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Abstract—Multi-agent path finding (MAPF) is a critical prob-
lem in applications such as warehouse automation and au-
tonomous driving. In real-world settings, multiple conflicting
objectives, such as minimizing path length and ensuring safety,
often must be optimized simultaneously, motivating the study of
multi-objective MAPF (MOMAPF). However, existing MOMAPF
approaches suffer from severe scalability limitations as the num-
ber of agents and the environment size increase. To address this
challenge, we propose Two-Stage Evolutionary MOMAPF (TSE-
MOMAPF), which optimizes a single agent’s path via NSGA-II
and refines the path set using an SMS-EMOA-based framework.
Experiments on various grid maps show that the proposed
method achieves superior scalability and provides broader Pareto
front coverage in medium- and large-scale scenarios compared
to an existing method. These results indicate that the proposed
evolutionary framework effectively balances solution diversity
and computational efficiency under strict time constraints.

Index Terms—Multi-objective optimization, evolutionary algo-
rithms, multi-objective multi-agent path finding, path planning

I. INTRODUCTION

Multi-agent path finding (MAPF) is the problem of obtain-
ing a set of collision-free paths that connect the respective
start and goal positions of multiple agents [1], [2]. MAPF
has attracted significant attention due to its wide range of
applications, including warehouse automation using transport
robots [3] and autonomous vehicle driving [4].

In real-world settings, MAPF often involves multiple con-
flicting objectives, such as minimizing path length and en-
suring path safety. This study, therefore, focuses on multi-
objective MAPF (MOMAPF) [5], which generalizes MAPF to
handle multiple objectives. A notable approach for MOMAPF
is multi-objective conflict-based search (MO-CBS) [6], which
extends the conflict-based search (CBS) framework [7] from
single-objective to a multi-objective optimization. However, it
suffers from exponential growth in the search space, hindering
efficiency in large-scale environments.

To address this challenge, we propose a novel method
for solving MOMAPF using multi-objective evolutionary al-
gorithms (MOEAs) [8]. Our method aims to overcome the
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inefficiencies of conventional approaches and to discover high-
quality Pareto solutions within a realistic running time.

To investigate the effectiveness of the proposed method,
we conduct experiments comparing it with MO-CBS under
identical time constraints across four grid-based maps of
varying sizes and numbers of agents.

II. PROBLEM FORMULATION

In MOMAPF, we define A = {1, 2, . . . , N} as a set of N
agents placed in a 2D space. This 2D space is defined as a
grid map G where cells are connected in four directions.

Each agent i ∈ A has a start position si and a goal position
gi, and all agents start moving at time t = 0. An agent can
move to one of the four neighboring grid cells in each time
unit. πi (i ∈ {1, 2, . . . , N}) represents the path for agent i
from si to gi expressed as πi =

{
si, pi1, p

i
2, . . . , g

i
}

, where
pik represents the coordinates of agent i at time k. The set of
paths for all agents, π =

{
π1, π2, . . . , πN

}
, is one solution

for MOMAPF.

A. Constraints

A solution π must satisfy the constraint that no conflicts
occur between any pair of agents i ̸= j. Solutions with one or
more conflicts are regarded as infeasible. Conflicts are defined
by two patterns: vertex conflicts and edge conflicts. A vertex
conflict occurs when two agents occupy the same coordinate
p at the same time t. An edge conflict occurs when two agents
pass through the same edge from opposite directions between
time t and t+ 1.

B. Objectives

The MOMAPF search considers M different
objectives. Each objective is defined using a function
fm (m ∈ {1, 2, . . . ,M}), and the multi-objective function F
to be minimized is defined as:

minimize F (π) = (f1 (π) , f2 (π) , . . . , fM (π)) (1)

Since MOMAPF is a multi-objective optimization problem,
solution dominance is defined by comparing their correspond-
ing objective function vectors. Given two solutions πa and
πb, along with their objective function vectors F (πa) and



F (πb), πa is defined to dominate πb (denoted as πa ≺ πb) if
fm (πa) ≤ fm (πb) for all objectives and fm (πa) < fm (πb)
for at least one objective. Conversely, if two solutions do
not dominate each other, they are defined as non-dominated.
The Pareto optimal solution set (POS) refers to the set of
non-dominated solutions that are not dominated by any other
solution among all feasible solutions Λ, which is defined as:

POS = {π∗ ∈ Λ | ∀ π′ ∈ Λ, π′ ̸≺ π∗} (2)

In the context of MOMAPF, the goal is to compute a
diverse set of collision-free (i.e., feasible) Pareto-optimal path
solutions within realistic time constraints.

While optimizing a single agent’s path is common,
MAPF requires solving this problem for multiple agents and
then detecting and resolving conflicts. Furthermore, Pareto-
optimal solutions must be considered at both the single- and
multi-agent optimization levels. These characteristics make
MOMAPF challenging for EAs or heuristics.

III. PREVIOUS WORK: MO-CBS

MO-CBS [6] has been proposed as a conventional method
for MOMAPF. MO-CBS is an algorithm that extends the CBS
framework [7], which addresses single-objective MAPF, to
multi-objective optimization. Similar to CBS, it is character-
ized by a two-stage search process: a low-level search and a
high-level search. MO-CBS processes are described below.

A. Low-Level Search

In the low-level search, path planning is conducted for a
single agent i. This path planning is subject to a constraint
set Ωi provided by the high-level search to avoid conflicts
with other agents. From the paths that satisfy all constraints,
a Pareto optimal path set Πi

∗ =
{
πi
a, π

i
b, . . .

}
is calculated.

For path generation, an existing multi-objective path planning
algorithm for a single agent, such as NAMOA*-dr [9], is used.
In particular, for two objectives, BOA* [10], an expedited
version of NAMOA*-dr, is used.

B. High-Level Search

In the high-level search, a tree structure is used to resolve
conflicts among agents using the CBS framework. Each node
in the tree consists of P = {π, F (π),Ω}. F (π) represents the
objective function value vector of solution π, and Ω represents
the set of constraints imposed on this node. Each node is added
to a priority queue OPEN , which is sorted lexicographically
based on mutually non-dominated objective function value
vectors F (π). When executing the search, one node P is
selected from the queue. If a conflict is found in the solution π
of the selected node, constraints are generated for each agent to
avoid the conflict. After splitting the node, a low-level search
is performed on each resulting node to update π. If no conflict
exists in the solution, the solution π and its objective function
value vector F (π) are added to the solution set C.

C. Algorithm of MO-CBS

In MO-CBS, the initial path set Πi
0 for agent i is gener-

ated using the algorithms employed in the low-level search
(NAMOA*-dr or BOA*). An initial solution set Π0 ={
π0|π0 =

(
π1
0 , π

2
0 , . . . , π

N
0

)
, πi

0 ∈ Πi
0

}
is then created by con-

sidering all possible combinations of paths from the initial path
sets of all agents. For each of these solutions π0 ∈ Π0, a node
P is generated and added to OPEN . This node contains the
corresponding objective function value vector F (π) and an
empty constraint set Ω = ∅.

After initializing OPEN , the high-level and low-level
searches are repeated alternately until OPEN becomes empty.
When adding solution π and its objective function value vector
F (π) to the solution set C during the high-level search, any
objective function value vectors within C that are dominated
by F (π) are removed. Consequently, only non-dominated
solutions remain in the solution set C at the end of the search.
Conversely, if a solution that dominates the objective function
vector F (π) already exists in the solution set C, it is not added.
This ensures that the solution set C becomes the Pareto optimal
solution set upon completion of the search.

IV. PROPOSED METHOD

MO-CBS becomes inefficient as the problem scale in-
creases, for example, in the number of agents or the environ-
ment size. To address this issue, this study proposes a novel
approach for solving MOMAPF, named Two-Stage Evolution-
ary MOMAPF (TSE-MOMAPF), that ensures scalability for
large-scale problems by incorporating MOEAs.

The proposed method consists of two stages: the first
optimizes the path of a single agent, πi, and the second
optimizes the set of paths, π. This approach is motivated by
the complexity of simultaneously optimizing the paths of all
agents. Instead, our method refines the path set π by modifying
the path of a single agent, πi, in a manner similar to a mutation
process. The processes of the algorithm are described below.

A. Initialization

At the beginning of TSE-MOMAPF, each agent’s path set,
Πi, is initialized. The initialization process is shown in Alg. 1.

First, the minimum-cost path for each objective m is
computed backward from the goal point gi using Dijkstra’s
algorithm to determine the minimum-cost path from any
location on the map to gi. The map area used for this search
is restricted to a rectangle with vertices at the start point si

and the goal point gi of agent i, expanded by a fixed distance
D. This improves the efficiency of the initialization process
for large-scale problems.

Subsequently, a path is constructed from the start point si

to the goal point gi by following the minimum cost path πi
m.

During this process, randomness is introduced by selecting
paths other than the minimum cost path, including backtrack-
ing paths, with a constant probability Pdev . This approach
is inspired by the algorithm proposed by Eppstein [11] and
ensures both path quality and randomness.



Algorithm 1 Pseudo-code of single agent path set initialization

Input: si, gi, D, Pdev

Output: Πi

1: G′ ← Area in G limited by si, gi, and D
2: for Each objective m do
3: Calculate minimum cost path from v′ ∈ G′ to gi

4: πi
m ← Minimum cost path from si to gi

5: for ⌊Ns/M⌋ or ⌈Ns/M⌉ do
6: πi ← Deviate from πi

m with Pdev

7: Πi ← Πi ∪ {πi}
8: end for
9: end for

10: return Πi

For each objective, either ⌊Ns/M⌋ or ⌈Ns/M⌉ paths are
generated such that

∣∣Πi
∣∣ = Ns. The decision of which number

of paths to generate for each objective is made randomly.

B. Optimizing Single Agent Path

NSGA-II, a widely used MOEA for bi- or three-objective
optimizations, is employed to optimize the path πi of a single
agent. This single-agent optimization is employed during ini-
tial solution generation and as a mutation operator to optimize
multi-agent path sets (as described in Section IV-C).

1) Crossover: The crossover between two paths depends
on the number of locations at which agents pass through
the same coordinate p at the same time t. Fig. 1a through
Fig. 1c illustrate these crossover methods: the start and end
points of the paths are represented by circles and squares,
respectively, while the aforementioned locations are indicated
by star symbols. If there are two or more shared locations,
two points are randomly selected, and a two-point crossover
is applied as shown in Fig. 1a. If there is only one shared
location, a one-point crossover is used as shown in Fig. 1b.
If there are no shared locations, one random point is chosen
from each path, and a path synthesis crossover is performed to
connect these two points as shown in Fig. 1c. The connecting
path is generated to minimize the cost of a randomly selected
single objective. Fig. 1c shows the resulting path when the
path length is minimized.

2) Mutation: The mutation involves selecting two random
points in the path and mutating the segment between them.
The new path segment is generated to minimize the cost of
a randomly selected single objective. Fig. 1d illustrates an
example of the mutation, where two randomly selected points
are indicated by star symbols and connected so that the path
length is minimized.

3) Algorithm of Single Agent Optimization: Alg. 2 shows
the optimization algorithm for a single agent path πi. The
optimization loop from line 2 to line 5 is repeated for a spec-
ified number of generations, as per the NSGA-II framework.
For the offspring generation in line 3, crossover and mutation
are employed. As in NSGA-II, both parent selection in line
3 and survival selection in line 4 use non-dominated sorting
and crowding distance. Finally, in line 7, non-dominated

(a) Two point crossover (b) One point crossover

(c) Path synthesis crossover (d) An example of mutation

Fig. 1: Examples of crossovers and mutation

Algorithm 2 Pseudo-code of single agent path optimization

Input: Πi

Output: Si,Πi

1: P ← Πi ▷ Inherit initial path set
2: repeat
3: Q ← Generate offspring from P using crossover and

mutation
4: P ← Select next population from P ∪ Q using non-

dominated sorting and crowding distance
5: until Termination condition is met
6: Πi ← P
7: Si ← Non-dominated solutions in P
8: return Si,Πi

solutions are selected from the final population P to form
the algorithm’s output solution set Si.

C. Optimizing Multiple Agent Path Set

The optimization of the path set π is inspired by SMS-
EMOA [12]. We employ SMS-EMOA because its steady-state
update structure—where a fixed-size population is maintained
by incrementally incorporating new offspring—naturally fits
our method, in which modifying a single agent’s path yields a
variable number of new candidate solutions that must be selec-
tively merged into the population based on HV contribution.
The individual processes are described below.

1) Initialization: After executing Alg. 1 for all agents
and initializing the path sets Πi, the solution set Π =
{π1, π2, . . . , πNm

}, which combines the paths of all agents,
is initialized. Each solution πk =

{
π1
k, π

2
k, . . . , π

N
k |πi

k ∈ Πi
}

is constructed by combining randomly selected paths, one
for each agent, from its corresponding generated path sets
Πi. After selecting the paths, the conflicts among agents is
checked. If any conflicts exist, the solution is discarded, and
new combinations are generated until |Π| = Nm is satisfied.

2) Offspring Generation: One solution πk ={
π1
k, π

2
k, . . . , π

N
k

}
is randomly selected from the population

Π = {π1, π2, . . . , πNm
} and used as a parent to generate

offspring. An agent i ∈ A is chosen from the parent πk, and
the single agent path optimization in Alg. 2 is executed for
this agent. To improve search efficiency, the existing path set
Πi for agent i is utilized as the initial population for this



optimization. This process results in an updated path set Πi

and its non-dominated set Si.
Next, each path πi

new ∈ Si is used to create offspring
πnew = (πk \{πi

k})∪{πi
new} by replacing the path of agent i.

If πnew contains any conflicts, it is excluded; otherwise, it is
added to the candidate population P ′ for the next generation.

3) Survival Selection: The next generation Πnew is selected
from the candidate population P ′ such that |Πnew| = Nm.

First, non-dominated sorting is performed on the pop-
ulation P ′ to classify individuals into several ranks{
F1,F2, . . . |

(
π(a), π(b), . . .

)
∈ Fk

}
based on Pareto optimal-

ity. Individuals are added to the next generation Πnew starting
from the best rank F1. If adding the entire population of
rank Fk results in |Πnew| > Nm, individuals are selected
from Fk until the condition |Πnew| = Nm is met. For the
population truncation, the hypervolume (HV) contribution is
used as the selection criterion. This metric quantifies each
individual’s contribution to the total HV of the Pareto front.
When calculating HV contribution, the objective function
values are normalized to the range [0, 1], and the reference
point is set to 1.1 for all objectives. Individuals are added
to Πnew one by one, starting with the one that exhibits the
largest contribution. The new population Πnew is used as the
next population Π. Finally, the non-dominated solution set S
serves as the final solution of the algorithm.

4) Algorithm of Multi-agent Optimization: Alg. 3 shows the
optimization algorithm for solution π. Lines 1 and 2 describe
the initialization of the path set Πi for each agent, and the
solution set Π. From lines 3 to 13, offspring πnew having no
conflicts are generated and added to the population P ′. Lines
14 to 25 involve the survival selection using non-dominated
sorting and HV contribution.

V. EXPERIMENT

To evaluate the effectiveness of TSE-MOMAPF, experi-
ments are conducted to compare it with MO-CBS.

A. Problem Settings

The experiment focuses on MOMAPF on a grid map G. The
grid maps G and the start, and goal points

(
si, gi

)
are obtained

from the “random” category of the existing MAPF dataset [2].
In this dataset, obstacles on the map are placed on each grid
cell with a 10% probability, and the start and goal points
for each agent are generated by randomly selecting reachable
locations on the map. Three map sizes are used for map G:
32× 32 grids, 64× 64 grids, and 96× 96 grids. These maps
are subsequently referred to as G32, G64, and G96. For G32
and G64, the existing datasets are utilized. On the other hand,
since a G96 dataset is not provided, it is generated according
to the previous study [2]. The number of agents N is set to
N = 10 for G32 and G96, while two settings, N = 10 and
N = 15, are considered for G64.

In this experiment, two objectives are considered: path
length (Efficiency) and path cost (Safety). The path length
is the sum of the time steps t required for all agents to reach
their goals, and the path cost is the total risk of the grids each

Algorithm 3 Pseudo-code of multi-agent path optimization

Output: Optimized non-dominated solutions S
1: Πi ←Initialize each agent’s path using Alg. 1
2: Π←Initialize population by randomly combining πi ∈ Πi

3: repeat
4: Choose random path set πk ∈ Π
5: Choose random agent path πi

k ∈ πk

6: P ′ ← Π
7: Si,Πi ← Optimize single agent πi using Alg. 2 initial-

ized with Πi

8: for all πi
new ∈ Si do

9: πnew ←
(
πk \

{
πi
k

})
∪
{
πi
new

}
10: if π does not have conflict then
11: P ′ ← P ′ ∪ {πnew}
12: end if
13: end for
14: F1,F2, · · · ← Non-dominated sort(P ′)
15: Πnew ← ∅
16: for all Fi ∈ {F1,F2, . . . } do
17: if |Fi ∪Πnew| ≤ Nm then
18: Πnew ← Fi ∪Πnew

19: else
20: Calculate HV contributions for all solutions in Fi

21: F ′
i ← Select solutions having top Nm − |Πnew|

HV contributions
22: Πnew ← Πnew ∪ F ′

i

23: end if
24: end for
25: Π← Πnew

26: S ← Non-dominated solutions in Π ∪ S
27: until Termination condition is met
28: return S

agent traverses. The risk of each grid is calculated as the sum
of the number of obstacles in the eight surrounding grids. This
setting is identical to the previous study [6].

B. Parameters

The number of path sets for each agent in the first stage
optimization is set to Ns = 30, and the number of path sets for
all agents in the second stage optimization is Nm = 50. The
search range during initialization is D = 3, and the probability
for initial path generation is Pdev = 0.2. The crossover and
mutation rates of NSGA-II are set to 0.9 and 0.1, respectively.

C. Evaluation Criteria

To evaluate both methods fairly, the execution time is
fixed at 3,600 seconds, and the resulting final solution sets
are evaluated using HV. For the proposed method, the HV
values are the average of 5 trials, whereas a single trial is
conducted for MO-CBS because it is a deterministic method.
Each objective value is normalized to the range [0, 1] using the
maximum and minimum values observed in the non-dominated
solution sets across all generations in each trial. Finally, the
HV is calculated using a reference point of (1.1, 1.1).
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0 600 1200 1800 2400 3000 3600
Optimization time (sec)

0.0

0.2

0.4

0.6

0.8

1.0

H
yp

er
vo

lu
m

e
Proposed (HV=0.9599)
MO-CBS (HV=0.7797)
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Fig. 2: Transition of HV calculated at 100-second intervals

VI. RESULT

Fig. 2 shows the transitions of the HV values for the ob-
tained non-dominated solution sets, calculated at 100-second
intervals. The numerical values in the legend indicate the HV
values for each method at 3,600 seconds. For the proposed
method, the HV values obtained in each trial are represented
by thin lines, while their average is shown as a bold line.

As shown in Fig. 2, MO-CBS terminates within 100 seconds
and finds POS for the small-scale G32 map. Throughout
the entire 3,600-second time horizon, MO-CBS consistently
maintains a higher HV value than the proposed method.

In contrast, for the larger G64 and G96 maps, the proposed
method surpasses MO-CBS in HV early in the search and
outperforms it thereafter. Although MO-CBS initially achieves
relatively high HV values, both algorithms exhibit HV values
that are lower than their final results in the early stage, as the
search space has not yet been sufficiently explored.

Furthermore, the proposed method attains HV values com-
parable to its final performance from the early phases of
optimization. These results indicate that the proposed method
delivers solutions with stable and consistent quality throughout
the search process.

Fig. 3 shows the final non-dominated solution sets. The
horizontal axis indicates the path length (Efficiency), and the
vertical axis indicates the path cost (Safety). The results of the
proposed method from five trials are shown as colored points,
while those of MO-CBS are shown as black points.

As shown in Fig. 3, MO-CBS finds a better Pareto front
than the proposed method in G32. On the other hand, MO-
CBS failed to obtain the entire Pareto front in G64 and G96.
In contrast, the proposed method finds solutions over a wider
range of the objective space than MO-CBS does in G64 and
G96. In particular, the proposed method finds safer but less
efficient paths in the lower-right region that MO-CBS does not
find. This result stems from the fact that MO-CBS performs
the search in lexicographical order, which causes optimization
to proceed from the region where the path length is minimized.

250 300 350
Efficiency

60

80

100

Sa
fe

ty

Proposed
MO-CBS

(a) G32, N = 10

500 600 700
Efficiency

50

75

100

125

150

175

Sa
fe

ty

Proposed
MO-CBS

(b) G64, N = 10

700 800 900 1000
Efficiency

50

100

150

200

Sa
fe

ty

Proposed
MO-CBS

(c) G64, N = 15

700 800 900
Efficiency

100

150

200

250

Sa
fe

ty

Proposed
MO-CBS

(d) G96, N = 10

Fig. 3: Non-dominated solution set obtained by two methods

This difference becomes more pronounced as the problem
scale increases. In G64, the difference is larger for N = 15
than for N = 10, and, for the same number of agents, it is
larger in G96 than in G64. These results demonstrate the high
scalability of the proposed method for large-scale problems.

Fig. 4 shows the paths of each agent for three solutions
obtained by the proposed method in a scenario with the G64
map and N = 10 agents (Fig. 3b): specifically, the solutions
with the minimum path length, the minimum path cost, and
an intermediate solution are illustrated, respectively. In Fig. 4,
black cells indicate the obstacles.

From Fig. 4, we see that the proposed method finds paths for
each objective. In the solution where path length is minimized
(Fig. 4a), agents follow the shortest path even if it involves
grids near high-cost obstacles. In contrast, in the solution
where path cost is minimized (Fig. 4c), agents take routes
that detour around high-cost grids. For example, the agent
indicated by the red line in Fig. 4a follows a linear path by
accepting an increase in path cost when the path length is
minimized. Conversely, when the path cost is minimized, the
agent indicated by the red line in Fig. 4c follows a significantly
longer detouring route. The intermediate solution (Fig. 4b) lies
between the two. As a result, the balance between path length
and path cost varies across solutions.

VII. DISCUSSION

Experimental results revealed that the proposed method
achieves high performance in obtaining a comprehensive
Pareto front within a fixed runtime, even for large-scale prob-
lems. The factors contributing to these results are discussed
from two perspectives: scalability and solution diversity.

A. High Scalability

MO-CBS showed a tendency for solution quality to de-
crease compared to the proposed method as the problem size



(a) Minimum path length solution
(Efficiently: 66, Safety: 20)

(b) Intermediate solution
(Efficiently: 86, Safety: 10)

(c) Minimum path cost solution
(Efficiently: 142, Safety: 5)

Fig. 4: Example of path sets obtained by the proposed method in G64 and N = 10

increased. This is due to the structure of MO-CBS, which
explicitly detects and resolves conflicts among agents during
high-level search. Specifically, as the number of agents N
increases, the number of conflicts to resolve grows, leading
to a significantly larger search tree.

In contrast, the proposed method is based on EAs and
probabilistically searches for promising regions. It also in-
cludes processes to reduce the problem scale, such as limiting
the search range during initialization and removing infeasible
solutions that contain conflicts. These structural differences
make the algorithm computationally efficient even as the
problem scale grows, contributing to high scalability.

B. Diversity of Solutions

The solution set S produced by the proposed method yields
a more comprehensive Pareto front in the search space than
MO-CBS. This result stems from the fact that MO-CBS
searches in lexicographical order of costs, leading to biased
solutions during execution and preventing the algorithm from
covering the entire Pareto front. This bias in MO-CBS is
evident in the results for G64 and G96 in Fig. 3.

In contrast, the proposed method is based on EAs and
explores the entire objective space simultaneously through a
population-based search. As a result, it maintains a set of
solutions that cover the entire Pareto front at any stage of the
algorithm, allowing it to provide solutions across a wide range
of the objective space within any given time. This difference
helps ensure solution diversity within a limited running time.

VIII. CONCLUSION

This study proposed a novel method, TSE-MOMAPF, for
solving large-scale MOMAPF problems within a realistic time
frame. Experimental results demonstrated that the proposed
method obtains higher-quality Pareto solutions under time
constraints than MO-CBS. Specifically, the proposed method
demonstrated strong scalability for large-scale problems, such
as those with more agents or a larger map.

Future work will involve improving the proposed method
to further enhance scalability. For example, while the current
approach removes infeasible solutions that contain conflicts,

we will investigate techniques to utilize these solutions to
reach high-quality feasible solutions.
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