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Stepwise Large-Scale Multi-Agent Task Planning
Using Neighborhood Search

Fan Zeng , Shouhei Shirafuji , Changxiang Fan , Masahiro Nishio , and Jun Ota , Member, IEEE

Abstract—This letter presents a novel stepwise multi-agent task
planning method that incorporates neighborhood search to address
large-scale problems, thereby reducing computation time. With an
increasing number of agents, the search space for task planning
expands exponentially. Hence, conventional methods aiming to find
globally optimal solutions, especially for some large-scale problems,
incur extremely high computational costs and may even fail. In this
letter, the proposed method easily achieves the goals of multi-agent
task planning by solving an initial problem using a minimal number
of agents. Subsequently, tasks are reallocated among all agents
based on this solution and the solutions are iteratively optimized
using a neighborhood search. While aiming to find a near-optimal
solution rather than an optimal one, the method substantially
reduces the time complexity of searching to a polynomial level.
Moreover, the effectiveness of the proposed method is demonstrated
by solving some benchmark problems and comparing the results
obtained using the proposed method with those obtained using
other state-of-the-art methods.

Index Terms—Heuristic search, multi-agent system,
neighborhood search, plangraph, task planning.

I. INTRODUCTION

MULTI-AGENT task planning aims to obtain a solution
that can achieve goals using a group of agents by max-

imizing the overall performance of a system. This is a funda-
mental problem common in various fields, including robotics,
transportation, logistics, and manufacturing. In terms of domain
description, the STRIPS-style language [1] is often utilized
because it allows the world to be described using predicates,
which are statements that can be either true or false. Although
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this language facilitates scaling up to solve highly complex
problems by adding more states and actions, the search space
for finding solutions grows exponentially with the number of
predicates. Bylander [2] reported that such planning problems
are PSPACE-complete and more difficult to solve compared to
the NP-complete problems.

In recent decades, remarkable progress has been made in de-
veloping algorithms to solve multi-agent temporal task planning
problems. Researchers [3], [4] have extended earlier methods,
or integrated with motion planning [5] to solve multi-agent
temporal planning problems. However, in large-scale problems,
the number of instances and the search space grow exponentially,
resulting in substantial time and memory related complexities,
particularly when aiming to find optimal solutions. To solve
this problem, pruning techniques [6] have been proposed to
eliminate “bad” actions during a heuristic search. Hierarchical
Task Network (HTN) planning [7] decomposes tasks into sub-
tasks, reducing the search space by grouping similar tasks and
addressing them simultaneously. Moreover, fast heuristic func-
tions such as Fast Forward (FF) [8] and Fast Downward (FD) [9]
have been developed and adopted by some widely used planners
such as Partial-Order Planning Forward (POPF2) [10], Opti-
mizing Preferences and time-dependent Costs (OPTIC) [11],
Simultaneous Temporal Planning (STP) [12], Temporal Fast
Downward (TFD) [13], and satisfiability modulo theories based
planning (SMTPlan+) [14]. Although these methods contribute
to speeding up the search to some extent, their performance
in solving large-scale problems remains unsatisfactory. Some
articles proposed methods to solve specific large-scale prob-
lems including underwater missions [15], warehouses [16],
logistics [17], but these methods are highly dependent on the
cases and can not be extended to a wide range of problems.
Recently, some researchers applied learning methods to solving
large-scale problems, like learning to plan [18], [19], Large
Language Models [20], [21], and so on. However, they require a
huge amount of datasets to be prepared in advance and extremely
high computation costs, or will be poorly portable for different
planning problems.

In this study, we present a stepwise method for solving
multi-agent task planning problems in large-scale STRIPS-style
problems described by the Planning Domain Definition Lan-
guage (PDDL) [22] within a realistic time frame. While existing
planners can promptly solve problems containing only a small
number of agents, addressing large-scale problems efficiently
remains a challenge. Our method solves this problem by initially
achieving the goals of the given problem using a minimum
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Fig. 1. Overview of the proposed task planning method.

number of agents and then iteratively refines the solution through
reordering and partially reallocating actions to other agents.
During the local refining process, the reordering and reallocating
may disrupt the original logical connections between adjacent
actions, so our proposed method reconnects them by searching
for optimal connections using a plangraph. The time complexity
of obtaining a new solution using the connection of adjacent
actions is linearly related to the length of the solution, which
reduces the complexity to a polynomial level. The pursuit of
realizing an optimal solution is abandoned since developing scal-
able and quick algorithms to realize optimality is not plausible.
The refining process adopts a neighborhood search approach,
treating reallocated and reordered solutions as neighbors. Addi-
tionally, tabu search is employed to iteratively escape the local
optimal solution and ultimately obtain a near-optimal solution.

The remaining sections of this letter are organized as follows:
Section II provides an overview of the proposed methods. Sec-
tion III discusses the modeling of the task planning problem
using multi-agent PDDL and a plangraph. Section IV explains
the refinement of the solution through task reallocation. To
demonstrate the advantages of our method, we present an ap-
plication using benchmark problems and provide a comparison
in Section V. Finally, Section VI concludes this letter.

II. OVERVIEW

Fig. 1 provides an overview of our method. To solve a
large-scale multi-agent problem, we obtain an initial solution
(denoted as Si) that achieves the same goals using minimum
possible agents at first, it is an action sequence and consists of

n actions. We select h (a predefined hyperparameter) consec-
utive actions from the beginning of Si. By reordering these h
actions and reallocating them to all agents, we generate new
combinations of these selected h actions. Moreover, actions in
each new combination are reallocated to all agents by partially
replacing their arguments. Using the actions before and after the
selectedh actions inSi, we can create multiple new disconnected
action sequences denoted as S ′i. These sequences lack logical
connections between adjacent actions owing to the reordering
and reallocation process. We repeat this process by selecting the
next h consecutive actions in Si and repeat the above steps until
we reach the end of Si. The resulting set of action sequences is
denoted as S′ = (S ′1, S

′
2, . . . , S

′
i, . . . ), encompassing all possi-

ble task reallocations among all agents. The next problem to be
solved is connecting the adjacent actions in S ′i.

The adjacent actions are connected sequentially using a plan-
graph. We construct the plangraph with mutually exclusive (mu-
tex) pairs in each layer. We attempt to find a connection between
actions aj(1 ≤ j ≤ n) to their previous actions in the action
sequence S ′i. If a connection is not found, we skip the current
S ′i and move on to the next S ′i+1. The connection scheme found
within each action sequence is optimal. We transform the dis-
connected action sequence S ′i into a connected action sequence
Si+1. Next, we repeat this process until we have attempted to
find connections among all the new action sequences in S′,
resulting in multiple logically connected action sequencesS that
are also local optimal solutions and are considered as neighbors.
Finally, we refine the solution using neighborhood search and
tabu search to iteratively escape local optimal solutions. This
process continues until the stopping criteria are met, ultimately
yielding a near-optimal solution.

III. PROBLEM DESCRIPTION

A. Multi-Agent PDDL

This study adopts the PDDL to describe the multi-agent
planning problem. The problem is represented via a five-tuple
T = (O,P,A, I,G), where the purpose of solving T is finding
a solution S.
� O represents a set of objects, including agents and other

instances in the working environment.
� P is a finite set of predicates defined with parameter
params(p) ⊆ O for p ∈ P . Predicates describe the rela-
tionships among different instances. This set includes static
predicates Ps ⊆ P that retain their truth values throughout
the planning procedure and dynamic predicates Pd ⊆ P ,
whose truth values can be changed during the planning
procedure.

� A is a finite set of actions with arguments. These actions
are used to change a state s ⊆ P . An action a ∈ A is
defined by a tuple (params, pre+, pre−, e+, e−, d), where
params(a) ⊆ O represents the parameters of action a,
pre+(a) ⊆ P and pre−(a) ⊆ P are positive preconditions
and negative preconditions that are conjunctions of predi-
cates describing what predicates must be true in a state be-
fore action a can be executed, e+(a) ⊆ P and e−(a) ⊆ P
represent the add and delete effects, respectively, which
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Fig. 2. A simple example of plangraph.

are conjunctions of predicates describing how the state
changes when the action a is executed, and dur(a) ∈ R+

represents the duration of action a. The total time cost
that evaluates the performance of the solution can be cal-
culated by summing the durations of individual actions,
considering some concurrent events. The execution of ac-
tion a in state s can generates a state s′ such that s′ =
s \ e−(a) ∪ e+(a).

� I ⊆ P denotes the initial state of T .
� G ⊆P denotes the goal state that the solution must achieve

in T .
� S is an action sequence (a1, a2, . . . , ai, . . . ) that can trans-

fer the state from I to G, where ai ∈ A.
Here, we assume that agents included inO are homogeneous,

implying that an agent can be in the same state and perform the
same action as other agents, and o ∈ O is equally included in
the parameter of predicates and actions.

B. Plangraph

This study converts a given multi-agent PDDL problem to a
plangraph representation for effective local search and heuristic
calculation. Unlike some methods such as UNPOP [23] or
HSP [24] develop heuristics based on the assumption that all
the actions are independent, which makes them less suitable for
solving problems involving concurrent actions such as multi-
agent planning problems. By contrast, the plangraph [25] is
adept at handling such scenarios by providing concurrent in-
formation regarding actions and predicates. This letter adept the
plangraph [25] to handle such scenarios by providing concurrent
actions and predicates.

Plangraph classifies a predicate in a state p ∈ P as
a literal and a predicate not included in a state ¬p
where p ∈ P as a negated literal. For a plangraph with
k layers, like Fig. 2, the nodes are represented by N =
(L1, O1, L2, O2, . . . , Li, Oi, . . . , Lk, Ok, Lk+1), where Oi is
the set of actions whose preconditions appear in Li. Oi also
includes trivial actions whose precondition and effect are the
same single predicate. Li+1 consists of the effects of all actions
in Oi and all predicates in Li, L1 and Lk+1 include all the initial
state and goal states of the planning problem.

In the i-th literal layer Li, the set MLi
includes mutex

pairs {p1, p2}, {p1,¬p2}, {¬p1,¬p2} ∈MLi
for two dynamic

predicates p1 and p2. These pairs are the predicates that cannot
be realized simultaneously in the i-th layer. Similarly, in the
i-th operator layer Oi, the mutex pair {a1, a2} ∈MOi

for two

actions a1 and a2 cannot be executed simultaneously in that
layer. If predicates and actions are not mutex pairs in one layer,
they cannot be mutex pairs in the subsequent layer. This advan-
tageous property allows us to list every mutex pair beforehand
in polynomial time, which is the decisive advantage of the
plangraph.

IV. MULTI-AGENT TASK PLANNING VIA REALLOCATION

This section presents an efficient method for realizing multi-
agent task planning using an initial plan with respect to a given
PDDL problem. Prior to initiating the planning process, two key
specifications need to be specified: the hyperparameter h and
object sets Oa ⊆ O and Of ⊆ O. The hyperparameter h is the
number of actions that are locally reallocated to escape from the
local optimum in refinement. A large h value can deviate more
from the local optimum but increase computational time, an
intuitive relationship between them can be found in Fig. 4.hmust
be tuned carefully based on the specific problem at hand. Oa

represents the set of objects that correspond to agents involved in
the planning process. In the subsequent subsection, the method
for obtaining the initial solution by reducing these objects is pre-
sented.Of represents the set of objects that remain fixed during
the reallocation process, generally it includes agent-independent
arguments. The selection of reallocated arguments in addition
to Of is a heuristic process aimed at reducing computational
time.

A. Initialization

As finding optimal or near-optimal solutions of large-scale
problems involving multiple agents within a reasonable time
limit can be challenging due to the expansive search space,
our method initially solves a simplified version of the problem
with a single agent to achieve the given goals. The simplified
problem, denoted as T1, is derived from the original problem
T by omitting all agents except for a randomly chosen sin-
gle agent. T1 is defined as T1 = (O1,P1,A1, I ∩ P1,G ∩ P1),
where O1 represents the set of instances consisting only of
the chosen agent, and P1 and A1 are the subsets of predicates
and actions, respectively, that are relevant to the single-agent
problem, they are P1 = {p | p ∈ P, params(p) ⊆ O1} and
A1 = {a | a ∈ A, params(a) ⊆ O1}. Having transformed the
problem into a single-agent setting, we can apply state-of-the-art
methods, as discussed in Section I, to solve T1. If no solution is
obtained for T1, the method proceeds by gradually adding agents
and defining new problems Ti until a solution is obtained.

Once a solution is obtained for problem Ti, our method con-
verts it into the initial solution for the original problem T . This
conversion is necessary because the original multi-agent prob-
lem may require additional actions to accommodate the presence
of multiple agents. The procedure described in Section IV-C,
which involves connecting actions, facilitates this conversion.
Importantly, this conversion step typically incurs minimal
computational overhead. Consequently, an initial solution, de-
noted as S0 = (a1, a2, . . . , an), is obtained for the original
problem.
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B. Local Reordering and Reallocation

A given solution Si, such as the initial solution S0 obtained in
the previous section, is performed by fewer agents to achieve the
desired goal state. Our method aims to improve the efficiency
of the solution by reallocating these actions among different
agents, through a process of reordering actions and replacing
the arguments of certain actions.

Initially, by choosing h consecutive actions starting from
the j-th action of Si, the algorithm selects subsets Aj =
(aj , aj+1, . . . , aj+h−1)⊆ Si, where 1≤ j≤ n− h. All possible
permutations A′j of Aj are generated through reordering using
a permutation function σ, resulting in

A′j = (aσ(j), aσ(j+1), . . . , aσ(j+h−1)). (1)

Next, in addition to the fixed arguments defined by Of ,
the other arguments will be replaced by options un-
der the same instance type. For example, the action
“human pick an apple by righthand” is represented as
[pick, human, apple, righthand], then arguments
about agents like human and righthand can be replaced by
other instances under same types, such as human is replaced by
robot, righthand is replaced by gripper.

Let a′ ∈ A be a possible reallocation for an action a ∈ A, of
which at least one argument is reallocated. The reordered set of
actions after reallocation is denoted as

A′′j = (a′σ(j), a
′
σ(j+1), . . . , a

′
σ(j+h−1)). (2)

An action a′ is considered a possible reallocation of
another action a if it satisfies the condition params
params(a) ∩ Of = params(a′) ∩ Of . The reordering
and reallocation process replaces the original series of ac-
tions Si = (a1, a2, . . . , an) with the new actions as S ′i =
(a1, . . . , aj−1, a

′
σ(j), a

′
σ(j+1), . . . , a

′
σ(j+h−1), aj+h, . . . , an).

Through the reordering and reallocation process of j from
1 to n− h, a set of action sequences Si is obtained. However,
the reordering and replacing process disrupt the original logical
connections between actions, resulting in action sequences S ′i ∈
S′i that lack logical connections. The subsequent step involves
connecting these disjoint action sequences to form a feasible and
complete solution.

C. Connection of Adjacent Actions

Our algorithm, as described in Algorithm 1, obtains a locally
reordered and reallocated planning solutionSi+1 from the action
sequence without logical connection S ′i. The algorithm focuses
on finding the best actions to connect adjacent actions based on
the plangraph.

Algorithm 1 begins by starting from the first layer of the
plangraph (line 1), indicating that the search level l is set to
1. It proceeds to logically connect the actions in the action
sequence S ′i one by one (line 2). The open list denoted as
open and the close list denoted as close are defined in line 3
and represent lists of states that have the possibility of being
optimal and states that are excluded from the dynamic program-
ming of A*, respectively. The dictionary structures S and C
serve as mappings to associate states with their corresponding

Algorithm 1: Connecting Procedure for Adjacent Actions.

Input:Action sequence without logical connections S ′i
Output:Connected action sequence (new solution) Si+1

1: Si+1 ← S ′i, s← I, l = 1
2: for aj ∈ S ′i = (a1, a2, . . . , an) do
3: open← Heap, close← ∅
4: S[s]← ∅, C[s]← 0
5: open.heappush(s, C[s])
6: while open do
7: s← open.heappop
8: close← close ∪ {s}
9: c← C[s]

10: if (pre+(aj) ⊆ s) ∧ (pre−(aj) ⊆ P \ s) then
11: break
12: A,M ← GetCandidates(s, aj , l) (Algorithm 2)
13: if A = ∅ then
14: l← l + 1
15: continue
16: for Aλ = (a′1, a

′
2, . . . , a

′
m) ∈ A do

17: for a′ inAλ do
28: s← (s \ e−(a′)) ∪ e+(a′)
19: c← c+ cost(a′)
20: d+ = {d(m) |m ∈M, p ∈ e+(a′), p ∈ m}
21: d− = {d(m) |m ∈M, p ∈ e−(a′), ¬p ∈ m}
22: D[a′] = d+ ∪ d−

23: h← c+H(D,Aλ)
24: if (s /∈ close) ∧ (h ≤ C[s]) then
25: S[s]← Aλ = (a′1, a

′
2, . . . , a

′
m)

26: C[s]← h
27: open.heappush(s, C[s])
28: Aλ = (a′1, a

′
2, . . . , a

′
m)← S[s]

29: Si+1 ← (a1, . . . , aj−1, a
′
1, a

′
2, . . . , a

′
m, aj , . . . , an)

30: l← l + 1
31: returnSi+1

action sets and costs, respectively (line 4). Initially, the open
list contains only the initial state s with a cost of zero (line 5).
In the algorithm, the next step is to select the state s with the
smallest cost from the open list open as the current state and
move it to the close list close (lines 7–8). The cost denoted
as c is obtained from the dictionary C (line 9). The condition
(pre+(aj) ⊆ s) ∧ (pre−(aj) ⊆ P \ s) being true indicates that
the action aj ∈ S ′i has a logical connection to the previous action
aj−1 because the current state satisfies its preconditions (line 10).
In this case, the algorithm proceeds to the next action aj+1. The
objective of A* is to find optimal actions that can connect to the
target action, continuing until a state satisfying this condition is
found or the open list open becomes empty.

A* searches for states to connect the action aj using the
candidate actions set A and the mutex pairs M obtained from
Algorithm 2 described in Section IV-D (line 12). If the candidate
action set A is empty, the current state s cannot connect to the
target action, and the algorithm skips to the next level of the
search (lines 13–15). Each set Aλ∈A contains actions that can
change the preconditions of aj or their mutex predicates (line
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Fig. 3. Time cost calculation for concurrent actions.

16). An action a′∈Aλ represents a possible change to one of the
preconditions ofaj or its mutex predicate (line 17). These actions
are applied to update the state, approaching a state that satisfies
all the preconditions of aj (line 18). The cost function cost
calculates the cost of executing these actions, and the variable
c represents the total time cost after the action is applied (line
19). The cost cost(a′) to apply the action a′ by agent agk ∈ Oa,
(k = 1, 2, . . . , n) is determined by considering the overlapping
time co with actions already applied by different agents. Let
tag1 , tag2 , . . . , tagn represent the end times of actions already
applied by different agents, respectively, as illustrated in Fig. 3.

In this scenario, the cost of applying action a′ by agent agk
considers the overlapping time co and is calculated as follows:

cost(a′) =

{
dur(a′)− co (dur(a′)− co > 0)

0 (dur(a′)− co ≤ 0)
, (3)

where co is the overwrapped time that is expressed as

co = max(tag1 , tag2 , . . . , tagn)− tagk . (4)

The level distance d between the unsatisfied precondition pred-
icate pp and the blocking predicate ps, which are mutex pairs in
the plangraph, is used to represent the distance from the current
state to the target precondition in the heuristics for executingAλ.
The heuristics estimates how much the chosen actions Aλ make
the state closer to the target action’s precondition. Algorithm 2
calculates the mutex pairs M consisting of pairs of unsatisfied
preconditions pp and blocking predicates ps (line 12). The level
distance d between these predicates is expressed as

d({pp, ps}) = ‖lp − ls‖, (5)

where lp is the lowest level where pp becomes true or the lowest
level where pp becomes false in case of the negated predicate.
Similarly, ls is the lowest level where ps becomes true or the
lowest level where ps becomes false in case of the negated
predicate. An action that changes several mutex predicates and
the distances it shortens are recorded in D, as shown in lines
20–22. Therefore, D represents the extent to which the state
approximates the preconditions of aj owing to the action.

Furthermore, the heuristics estimate the lowest cost corre-
sponding to the chosen actions by many agents (this pertains to
the parallel conduction of actions). First, for the level distances
of an action D[a′], its smallest level distance implies the most
effective way for the action to approximate the state to the target,
min(D[a′]). Considering an agent cannot execute more than one
action simultaneously, we define the heuristics of part of action
A′λ⊂Aλ performed by an agent agk as the accumulation of the

above smallest level distance as follows:

Hagk =
∑
a′∈A′

λ

min(D[a′]). (6)

As a result, heuristics obtained for all ω agents in Aλ is

Hag = (Hag1 , Hag2 , . . . , Hagω ) (7)

The overall heuristics for Aλ not only relies on the largest
heuristics of Hag but also relies on the smaller heuristics. The
following provides the resultant heuristics to choose actions that
efficiently render the state close to the target state by the parallel
execution of actions of many agents:

H = max(Hag) + tanh

(
sum(Hag)−max(Hag)

len(Hag)− 1

)
. (8)

Using heuristics H , the algorithm sums up the time cost c and
heuristic cost H as the total cost h after applying Aλ for A*
search (line 23).

If s is not sufficiently in close and its total cost h is smaller
than the optimal cost, the algorithm will update the state cost in
C and actions set in S. Furthermore, the new state s and its cost
c are also added to the open list open (lines 24–27). After these
procedures, if the open list open becomes empty or the state
satisfies the precondition of aj , Si+1 is renewed by inserting the
best action sequences A* found (lines 28–29) and l is increased
by 1 (line 30). Finally, the solution Si+1 for local reordering and
reallocation is returned (line 31).

Our proposed algorithm obtains a logically connected action
sequence by connecting adjacent actions, while considering only
the relevant candidate actions using the plangraph. The process
of obtaining a new solution by connecting adjacent actions has
a linear relationship with the length of the sequence, thereby re-
ducing the complexity to a polynomial level. This feature makes
our algorithm well-suited for solving task planning problems
with a large number of instances and complex actions.

D. Action Candidates Extraction Based on Mutex

In line 12 of Algorithm 1, a function GetCandidates is used
to find executable actions that affect unsatisfied preconditions
or the predicates blocking these preconditions. The details of
the GetCandidates function are shown in Algorithm 2. Let the
negated predicates not included in the current state be s̄, the un-
satisfied positive preconditions of aj be P+, and the unsatisfied
negative preconditions of aj be P−(lines 1–3).

First, action set Ap satisfying the unsatisfied preconditions
P+ and P− and M including many pairs of unsatisfied precon-
ditions and a predicate that blocks it are initialized as an empty
set (line 4). All the candidate actions in Ap should be applicable
in the current state, thus the searching actions for Ap should be
within the actions set O′l that contains actions whose precon-
ditions pre+(a) and pre−(a) are satisfied in the current state
s (line 5). Pertaining to the unsatisfied positive preconditions
P+, App

containing candidate actions for P+ is initialized by
actions whose effects include predicates in P+ directly (line 7).
Furthermore, a mutex pair of the plangraph in the current level
l shows the predicate pairs that cannot simultaneously appear
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in the state. That implies a dynamic predicate p+s or p−s in the
current state s, which is mutex with an unsatisfied precondition
p+p ∈P+, preventing the satisfaction of the preconditions of
aj . Therefore, the method checks all these combinations to
determine whether they are mutex pairs. If yes, it adds candidate
actions that include p+s or p−s in their effects to App

(lines 8–10
and 12–14) because the action must change p+s or p−s to satisfy
the precondition of aj . Simultaneously, the algorithm retains
the mutex pairs in M for the latter heuristics calculation (lines
11 and 15). Finally, the algorithm lists the actions that affect
each predicate in the unsatisfied precondition as Ap in the line
16. In case of the unsatisfied negative preconditions P−, similar
procedures are executed (lines 17–27). Every combination of
actions in which each action affects each unsatisfied predicate
directly or through mutex pair is generated as A (line 28).
Finally, the algorithm returns A and M for the calculation in
Algorithm 1 (line 29).

E. Neighborhood Search for Solution With Multiple-Agents

After the process of locally reallocating and reordering actions
followed by logically connecting these actions, we obtain a new
solution Si+1. We consider the new action sequence Si+1 as
a neighbor of the solution Si. For example, starting with the
initial solution S0 that involves a single agent, the above process
generates a new solution S1 where other agents contribute in
performing the actions. The number of neighbors generated in
this process is proportional to the length of the action sequence,
resulting in a substantial number of neighbors for an initial
solution. Therefore, efficient selection of neighbors is essential
to find a better solution with multiple agents.

This type of problem can be categorized as a typical neighbor-
hood search problem. We adopted a basic neighborhood search
algorithm [26] with steepest descent and tabu search for selecting
best neighbors. In each iteration, it selects the action sequence
with the smallest cost as the initial solution and repeats this
process until the stopping condition that no solution with a
smaller cost can be found is met. In addition, it prevents the
search algorithm from revisiting previously visited solutions
during the connection process.

V. EXPERIMENT

In this section, we evaluate the effectiveness of our proposed
method in terms of computation time and the obtained solution
scores. For the sake of fairness, the proposed method is compared
with 4 baseline algorithms that can effectively generate solu-
tions for problems described by PDDL, including POPF2 [10],
TFD [13], STP [12], and SMTPlan+ [14].

POPF2 combines the flexibility of partial-order planning with
the fast forward search, TFD uses context-enhanced additive
heuristics to efficiently guide the search toward the goals, STP
can propagate constraints through the temporal network, SMT-
Plan+ allows us to perform modeling including more com-
plex logic and constraints. These allow them to quickly solve
problems, even in complex scenarios with intricate forms of
concurrency. So they are used as baselines for comparison with
our proposed approach called stepwise large-scale multi-agent

Algorithm 2: Function to Obtain Actions to Change Predi-
cates.

Input:Current state s, Target action to be connected aj ,
Current plangraph level l,

Output:Candidate actions A, Mutex predicate pairs M
1: s̄← P \ s
2: P+ ← pre+(aj)− s
3: P− ← pre−(aj)− s̄
4: Ap ← ∅, M ← ∅
5: O′l ← {a | a ∈ Ol, pre

+(a) ∈ s, pre−(a) ∈ s̄}
6: for pp ∈ P+ do
7: App

← {a | a ∈ O′l, pp ∈ e+(a)}
8: for p+s ∈ s ∩ Pd do
9: if {pp, p+s } ∈MLl

then
10: App

← App
∩ {a | a ∈ O′l, p

+
s ∈ e−(a)}

11: M ←M ∩ {{pp, p+s }}
12: for p−s ∈ s̄ ∩ Pd do
13: if {pp,¬p−s } ∈MLl

then
14: App

← App
∩ {a | a ∈ O′l, p

−
s ∈ e+(a)}

15: M ←M ∩ {{pp,¬p−s }}
16: Ap ← Ap ∪ {App

}
17: for pp ∈ P− do
18: App

← {a | a ∈ O′l, pp ∈ e−(a)}
19: for p+s ∈ s ∩ Pd do
20: if {¬pp, p+s } ∈MLl

then
21: App

← App
∩ {a | a ∈ O′l, p

+
s ∈ e−(a)}

22: M ←M ∩ {{¬pp, p+s }}
23: for p−s ∈ s̄ ∩ Pd do
24: if {¬pp,¬p−s } ∈MLl

then
25: App

← App
∩ {a | a ∈ O′l, p

−
s ∈ e+(a)}

26: M ←M ∩ {{¬pp,¬p−s }}
27: Ap ← Ap ∪ {App

}
28: A← A1 ×A2 × · · · ×Ai × · · · ×An, Ai ∈ Ap

29: return A, M

task planning (SLMTP). Because the problems involve multiple
simultaneous actions with different agents, we set the maximum
number of simultaneous actions handled by STP to 3. All the
result values were obtained by running the experiments on a
computer installed with Ubuntu 20.04 and equipped with a
2.5 GHz AMD Epyc 7513 processor and 512 GB RAM. The
computation time for each method was limited to 1000 seconds.

A. Experimental Setup

Our algorithm is specifically designed to address the task
planning problem involving multiple agents on a large scale.
To evaluate its effectiveness, we have chosen several bench-
mark problems that encompass multi-agent scenarios and si-
multaneous events. These problems include DEPOTS, STORAGE,
FLOORTILE, and ZENOTRAVEL.

In the DEPOTS problem, it is crucial to strike a balance be-
tween optimal routes and efficient loading strategies. STORAGE

requires spatial reasoning to manage different storage areas
effectively. FLOORTILE involves the determination of the best
path for painting robots, taking into account location constraints.
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TABLE I
DESCRIPTION OF BENCHMARK PROBLEMS

TABLE II
COMPARISON BETWEEN OUR METHOD AND THE OTHER METHODS BASED ON SOLVING DIFFERENT BENCHMARK PROBLEMS

ZENOTRAVEL represents a complex variation of the well-known
TSP, where planes can fly at varying speeds with limited fuel.
These problems pose considerable challenges due to the pres-
ence of multiple variables, constraints, and interdependencies
that must be taken into consideration simultaneously. Further-
more, the search space of these benchmark problems can be vast
and can be regarded as large-scale problems.

To select the arguments for reallocation, it should be first
checked if the arguments are related to agents or not. For
example, in DEPOTS, “truck” is the agent executing the action
and is thus reallocated, while the other arguments such as “dis-
tributors” remain fixed. Table I provides the definition of actions
and durations for various benchmark problems, as well as the
instances included in the initial problem and the arguments for
reallocation. The initial solutions for these benchmark domains
were obtained using the POPF2 planner.

B. Results

The evaluation results presented in Table II demonstrate the
effectiveness of the proposed method in terms of computation
time (CPU time) and solution scores with respect to different
benchmark problems. The scores represent the total time needed
for all agents to reach their goals for the given problems, the
smaller its value, the better. The initial solutions refer to the
solutions obtained for the initial problems, “-” indicates that no
solution can be obtained within 1000 seconds, the number after
each benchmark problem name (in parenthesis) is the number of
new agents added to the initial problem. In the case of column
headings related to SLMTP, the number in parenthesis indicates
the value of the hyperparameter h, which is equal to the selected
actions as described in Section IV. SLMTP can stop searching

within the described time limit, while the other methods cannot
even after exceeding the time limit. SMTPlan+ can solve none
of these problems, so we eliminated it from the results.

Results listed in Table II demonstrate that for a given problem,
the time required to obtain a solution increases with the number
of agents owing to the increased complexity of the problem.
Additionally, increasing h in SLMTP increases the total time
required to obtain the final solution, and improve the obtained
results. This is because a larger h increases replaced actions in
the initial solution, and leads to a large number of possible local
reallocations, resulting in increased action sequences that need
to be connected, but also at the same time increases the number
of local optimal solutions. Overall, SLMTP can find solutions
for all these benchmark problems within the time limit, unlike
the other methods.

When adding one agent to the initial problems, SLMTP real-
izes a better than POPF2 with respect to DEPOTS and STORAGE,
achieving a reduction of 60%-80% CPU time. For the FLOORTILE

problem, SLMTP finds a solution with the same score as
POPF2 but with a CPU time reduction of 90%. In the case
of ZENOTRAVEL, SLMTP achieves a slightly higher score than
POPF2 but with a substantial reduction of 60% in the CPU time
required. This is because fuel level made the plangraph more
complicated and the number of reallocations larger. STP can
only find a solution for FLOORTILE, while TFD can find solutions
for FLOORTILE and ZENOTRAVEL quickly owing to its fast heuris-
tics; however, the scores of STP and TFD are worse than those
of POPF2 and SLMTP. When two agents are added to the initial
problems, POPF2 fails to provide solutions for FLOORTILE and
ZENOTRAVEL, whereas SLMTP successfully provides solutions
for all problems. In the case of DEPOTS, SLMTP outperforms
POPF2 with a CPU time reduction of 60% and finds a better
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Fig. 4. Change of CPU time as the number of added agents increased with
different h. Solve ZENOTRAVEL by SLMTP(3) is excluded as it did not stop
searching within the time limit, making it meaningless to compare.

solution. In the case of STORAGE, SLMTP achieves a slightly
higher score than POPF2 and TFD but consumes considerably
lesser CPU time. When three agents are added to the initial
problems, SLMTP continues to deliver near-optimal solutions
for all problems, while POPF2 can only find a solution for
STORAGE and TFD can only find solutions for FLOORTILE and
ZENOTRAVEL.

Furthermore, as the number of agents increases, SLMTP’s
CPU time for these problems gradually increases at a polynomial
level, which should have been 2n×Ω (n is the number of new
added agents, Ω is the average number of searches) times as
the original one, as shown in Fig. 4. This is because the intro-
duced adjacent actions connection algorithm transforms what
used to be a long exhaustive search process into several easier
sub-processes, reducing its time complexity from exponential to
polynomial level. It is also evident from Fig. 4 that ash increases,
CPU time also increases. These results demonstrate that SLMTP
is capable of providing solutions to large-scale problems in a
considerably short time. When a large number of agents are
added, SLMTP takes a long time to find solutions; however,
it still outperforms the other methods that struggle to find any
solution at all.

VI. CONCLUSION

The letter proposes a stepwise multi-agent task planning
method to solve large-scale problems. Instead of solving these
large-scale problems directly, the proposed method begins by
solving a simplified initial problem having a small number
of agents. Based on the solution obtained by solving the ini-
tial problem, the proposed method generates multiple locally
optimal solutions by reordering, reallocating, and connecting
actions. To find a near-optimal solution, the proposed method
combines neighborhood search with tabu search. This approach
helps to refine the locally optimal solutions and improve their
quality. The effectiveness of the proposed method is verified
by solving four benchmark problems. The results show that
the proposed method achieves near-optimal solutions, with a
substantial reduction in computation cost (60%–80%) compared
to the other state-of-the-art methods. The versatility of the pro-
posed method can be increased if the method can be dynamically
adjusted based on the environment change. This concept will be
investigated in our future research.
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