improve swarm adaptability in changing
environments [11].
Overall, existing work predominantly addresses

relative perception, navigation and formation, domain-
specific allocation, or reduced rather than absent
communication. Few studies address general routing-
based MRTA in which each robot must allocate tasks
independently, infer peers’ intentions from observation,
and resolve duplicated assignments without exchanging
messages. The SANN-CR framework is designed for this
decision-level gap.

3 Problem Statement

Table 1 lists the notation. In a 2D obstacle environment,
N, robots sequentially visit &V, task points. Robot i locally
marks task j complete when |[|p;—pjll, < €., the

prescribed completion threshold. The objective
minimizes total travel distance:
N,
minJ = Z dist(S ), ()
i=1
subject to
N,
Za'ijzl,j:I,Z,---,N,. )
i=1

Ui_/E{O,l},i:1,2,"',N,,j:1,2,"‘,N,. (3)

where o; indicates whether robot i executes task j;

Table 1 List of notations and their descriptions in problem statement.

Notations Descriptions

state Including robot initial position and task point

N; The number of robots

N, The number of tasks

N, ”]l\“]he number of state nodes in the graph, which is equal to
rt N t

Nop The number of obstacles

J The total cost

Si Task execution sequence of robot i

dist() The distance traveled in accordance with a sequence S

Tij The boolean variable that indicates whether robot i executes task

J
costmat() Cost matrix. or adjacency matrix. Input two state nodes and
return the distance between them

R, The initial reward of task
a The decay coefficient
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constraints (2)—(3) assign each task exactly once.
S:=1[ty, - ,t,] is robot i’s ordered list of task identifiers
or target nodes, not motor inputs, velocity commands, or
a time-parameterized trajectory. Its travel distance is

-1
dlSt(S,) = Z COStl‘Ilat(sl‘ate,-,k, Statei’k+1), (4)

k=0

state;; € S;,i=1,2,--- N ,k=1,2,--- 1, &)
where /; is the number of assigned tasks, state;, is robot
i’s initial state, and state;, corresponds to target f;.
Routes are open, with no return-to-depot leg. Each
costmat() entry is an A* grid shortest-path distance in the
obstacle map. An alternative objective maximizes time-
decaying reward [25]:

N,
Max Joewws = ) ReXp(-at,), (6)
i=1
where R,;, @, and t; denote the initial task reward, decay
coefficient, and task i’s completion time. The method can
also use this objective; here we use the distance cost in
Eq. (1).

This SR-ST-TA-ID problem [12,13] resembles the
Multiple Traveling Salesman Problem (MTSP), but
includes obstacle-dependent path costs and execution
constraints such as planning failures and robot
malfunctions. Without communication, each robot
independently computes its sequence onboard. Although
the system objective remains Eq. (1), independent
assignments need not satisfy Egs. (2)—(3), motivating
conflict resolution.

Operational information assumptions. Robot i has
access to:

(1) Shared priors: the static map, obstacle geometry,

coordinate frame, task identifiers, and complete target
coordinates supplied to all robots before deployment.

(2) Own state: its pose estimate, task sequence, and
planner and execution status. OptiTrack supplies only its
own pose in the physical experiments.

(3) Peer observations: relative poses and recent
trajectories estimated with onboard LiDAR and cameras,
from which intentions and stopped-motion signals are
inferred locally.

(4) Local task records: its task list, completion flags,
and observation history, which determine remaining-task
candidates. A task is removed only upon local completion
or inference from these observations.

No inter-robot messages are exchanged during
execution: peers’ motion-capture streams, assignments,
private completion flags, and stopping causes are not
directly available. There is no globally synchronized
completion log; shared priors, self-localization, and
passive peer sensing preclude interpreting this setting as
complete information isolation.

4 Solution Methodology

4.1 Motivation and framework

Conventional  allocation  frameworks  exchange
assignments and execution status to maintain consistency
and recover from failures. SANN-CR instead runs
onboard each robot using the shared priors and local
observations defined in Section 3. As shown in Fig. 1,
periodic  allocation supports recovery, intention
judgement estimates peers’ targets, and a common
conflict-resolution rule handles duplicated assignments.
Repeated reallocation requires a fast allocator. The output
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Fig. 1 SANN-CR framework. Intention judgement infers peer targets from locally observed motion. Conflict resolution invokes real-

time allocation to resolve duplicated assignments.
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is a task-target sequence. Hybrid A* generates paths
using a point-state model with obstacles inflated by robot
dimensions; infeasible targets trigger the local recovery
procedure in Section 5.2.

4.2 Real-time task allocation

SubG-AM extends the TSP attention model in Ref. [29]
to multi-start routing, using subgraphs to embed
polygonal obstacles and restricted areas. It maps robot,
task, and obstacle coordinates to an allocation sequence.
Obstacle-aware behavior is learned during training;
without a footprint input or explicit collision checker, the
network provides no collision-free guarantee.

4.2.1 Subgraph and encoder

Fig.2 shows the encoder. Each of the N,, obstacles forms
a p-node subgraph, with p fixed for batch training;
complex boundaries can be divided into p-edge
polygons. Each node contains consecutive normalized
vertex coordinates, X = (x;,;, Xi1,Yis1), With vertex
p+1 equal to vertex 1. A feedforward network (FFN)
embeds this input into e dimensions:

i = FEN(x), %)
for i=1,---,p. A GNN applies m multi-head attention
(MHA) layers:

hob

LI+1

= FENBNMHA(R), -+ H)) + by, (8)

where [=0,---,m—1 and i=1,---,p. Mean pooling
gives the obstacle embedding:

1 P
B = A ©)
p i=1

The endpoint pairs encode cyclic adjacency and closure,
without a canonical starting vertex or clockwise/
counterclockwise label. Fully connected attention and

Input Embedding

mean pooling aggregate location and boundary cues, but
do not guarantee topological reachability. Downstream
A* and Hybrid A* retain the polygon map for grid-
distance and inflated-obstacle feasibility checks. Robot
and task nodes are collectively called state nodes. Their
3D features contain normalized coordinates and a
robot/task indicator, embedded into ¢ dimensions:

1}, = FEN(x)), (10)

for i=1,---,N,. In the global cross-attention graph
(CAG), obstacle queries attend only to obstacles, whereas
state queries attend to all nodes:

I IE = CAG( ),

1+1°7%1+1

which is equivalent to the following equations:

h,, = FFN(BN(MHA(h‘l’f’I, ‘e 7h?5;,,))) + h;‘,’, (12)

Jil+1
= FFN(BN(MHA(h?}’z’ ot ’h?\zh,z’hj,z’ T ’hjv\,z))) + h?,l’

(13)
where [=0,---,m—-1, i=1,---,N;, and j=1,---,Ng.
For head a, let 0, =X,W/, K,=X,W/, and V, = X,W}.
Then A, = softmax(Q, K"/ Vd,+ M)V, and MHA =
Concat(A,,--- ,Ay)W,, where H is the number of heads,
d,=e/H, and all W are learned projections. The mask M
is zero for allowed query—key pairs and —co otherwise,
implementing the CAG restrictions above; local obstacle
attention allows all pairs. State queries encode robot/task
coordinates, while obstacle keys and values encode
obstacle positions and shapes. Query-dependent scores
can therefore distinguish nearby and distant obstacles.
Unidirectional updates keep obstacle embeddings
independent of state features while retaining spatial
information for state decisions. After m blocks with batch
normalization (BN), FFNs, and residual connections,
state-node embeddings are averaged to obtain the graph
embedding:

(11)

I

il1+1

1 &,
@:M;mw (14)

Cross attention graph (CAG) Average
Robot | (ey) EEN, L R e Lo O """"""""
| H % j ——0 Q!
: ‘- 1 : (O Average
| P Qi inH T —@
T . i hy |
3 ' -, 1 H
i Task ! : : O :
=i lo | " 2 ;
. S 3 0. i .[@ : Q | w XM
) i Siibgtaph & averageObstacle M1’ 3 = S :
O O : () : ‘ & O i (O Task node () Obstacle node
------------------------------- i h,”b5 h, MHA FEN & residual /' |©ORobot node[] Node feature
Obstacle; (ros) N 2 @Global embedding node
: —> 0O T

Fig. 2 SubG-AM encoder. FFNs embed robot/task features; attention aggregates normalized obstacle edge-endpoint features into
subgraphs. Global attention with normalization and residual connections produces node embeddings.
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4.2.2 Decoder

Algorithm 1 starts at a robot node and concatenates its
embedding %, , with A, into the 2e-dimensional .
Cross-attention produces h,,., masking selected nodes.
The first attention splits projected queries, keys, and
values into H heads of width d, = ¢/H, hence the divisor
Vd,. Concatenation and projection restore e dimensions;
the final selection logits use unsplit e-dimensional
queries and keys, hence Ve. Softmax yields the next-
node probabilities P.

Training samples from P; testing selects its maximum.
Decoding ends after every state node is selected. The
sequence is divided into ordered task-target lists S,
whose targets pass sequentially to Hybrid A* and then
NMPC/PID tracking. These lists contain neither control
commands nor time-parameterized trajectories.

S1,8,,--+,8; =divide(S eq). (15)

Robot nodes delimit task segments; incoming edges to
robot nodes are excluded from the loss.

For two robots and four tasks, [r,t,,,r,1,1] gives
Si=[t,t,] and S,=[#,t:]. Masking and complete
decoding include every state node exactly once, so no
task is omitted or duplicated. Consecutive or final robot
nodes, including cases with fewer tasks than robots, yield
empty segments: these robots are idle for this round, with
no task discarded.

Algorithm 1 Decoder for task allocation.

Require: /g, h;,, Node,, Nodey, training
Ensure: Seq, pro

: Seq(0) « nodey, nodey € Node,

: pro(0) « 1

. idx « GetIndex(nodeg)

masks < zeros(Ns), masks(idx) «—TRUE
cforiel,2,--- ,Ng—1 do

hear < Concatenate(hg, 15, )

idx,m
Qcat < qu(hcar)
Ky« Wi (hy,), Vi« Wi (l3,)

°

I/ FFN(Soft Mask % Vv
state <~ (Softmax(Mask( m » Vi)

10: Ojstate — Wq(hslate)a Ky « WkZ(h:n)

Q.ﬂang
11: P «Softmax(Mask( Ve )
12:  if training =TRUE then
13: idx < Sample(P)
14: else
15: idx < Argmax(P)
16:  endif

17:  pro(i) « P(idx)
18:  Seq(i) « nodejqy,node;qy € Nodeg

19:  masks(idx) — TRUE
20: end for

4.2.3 Training

Following the reinforcement learning method in Ref.
[29], the loss is

N,—-1

L = (Juin = Josscine) * [Z log<pro(i>)] (16)
i=0
where Jin and Jyeime are the respective model costs
from (1), and pro(i) is the decoder’s selection
probability. Their cost difference weights the policy-
gradient update. The baseline is replaced when a t-test
indicates that the trained model performs significantly
better.

Robot starts, tasks, and obstacles are sampled within a
normalized 1 X1 plane, with random counts fixed within
each batch. Training uses p =4 vertices per obstacle,
matching the physical experiments. A* supplies pairwise
state-node costs for Eq. (4) during training and sequence
evaluation. Online SubG-AM does not receive this
matrix, avoiding its quadratic A* preprocessing; assigned
targets still require downstream path planning.

4.3 Intention judgement

Observed trajectories and context support motion and
intent inference [15—17]. Here, we classify the unfinished
task pursued by each robot without receiving its
assignment. The network in Fig.3 follows SubG-AM’s
local/global attention structure, with different inputs and
a task-intention classifier.

Embedding

@ « 000 [

Slide window Robot trace

" Robots

o
O W |:‘l> Robots
é 1D
O > — OK™ 1
Tasks

o

TasksID 0 1 N, N

@ mask & softmax

O TasksID 0 1 -~ N, N,
— 0
Q W, R({ll))ots )

O — E/Q Trace point (ORobot embedding O Idle label k
O 1O Finished task( Task embedding g Probability

Fig. 3 Intention module. Subgraphs embed sliding-window
trajectories; masked attention and softmax give task-intention
probabilities, excluding tasks locally marked as finished.
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Inputs comprise recent robot trajectories, tasks
unfinished according to local completion flags, and
obstacles. Task features contain coordinates and a
completion flag; alternatively, a mask excludes
completed tasks. Trajectory features contain coordinates
and a time index, aggregated by local graph embedding.
Obstacle and global encoding follow SubG-AM;
query—key scores and softmax yield intention
probabilities. Peer trajectories come from onboard
LiDAR and cameras; self trajectories use own pose
estimates. No peer task-state or completion messages are
received. A visual-motion detector with a velocity
threshold sets I[m]=-1 for a stopped robot. This
denotes stopped motion without distinguishing task
completion, planning failure, or hardware malfunction.

Supervised training pairs simulated trajectories with
their assigned targets. The simulation generates random
robot starts, tasks, and obstacles, using SubG-AM
allocation, A* planning, and NMPC tracking with the
experiment’s kinematic parameters. Communication is
available during data generation to obtain target labels.

4.4 Conflict resolution

Different local observations can produce conflicting
allocations. Each robot locally predicts sequences for all
robots but executes only its own; peer sequences are not
received assignments. Algorithm 2 resolves only peer
intentions that conflict with the executing robot’s current
target.

Here, R,T,1,id, and Seq denote robots, tasks, inferred

Algorithm 2 Conflict Resolution
Require: R,T,0b,Seq;,1,id

Ensure: Seq,

1: R, «0,T, —0,Seq, «— Seqi
2:formel,2,--- ,N, do

3. if I[m] # —1 then

4: R, « R, U {m}
5:fornel,2,---,N; do

intentions, the executing robot’s identifier, and its task
sequence. All flags are local: R, contains observed non-
stopped robots and 7, locally unfinished tasks. A stopped
peer (I[m] =—1) triggers candidate reconstruction from
the task list and observation history. This signal does not
distinguish completion from planning or hardware
failure; no temporary-wait action or global completion
log is used. If a peer intends the same target at lower
distance cost, the robot yields it, removes it from the
valid task set, and virtually places the peer at that target.
This simulates completion for the distance-based
objective. SubG-AM then reallocates the modified sets
until no conflict remains. At most one conflict is resolved
per peer, giving at most N, — 1 reallocations.

Next, the impact of the number of conflicts on the
optimization metrics 1is analyzed. Similarly, the
optimization metric in this case is the total travel distance
of the robots. To facilitate the analysis, we make four
necessary assumptions.

(1) The task allocation algorithm f used in conflict
resolution is relatively stable. That is, with small
perturbations in the input, executing the allocation
algorithm multiple times on one robot or on different
robots will result in the same output task sequence S for
the task set 7 and robot set R under algorithm f.

JT,R)=S ={Seq,,Seq,, - ,Seqy }, 17

where Segq; is the task sequence of robot i. The relative
deviation of the output optimization objective does not
exceed 4:

dist(|f(T,R) - f,(T.R)|) < dist(4 f(T,R)),
dist(|£.(T,R) - £T.R)|) < dist(4 £(T.R)),

where x,y € R, dist() is the distance function.

(2) Definition of the decomposition of the task set and
robot set. Assume that the task set T can be divided into
two subsets, 7, and 7, and that no task from 7, and T,
will appear in the same robot’s task sequence. We say
that the task set T can be fully decomposed into 7, and
T, under the allocation algorithm f.

(18)

f

6. if Tnl.finished = FALSE then T=T,+T,. (19)
7. T, «TyUin) if and only if:
8:do
9:  conflict — FALSE nT,=0,T,UT, =T, (20)
10: for me1,2,-,N, do Vt,eT,, €T, Seq €S,{t;,L}NSeq; = 0.
11: if 1[m] = Seq,[0] and Eq. (20) can also be expressed as:
i dis]te(R[m],I[m]);c;ist(R[id],I[m]) then T.AT,=0.T,UT, =T. on

: m].pos & THlm]].pos T, ={Seq|Seq, €S}, T, = {Seq|Seq; € S).
14: T[I[m]].finished < TRUE . .
s Segy — SubG-AM(Ry. T, 0b) Then, the robot set R und'e'r the allocation algorithm f

_ and the complete decomposition of the task set T, and T,

16: conflict — TRUE . K .
7 break can also be correspondingly decomposed into R, and R,:

: rea
18: while (conflict) RZEZ R 4R, 22)
https://journal.hep.com.cn/eai 7
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Since the decomposition of the task set and the robot
set correspond to each other, we abbreviate f(T,R) as
AT,

(3) The task allocation algorithm used in conflict
resolution possesses internal consistency. If the task set T
can be fully decomposed into 7, and 7, under the
allocation algorithm f, and the corresponding robot set R
can also be decomposed into R, and R, under f and the
complete decomposition of 7, and T5:

TLT 4+ T,
o 3)
R === R, +R,,
then:
f(T,R) = f(T))+ f(T>). (24)

(4) The distance traveled by the robot during the
decision cycle is negligible compared to the total
distance. This can be considered a minor perturbation in
the input, denoted as &.

Based on the four axioms outlined above, we will
proceed with the derivation. We will derive the changes
in the total travel distance of the robots compared to the
original allocation in the cases of one conflict and two
conflicts. By analogy, this can be extended to the case of
k conflicts.

To simplify the notation, we define the total travel
distance of the robots under the allocation algorithm f as:

F(T) =dist(f(T)). (25)
Assume that a single conflict occurs. Regardless of the
number of robots and tasks, they can be divided into two
categories: The set of tasks for which the decision
sequence changes after the conflict, denoted as 7. The
set of tasks for which the decision sequence remains
unchanged, denoted as 7.
Compared to the conflict-free case, the change in total
travel distance can be expressed as:

|Ji = Jol = |Fe(Te) + Fx(Tw) — Fx(T)
=|Fc(Tc)+ Fx(Tx) — Fx(Tc) — Fn(Ty)l
=|Fc(Tc) - Fx(To)
SAFN(To)+ €. (26)

where F. represents the result of reallocation after
conflict resolution, and Fy represents the original
allocation result without conflict. The transition from the
first to the second step in the derivation uses (19), which
states that 7 under fy can be fully decomposed into 7¢
and Ty.

If two conflicts occur, the tasks can be divided into
three categories: Tasks whose decisions are never
affected by any conflict, denoted as Ty. Tasks whose
decisions change after the first conflict but are not
affected by the second, denoted as 7¢,. Tasks whose

decisions change after the second conflict, denoted as
Te,.

Compared to the conflict-free case, the change in total
travel distance can be expressed as:

|2 = Jol = |Fci(Ter) + Fea(Ter) + Fx(Ty) — Fx(T)
=|Foi(Te) + Fox(Tey) — Fx(Te) + Ty
SNFoi(Ter +Ter) = Fx(Tey + Teo)l
+Fe(Ter) = Foi(Teo)
SAFN(Te)+ Tey) +AF ¢ (Ter) + 26
SAFN(Te + Te) + A + NHF(Te) +2&,  (27)

where F¢, represents the result of reallocation after the
first conflict, and Fc, represents the result after the
second conflict. In the transition from the second to the
third step of the derivation, the triangle inequality and Eq.
(19) are applied. Since {7, + T} under fy may not be
fully decomposable into 7¢; and T, Eq. (19) is applied
to fci. In the transition from the fifth to the sixth step, a
variant of Eq. (18) is used, ensuring that the final result is
expressed entirely in terms of Fy under fy.

For k conflicts, the tasks can be divided into k+1
categories. Ty: tasks unaffected by any conflict. T¢;:
tasks affected by the i-th conflict but not by subsequent
conflicts. The change in total travel distance can be
expressed as:

k-1 k
W= Jol <4 ) (A+Fu(Y Te)+ke. (28)
i=0 J=i+l

By analyzing the formula, to minimize the changes in
total travel distance under conflict scenarios, both the
allocation algorithm f and the conflict resolution method
need to meet certain requirements: The allocation
algorithm f should possess stability and consistency to
ensure that A is as small as possible under minor
perturbations. Additionally, the number of conflicts and
the size of the conflict-affected task sets should be
minimized. The conflict resolution method should also
aim to minimize the number of conflicts and exhibit good
real-time performance to ensure & remains as small as
possible.

5 Experiments

This section is divided into two subsections. The first
subsection conducts experiments on the task allocation
method SubG-AM proposed in this paper and compares it
with other commonly used methods for similar task
allocation problems to demonstrate the superiority of the
proposed approach. The second subsection validates the
effectiveness of the proposed SANN-CR framework
under no-communication conditions through both
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simulation and real-world experiments.
5.1 Real-time task allocation

The type of MRTA problem is described in Section 3,
which is similar to the MTSP [42]. However, unlike the
standard problem, it requires accounting for the impact of
obstacles. We set the environment as a normalized 1x 1
plane, where the starting points of the robots, task points,
and obstacles are randomly generated. For the same
reasons, we set the number of robots to 2 < N, <5, the
number of tasks to 5<N,<12, and the number of
obstacles to 3 < N,, < 20. Users can adjust the task scale
of the dataset according to their specific needs. The
hyperparameter settings are shown in the Table 2.

Table 2 Hyperparameter settings.

Hyperparameter Value
Learning rate 1074
Learning rate decay 0.98 (every 50 epochs)
Batch size 256
Batches 1024
Epochs 500
Encoder layers 3
Subgraph layers 3
Attention heads 8
Embedding size 128
Optimizer Adam

A dataset of 1024 batches is generated under the
aforementioned problem scales, with each batch
containing 256 map data samples. These data include
normalized robot, task, and obstacle coordinates. A*
transition costs evaluate training/test sequences; online
SubG-AM uses coordinates only. We trained the model
on an RTX 4090 GPU with 24 GB of memory.

To demonstrate that the proposed method performs
better in MRTA problem, we compare it with the
following methods using computation time and total
travel distance as evaluation metrics.

(1) Greedy Algorithm. This is an online algorithm that,
at each step, calculates the shortest distance from all
robots to all task points (the distance is computed using
the A* algorithm). The robot-task pair with the shortest
distance is then selected for assignment, and the robot’s
position is updated, continuing until all task points are
assigned.

(2) Genetic Algorithm. This is an evolutionary
algorithm that simulates the process of biological
evolution to gradually optimize the task allocation results.
We set the population size of the genetic algorithm to 50,
with 500 iterations, and used bubble sort for population
selection.

(3) CO-AM [29]. This is a method that utilizes
attention mechanism to solve routing-type combinatorial

optimization problems. Since the MRTA problem can be
considered a routing-type combinatorial optimization
problem, we use it as one of the comparison methods.
However, the original method does not account for the
potential presence of obstacles in real-world
environments. To adapt it to our problem type, we made
adjustments to the original implementation by
incorporating the obstacle vertices into the attention
mechanism. This is done by fully connecting the vertices
and averaging their values, in order to account for the
influence  of obstacles. The training  scale,
hyperparameters, and hardware setup for this method are
consistent with those used in our proposed approach.

The test datasets are randomly generated under
different scales, with the number of robots N, set to 2, 4,
6,and 8, N, setto 5, 10, 15, and 20, and N, set to 5, 10,
15, and 20. For each scale, 100 test instances were
generated. The generation method was consistent with
that of the training set but used different random seeds.
Specifically, robot initial points, tasks, and obstacle
center points were randomly generated using a uniform
distribution, ensuring that robot initial points and task
points were not located within obstacles. We intentionally
set scales of some test to exceed the range of the training
set to evaluate the model’s generalization capability. All
methods were tested on a server equipped with an
Intel(R) Xeon(R) Platinum 8357B CPU. Table 3 selects
N, =2,8, N,=10,20, and N,, =5,20; Fig. 4A includes
all four robot counts at N, =N, =20. Table entries
average 100 instances; comparisons are descriptive, not
significance tests.

To provide a more intuitive understanding of the task
allocation results for the four methods, we randomly
selected a test instance under the scale of N, =4, N, = 20,
and N,, =20 to demonstrate the task allocation paths of
the four methods. A* generates the comparison paths
from each method’s task sequences in Fig. 5. Physical
execution uses Hybrid A* instead (Section 4.1).

In Table 3, the time represents the average computation
time of each method, measured in seconds. For deep
learning-based methods, this corresponds to the inference
time. For adjacency matrix-based methods, the time is the
sum of the method’s own execution time and the time
required to compute the adjacency matrix, represented as
the total time by using the “+” symbol to connect them.
All timings cover allocation only, excluding downstream
A* or Hybrid A* path generation. Under these settings,
SubG-AM and CO-AM allocate faster than the matrix-
based methods. As the problem size increases, the time
required to compute the adjacency matrix grows rapidly,
making these methods wunsuitable for real-time
applications. In terms of optimization quality, for smaller
problem scales, our method is slightly inferior to the
genetic algorithm but outperforms the greedy algorithm

https://journal.hep.com.cn/eai
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Table 3 Performance comparison of four methods at selected task
scales.

N; N Nop Method Cost(m) Time(s)
2 10 5 SubG-AM 2.436 0.0283
CO-AM 2.626 0.0264
Greedy 2.702 6.2E-5+5.5"
GA 2.359 62.9+5.5
20 SubG-AM 2.522 0.0293
CO-AM 2.766 0.0266
Greedy 2.776 6.1E-5+5.2
GA 2.442 62.3+5.2
20 5 SubG-AM 3.820 0.0911
CO-AM 4.895 0.0874
Greedy 4.158 1.79E-4 +18.2
GA 3.560 99.2+18.2
20 SubG-AM 3.836 0.0915
CO-AM 4.489 0.0885
Greedy 4.260 1.78E-4+15.5
GA 3.624 101.3+15.5
8 10 5 SubG-AM 1.733 0.0701
CO-AM 2.078 0.0676
Greedy 1.974 6.21E-5+11.5
GA 2.063 71.3+11.5
20 SubG-AM 1.761 0.0725
CO-AM 2.043 0.0678
Greedy 1.911 6.22E-5+10.7
GA 2.054 68.9+10.7
20 5 SubG-AM 3.079 0.1127
CO-AM 3.724 0.1097
Greedy 3.364 1.82E-4 +27.7
GA 3.490 101.6+27.7
20 SubG-AM 3.162 0.1144
CO-AM 3.620 0.1086
Greedy 3.370 1.82E-4+25.5
GA 3.560 91.1+254

* For adjacency matrix-based methods, the time is the sum of the method’s own
execution time and the time required to compute the adjacency matrix,
represented as the total time by using the “+” symbol to connect them.

and CO-AM. However, as the problem scale increases,
the optimization quality of our method surpasses that of
the genetic algorithm, as well as the other two methods.
This is because, with larger problem sizes, the genetic
algorithm requires significantly larger population sizes
and more iterations to ensure optimal results. From the
perspective  of computation time, the current
hyperparameter settings for the genetic algorithm already
far exceed the requirements for real-time performance.
Fig.4 illustrates the variation in total task cost of the
four methods as the number of robots, tasks, and
obstacles change. As the number of robots increases, the
total task cost of all four methods decrease. However, due
to the exponential growth in the number of potential task
sequences, the advantage of the genetic algorithm
gradually diminishes. In contrast, as the number of tasks
increases, the total task cost of all four methods rise
correspondingly, and the superiority of the proposed
method becomes increasingly evident. The number of
obstacles, however, does not significantly affect the

SubG-AM = CO-AM = Greedy = GA
Performance of methods across problem scales (VV,)

Performance (distance) >
(9%] ESN W [*))

2 4 6 8
Problem scale (N,)

B Performance of methods across problem scales (N,)
g6 o
§ 5t ) $ o
(5] °
Ll et
£ 20 s g % [l
5 I
Sifhdn
L . . . .

5 10 15 20
Problem scale (N,)

C Performance of methods across problem scales (V)

< 6.0

2 55¢

250t

T 45 8

§ 35t H

= 3.0

€ 25 |

A 20 : :

5 10 15 20
Problem scale (N,;)

Fig. 4 Comparison of total task cost across four methods
under varying problem scales. (A) Robot counts N; =2,4,6,8
with Ny = Ngp =20, including the intermediate counts omitted
from Table 3. (B) Setting N; =6, Ny, =20, the total task cost
are evaluated as the number of tasks N; varies. (C) Keeping
N; =8, N; =20, the total task cost are examined as the number
of obstacles Ny, changes.

performance of the four methods.

Under the tested settings, SubG-AM is faster and has
lower cost than CO-AM.

Regarding task cost, when the task scale is small,
SubG-AM performs slightly worse than the GA
algorithm, which has an extremely long execution time.
However, as the task scale increases, SubG-AM
surpasses the GA algorithm in performance. Furthermore,
on the tested problem scales beyond the training set’s
range, our method achieves the best performance among
the four methods; this is empirical generalization within
the tested distributions.

5.2 Framework for MRTA-NC problem

We evaluate SANN-CR through simulation and physical
ablations.
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Comparison of trajectories by different methods
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Fig. 5 Comparison of task allocation trajectories for different methods.

Two variants isolate the effects of periodic allocation
and conflict resolution.

(1) Single-Step Allocation. Each robot allocates once
from the common initial state and executes its own
sequence without updates. Initial assignments agree, but
tasks left unfinished by planning failures or malfunctions
cannot be reassigned.

(2) Multi-Step Allocation. This variant retains periodic
allocation and intention judgement but removes conflict
resolution. Stopped peers and unfinished-task candidates
are identified locally as in Section 4.4; stopping causes
remain unknown. Reallocation can recover unfinished
tasks, but asynchronous decisions may assign the same
task to multiple robots, increasing travel distance or
reducing the time-decayed reward in Eq. (6).

Considering  both  real-time performance and
optimization, the task allocation algorithm for the three
frameworks utilizes the SubG-AM method proposed in
this paper. The Hybrid A* algorithm is used for path

planning, and a nonlinear MPC controller is employed for
trajectory tracking. In the simulation experiments, we
generated four different scales of test sets, each
consisting of 100 test instances. The number of obstacles
is fixed at 10, with robot counts of 2, 3, 4, and 5, and task
counts of 5, 10, 15, and 20. The results of the ablation
experiments are shown in Fig.7 and Table 4. Table 4
presents the number of test instances where tasks were
successfully completed for each of the three frameworks
across four problem scales (with 100 different test
instances for each task scale). The results indicate that in
the single-step allocation framework, where the entire
reallocation module is removed, task allocation
consistency is ensured, but task completion cannot be
guaranteed. In the multi-step allocation framework,
where the conflict resolution process is removed, task
completion is ensured, but task allocation consistency is
compromised, leading to an increase in the total travel
distance of the robots.
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Table 4 Number of test instances successfully completing all tasks
for different methods and problem scales.

Method Scale 1 Scale 2 Scale 3 Scale 4
Proposed 100 100 100 100
Single-step 92 89 78 76
Multi-step 100 100 100 100

To visually illustrate the differences among the three
frameworks, Fig.6 presents the robot motion trajectories
for a test instance in Scale 4.

The results of the ablation experiments demonstrate
that the proposed framework effectively addresses the
MRTA problem under no-communication conditions. It
ensures both task allocation consistency and task
completion while achieving relatively optimal
performance in terms of optimization.

Fig. 8 illustrates the experimental setup, equipment,
and results of the physical experiments. In the physical
experiments, with 2 robots, 5 tasks, and 10 obstacles, we
compared the performance of the three frameworks. The
5.8 m X 5.8 m area contains 0.45 m square obstacles
represented by p =4 vertices, as in training. The robots
used are tracked robots, and the kinematic aspects of
motion are modeled wusing the differential drive
kinematics model. The robots have a maximum wheel
speed of 0.5 m/s and a wheelbase of 0.238 m. The
onboard computers are equipped with Jetson Orin NX
running Ubuntu 20.04, and the robots use the ROS2 Foxy

H Obstacle

E Task point

Realsense

) Laser radar
D435i

Embedded
controller )
Jetson orin

NX

Fig. 8 Physical Experiments. (A) One of the physical
experimental scenarios; (B) Structural diagram of the tracked
robots used in the experiment.

version for their operating system. Allocation, intention
judgement, and conflict resolution averaged 5.3 ms
combined on Orin NX, excluding path planning. The
Hybrid A* algorithm is used for path planning, a
nonlinear MPC controller is employed for trajectory
tracking, and a PID controller is used for wheel speed
control. Hybrid A* uses the point-state model and robot-
size obstacle inflation defined in Section 4.1. Update
periods, distinct from computation time, are 1.5 s for
reallocation, 0.1 s for planning and tracking, and 0.02 s
for wheel control. OptiTrack supplies each robot only its
own pose; onboard LiDAR and cameras estimate peer
motion. All decisions, planning, and control run onboard.
Experimenters supply only start/stop commands; robots
exchange no messages. Evaluation determines task
completion from executed trajectories without providing
shared runtime completion flags.

In physical experiment scenario 1, the initial task
allocation under the proposed framework SANN-CR
assigned Robot 1 to tasks 1, 3, and 5, while Robot 2 was
assigned tasks 2, 4, and 5. When both robots attempted to
execute task 5, a conflict occurred. Robot 1 resolved the
conflict using the conflict resolution module, yielding
task 5. Since no other tasks were available, Robot 1
stopped. Robot 2, also leveraging the conflict resolution
module, decided to continue executing task 5. In the
single-step allocation framework, Robot 1 performs tasks
1, 3, and 5, while Robot 2 performs tasks 2 and 4. Due to
the sparse obstacles in scenario 1, both robots are able to
successfully complete path planning. Under the multi-
step allocation framework, Robot 1 executed tasks 1, 3,
and 5, while Robot 2 executed tasks 2, 4, and 5. When
both robots attempted task 5, a conflict occurred. Since
there was no conflict resolution module, both robots
continued executing task 5, resulting in redundant
execution of the task.

In physical experiment scenario 2, the distance between
obstacles is relatively small. Robot-size obstacle inflation
closes narrow passages, splitting the area into two
connectivity domains. The initial allocation result for all
three frameworks is as follows: Robot 1 performs tasks 1
and 3, and Robot 2 performs tasks 2, 4, and 5. Before
Robot 2 moves from task 4 to task 5, path planning fails
due to insufficient space between the obstacles, as the
Hybrid A* algorithm cannot find a feasible path. Since
both the SANN-CR and multi-step frameworks perform
reallocation in each decision cycle, after Robot 2 stops,
Robot 1 can reallocate task 5 to itself. However, the
single-step framework is unable to complete the task.
After Hybrid A* failure, the robot checks its observations
and local task flags: it stops if no unfinished task
remains; otherwise, SANN-CR reallocates a target
compatible with inferred peer intentions.
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Fig. 9 Physical Experiments Trajectories including two scenarios. (A) Experimental trajectories of the three frameworks in a fully
connected scenario; (B) Experimental trajectories of the three frameworks in a scenario with connectivity domain disruption (where path

planning failures may occur).

These experiments show reallocation within the
decision period and reduced redundant execution under
the tested conditions. Recovery reassigns locally
identified unfinished tasks after observed stops, without
identifying their causes.

6 Conclusions

This study presented SANN-CR, a decentralized
framework for routing-based MRTA without inter-robot
message exchange. The framework integrates SubG-AM
allocation, trajectory-based intention inference, and
conflict resolution to reconcile locally generated task
assignments. SubG-AM encodes robot, task, and obstacle
coordinates directly, avoiding full pairwise state-node
cost-matrix computation during online inference.
Intention inference and selective reallocation enable
robots to adapt their task sequences to observed peer
behavior. Allocation comparisons showed lower travel
costs than the greedy and CO-AM baselines under the
tested settings. In simulation ablations, SANN-CR
completed all tasks in all 100 instances at each of four

problem scales and reduced redundant execution relative
to the variant without conflict resolution. Physical
experiments demonstrated the reassignment of unfinished
tasks following path-planning failures. Allocation,
intention inference, and conflict resolution together
averaged 5.3 ms on a Jetson Orin NX, excluding path
planning, supporting the feasibility of frequent onboard
allocation updates.

These findings rely on shared initial maps and task
lists, self-localization, onboard peer observations, and
local completion records; physical self-localization was
externally aided. Task execution still requires Hybrid A*
feasibility checks and path generation with robot-size
obstacle inflation. Observed stops do not identify their
causes, and the framework includes neither an explicit
temporary-wait state nor global completion or failure
records. Its applicability therefore remains confined to the
stated information assumptions and routing-based task
formulation. Future work will extend the framework to
task time windows, heterogeneous collaboration, and
additional MRTA constraints.

Data availability No datasets were generated or analyzed for this work.
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