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Abstract—In this paper, we extend the scalable multi-agent
pathfinding problem to modifiable environments. Instead of
only finding collision-free paths, agents collaboratively alter
the environment to transform it to a predefined target state.
Applications of this problem include smart warehousing, terrain
leveling, autonomous mining, and automated construction. We
introduce a scalable simulation environment for such tasks and
propose an evolutionary optimization approach. Two experiments
are conducted: (1) analyzing the effect of the number of agents on
task performance and (2) comparing the performance of different
crossover operators. We propose a new two-level crossover
operator acting on different layers of the gene encoding and
compare it with two one-level operators. Results indicate that
more agents reduce the task completion time, but fewer agents
yield more consistent solutions with better objective values due
to the collision constraints. Moreover, the introduced two-level
crossover operator achieves significantly better objective values
than both one-level operators in most problem instances.

Index Terms—Crossover Operators, Evolutionary Algorithms,
Modifiable Environments, Multi-Agent Pathfinding,

I. INTRODUCTION

The problem of multi-agent pathfinding (MAPF) finds appli-
cation in many domains, such as robotics, autonomous naviga-
tion and transportation systems, and games. In these domains,
multiple agents, for example, robots or drones, navigate a
shared environment and fulfill their designated tasks within,
while avoiding collisions with the other agents. The tasks of
the agents in these environments can be as simple as reaching
a specific location (navigation), picking up and dropping off
specific items within the environment (warehouse logistics), or
altering the environment (terrain leveling). Many solutions to
the MAPF problem involve the agents communicating with
each other to avoid collisions and divide the tasks. This
communication can be challenging and comes with many
problems. If individual robots fail to communicate correctly,
this can lead to collisions of the agents or, in general, unwanted
and potentially dangerous behavior. In the first part of this
paper, we introduce the problem of multi-agent navigation
in modifiable environments, where the agents have to alter
their surroundings in a specific way while avoiding collisions,
which is comparable to robots moving shelves in a warehouse.
We propose to approach this adaptation of the MAPF problem
offline by globally optimizing the paths and actions of the
agents before the agents start to navigate through the envi-
ronment, with the use of evolutionary algorithms (EAs). This
avoids the need for communication between the agents and the

risks and challenges that come with it. Secondly, we evaluate
new, problem-specific crossover operators on this optimization
task. In EAs, the crossover operator creates new individuals
by recombining the genes of two or more parent individuals.
This can lead to a more diverse population by exploring the
search space more thoroughly. Next to the mutation operator,
the crossover operator is a key to the success of an EA
in finding optimal solutions. Therefore, it is important to
develop problem-specific crossover operators when trying to
solve new problems with the evolutionary approach. The main
contributions of this paper are threefold: first, we introduce a
simulation environment for the scalable multi-agent navigation
problem in modifiable environments. Second, a solution ap-
proach based on evolutionary single-objective optimization is
formulated and applied to the problem. And third, we compare
a novel two-level crossover operator with two different one-
level crossover operators on the introduced problem, including
an ablation study. With these contributions, we aim to answer
two questions. Firstly, how does the number of agents used
simultaneously influence the problem-solving capabilities of
the evolutionary approach on the modification task? And
secondly, what is the influence of the proposed crossover
operators on the optimization process?

II. RELATED WORK

Pathfinding has been extensively studied, with the shortest
path problem being one of the most prominent. In it, agents
are tasked with finding the shortest possible route between
two or more points in an environment. This problem has been
extended to optimize multiple objectives simultaneously and
use multiple agents to do so [1]-[3]. Many solution approaches
to these problem variations of the shortest path problem have
been introduced in the past, as summarized in [4]. The multi-
agent pathfinding problem involves multiple agents navigating
a shared environment while avoiding collisions and finding
the shortest path between waypoints [5]. In addition to the
multi-agent pathfinding and the shortest path problem, other
closely related problems have been formulated as well, such
as the pick-up and delivery problem (PD). It finds application,
e.g., in warehouse logistics, where fleets of robots navigate the
warehouse to collect and deliver the necessary items, boxes, or
shelves [6], [7]. In [8], the authors extended the multi-agent PD
problem to allow robots to alter the layout of the environment
so that the PD task can be fulfilled more efficiently. Another



study extends MAPF to configurable environments, where
agents must find the shortest collision-free path across different
environments [9].

In contrast to the aforementioned tasks of the agents and
their respective environments’ characteristics, we propose to
extend MAPF to modifiable environments. Here, agents them-
selves must actively alter the environment in specific ways
without colliding to fulfill the task. To the best of our knowl-
edge, this has not been studied before, and no comparable
benchmark problems in the domain of MAPF exist. Practical
applications of this new problem include smart warehousing,
where shelves or crates have to be rearranged in limited space,
or terrain leveling and renaturation, where soil has to be
removed from and moved to specific locations. In all of these
examples, the goal is to change the environment in a specific
way. In addition to introducing a simulation environment for
multi-agent navigation in modifiable environments, we present
a solution approach based on evolutionary optimization and
compare the performance of different crossover operators.
EAs have proven to be capable of solving a wide range of
pathfinding problems [10], [11]. The crossover operator in an
EA generates new solutions by recombining genes from two
or more parent solutions. It is argued to be one of the most
important aspects of an EA [12]. Many crossover operators
have been introduced in the past, such as a one-point crossover,
uniform crossover, or partially mapped crossover, to name a
few. For a detailed explanation of different crossover operators,
see [13]. With our proposed encoding of an individual in the
population of an EA, we have two different levels in one
gene sequence: the agents themselves and the paths and action
sequences of the different agents within one individual. The
crossover operator can be applied to these different levels.

III. MULTI-AGENT NAVIGATION IN MODIFIABLE
ENVIRONMENTS

In the multi-agent navigation problem in modifiable en-
vironments, agents navigate through a shared environment.
We model the environment as a scalable grid world. This
environment is filled with randomly placed, movable obstacles.
The goal is to change the environment from a random obstacle
distribution to a certain target distribution of obstacles.

We use the terms environment and map as synonyms
throughout this paper. Each random start map has the same
number of obstacles as the target map to ensure that the
task is always solvable. The task is considered complete once
the environment has been transformed into the desired shape,
without regard to the agents’ final positions. The agents use the
Von-Neumann neighborhood to traverse the environment. They
have the following three options to interact with the obstacles.
(1) They can pick up an obstacle from their current location,
(2) drop off an obstacle at their current position, or (3) navigate
through the environment while carrying or not carrying an
obstacle. This enables the agents to redistribute the obstacles,
modifying their environment, as shown in Figure 1.

There are a number of limitations as to how the agents can
interact with the obstacles. If an agent is already carrying an
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Fig. 1. Problem Description. The faded blue obstacles indicate previous

positions of obstacles. A: Start with randomly distributed obstacles; B: Agents
interact with the environment and move around obstacles; C: Target state. Z:
Zoom in on one agent picking up and dropping off an obstacle.

obstacle, or if there is no obstacle at the current position of
the agent, it cannot pick up an obstacle. Moreover, an agent
can only place an obstacle on a free cell in the environment,
and only if that agent is currently carrying an obstacle. Instead
of each agent having complete knowledge of the target envi-
ronment, it only has knowledge about whether there should
be an obstacle at its current position or not. Therefore, the
agent only picks up an obstacle from a cell if that cell has
to be obstacle-free and only drops off an obstacle to a cell
if there has to be an obstacle at that cell. Scenarios in which
multiple agents try to pick up the same obstacle or drop off
obstacles to the same cell at the same time are handled by
the collision constraint, making these solutions infeasible. We
consider three different target environment types: the river,
the checkerboard, and the circular environment, as shown
in Figure 2. These environments are encoded as scalable,
quadratic grid worlds. The target environments are designed to
be of different difficulties to determine how each problem is
solved by our solution approach. Each cell in the environment
can hold a value of 1, representing an obstacle on that
cell (black cells), or a 0, representing an empty cell (white
cells). There cannot be more than one obstacle in each cell.
These maps are deliberately simplified and are not intended to
reflect real-world conditions, but rather to enable a controlled
evaluation of the proposed approach. The starting positions of
the agents are determined based on the total number of agents.
If there is only a single agent, it is positioned at the center
of the map’s height on the far-left side. If there is more than
one agent, we only consider even numbers of agents. Half of
the agents are evenly spaced along the left side of the map,
and the other half are symmetrically placed on the right side.
Our framework for this problem is scalable in the number of
agents and in the size of the environment.

IV. OPTIMIZATION APPROACH

Evolutionary algorithms optimize a population of solutions
to a problem iteratively over generations using selection mech-
anisms, genetic operators, and objective functions [14]. In this
work, we used pymoo [15] to apply this optimization approach



River Environment Checkerboard Environment  Circular Environment

Size of H E E E n

Environment: 11 Cells

- H ﬂ n

25 Cells

Fig. 2. Target environments with 3 different patterns in two different sizes.

to our problem. Therefore, an encoding for the solutions to our
problem is developed, and the objectives and constraints are
defined. We also describe the sampling and mutation operators
and focus on describing the new two-level crossover operator.
Encoding: An individual X is a list of [V agents:

X = [agenty, agents, ..., agent N] (1)

each agent follows a path of length M. The paths’ positions as
well as the interactions with obstacles are encoded at discrete
time steps. An agent is represented as a sequence of genes
gm for m € [0, ..., M] where each gene encodes the agent’s
current position [Z,,, y,] and the action a,, performed at that
position. The possible actions are encoded as: a,, = 1: pick up
an obstacle, a,, = —1: drop off an obstacle, and a,, = 0: no
interaction with obstacles. Therefore, a single gene is encoded
as a list.

gm = [[xma ym]a am} ()

Each agent’s path must fulfill two conditions: first, the se-
quence of genes defines a fully connected path, meaning that
consecutive positions [, Y] and [Zy,+1, Ym+1] must either
be adjacent cells in the environment (moving up, down, left, or
right) or the same cell, as we allow agents to stay in the same
position over multiple time steps. Secondly, each agent follows
a path with a fixed length of M steps. As an alternative to this
encoding, it is also possible to save the sequence of movement
directions, which would be more memory efficient. However,
this representation would increase the computational cost of
collision detection, as the agents’ positions would first need
to be reconstructed from the direction sequences.

Map Difference Objective: During the optimization pro-
cess, we minimize the objective map difference. It describes
the difference between a resulting map R, which is the
start map after the agents of an individual traversed and
redistributed the obstacles on it, and the target map 1" with
T,R € {0,1}>W T, . and R, , are 1 if there is an obstacle
on (x,y), otherwise 0. We calculate the map difference as the
absolute difference between the two maps normalized with the
map dimensions H and W as shown in Equation 3.

1 H W
FR) = 257 22D [Rasy = Ty 3)
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Collision Constraint: A collision can occur in two different
ways. First, if two different agents ¢ and j of one individual
are at the same position on the map at the same time as defined
in the collision condition in Equation 4.

[mi,nu yz,m] = [xj,mv yj,m]a for ¢ 7é j (4)

Therefore, collision-free individuals must fulfill the following
condition as defined in 5.

Vi, je{l,... N},Vme {1,.., M},
i #J = [xi,m7yi,m] 7é [«Tj,m,yj,m}

Second, a collision also occurs if two neighboring agents swap
positions in the next time step. The swap collision condition
for two agents’ paths p; and p; is defined in Equation 6.

AN pi(m)=pi(m+1) (6)

An individual is only feasible if it has a constraint violation
of zero, meaning there are no collisions.

Sampling: We use polygonal chains to sample the initial
paths for each agent in each individual. From the fixed
starting position, we sample a random cell anywhere in the
environment and connect the start point to the sampled cell
using the shortest path between the two points. Once this
connection is made, we sample another random cell and extend
the path by connecting it to the previous endpoint, again using
the shortest path. This is done until the desired path length
is reached. If the total path length exceeds the allowed path
length, we truncate the path at the end. Each cell in the path
also requires an action to be carried out at that cell, either 0,
1, or —1. For each action in this action sequence, we define a
fixed probability p of the action being an interacting action
(pick up or drop off), and with the probability 1 — p, the
action will be an idle action, which does not interact with
the environment. To avoid creating invalid actions, we decide
on the next interacting action based on the previous interacting
action, meaning if the last interacting action was a pickup, the
next will be a drop-off action, and vice versa.

Mutation: First, we randomly determine how many of the
agents within one individual are being mutated. At least one
agent and, at maximum, all agents of one individual will be
mutated. The agents to be mutated are then selected based on
how many invalid actions they try to carry out. This way it
is more likely that worse agents are mutated. For each of the
selected agents, we choose with equal probabilities whether
only the path, only the action sequence, or both are being
mutated. If both are to be mutated, we first carry out the path
mutation followed by the action sequence mutation.

Path Mutation: The path mutation utilized in this optimiza-
tion process is based on the perimeter mutation proposed in
[16] and is adapted to fit our problem description. The path of
the agent is split at two distinct cutoff points. A random point
is then sampled anywhere in the environment. Both cutoff
points are then reconnected to the sampled point using the
shortest path. Since we use a fixed-length encoding for our
individuals, this approach can result in paths that are either
too short or too long. If a path exceeds the desired length, it

(&)
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is truncated at the end. If it is too short, a randomly generated
path segment is appended to the end of the original path to
maintain the desired path length. The shortest paths connecting
the cutoff points to the randomly sampled point, as well as the
random path segment added to the end of too-short paths, also
require action sequences. Therefore, for each gene, an action
is appended to each position in the path in the same way that
it is done during the initial sampling.

Action Mutation: To alter the action sequence of an agent,
we first relocate non-idle actions. First, a non-idle action is
chosen at random. The number of idle actions before and
after this position is then counted, and the direction with
the higher count is selected as the target region. Within this
region, one idle action is randomly chosen and swapped with
the initially selected action. However, with this approach, the
overall interacting action count is maintained. This can be
a problem when there are either too many or not enough
interacting actions in the sequence. To avoid this, additionally,
random indices are sampled, and the actions in the action
sequence at these indices are exchanged at random. Idle
actions are exchanged with interacting actions, and vice versa.
This way, mutating an action sequence can also change the
total number of idle and interacting actions and not just switch
actions around that are already in the sequence, leading to a
better exploration of the search space.

Crossover Operator: The micro crossover exchanges seg-
ments of paths and action sequences between corresponding
agents of the parents, whereas the macro crossover swaps en-
tire agents between individuals. The mixed crossover combines
both micro and macro crossover operations.

Micro Crossover: To exchange the paths of the agents
within the parent individuals, we use a one-point crossover, as
shown in Figure 3. The two parent parts are cut at a random
cutoff point. These cutoff points are then connected using the
shortest path between the two points (dotted line). The first
part of each child’s path stems from the first parent, and the
second part from the second parent, as shown on the right in
Figure 3. This crossover is done for one agent of the parents.
This agent is picked at random. The indices of the agents
whose paths are exchanged must be the same because the
agents must have the same starting positions to avoid invalid
paths. This means that if, for example, the second agent from
the first parent is selected, then also the second agent from the
second parent individual is selected.

Macro Crossover: For the macro crossover operator, we
also use a one-point crossover. This time, however, the
crossover is not operating on the paths of the agents but on
the agent sequence of two parent individuals. A random cutoff
point is selected, and the agents to the right of that cutoff point
are exchanged between the individuals.

Mixed Crossover: To mix the described crossover opera-
tors, we simply carry out one after the other. The order in
which this is done can be ignored, as both would result in the
same children because they are operating on two different parts
of the encoding and do not influence each other. Therefore,
in the mixed crossover operator, we first perform the micro
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Fig. 3. Micro crossover operator.

crossover followed by the macro crossover.

V. EXPERIMENTS AND RESULTS

In the first experiment, we test 1, 2, 4, 6, 8, and 10
agents on the six problem instances (as previously shown in
Figure 2), using the micro crossover operator. In the second
experiment, the algorithm using the three different crossover
operators is run on the six problem instances with 10 agents.
For the ablation study, the algorithm is also run without any
crossover operator. This serves as a benchmark to compare
the proposed operators against. For all experiments, we used
the following parameter settings: each population has a size of
200 individuals. We use a fixed crossover probability of 80%
and a mutation probability of 50%. Each run was terminated
after 100,000 function evaluations. The crossover experiment
is run with 31 different random seeds, whereas the multi-
agent experiment is run with 10 different seeds. Lastly, each
individual is given a step budget. This determines how many
steps in total can be taken by all agents within one individual.
We set this step budget to 5,000. Each agent in an individual
with, for example, two agents would get 2,500 steps. This way,
the agents of each individual use the same number of steps,
making the results comparable. We use the genetic algorithm
class from pymoo to run our experiments. This algorithm uses
tournament parent selection and an environmental selection
based on the constraint violation and the fitness value.

Multi-Agent Experiment: Figure 4 shows the average map
differences over the ten seeds, the interquartile range (IQR),
and outliers per number of agents across all three map types.
On the left, this is shown for the smaller 11 x 11 environments,
and on the right side for the 25 x 25 environments. On the
11 x 11 maps, the problem is always solved when using
one, two, and four agents, which can be seen by the average
map difference of zero. When using more agents than that,
the task is not always solved; however, it is still solved
in most cases. With larger environment sizes, this changes,
and the task is never completely solved. We can conclude
that lower numbers of agents seem to perform better here
than higher numbers of agents for both map sizes. This is
confirmed by performing a Tukey HSD test on our results,
accounting for multiple comparisons by adjusting the p-values,
to test for statistically significant differences. We found that
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using 1, 2, and 4 agents on the 11 x 11 maps performs
significantly better in terms of the objective than using 8
and 10 agents. Using 6 agents leads to a significantly better
map difference than using 10 agents. Another Tukey HSD
test was performed for the results of the experiments in the
larger environments. The results show significantly better map
differences for only using one agent compared to using more
than one. Using two agents is significantly better than using
six, eight, or ten agents, and using four agents is significantly
better than using eight or ten agents. One reason for the worse
objective values when using more agents is most likely due to
the collision constraint. Individuals are only feasible if there
are no collisions between the agents within the individual.
Therefore, more feasible solutions are generated when fewer
agents are on the map simultaneously and the search space is
more thoroughly explored, leading to better solutions. Using
multiple agents at the same time, however, also has advantages.
When we look at the map difference per time step, we see
that the map difference is decreasing more in fewer time steps
when more agents are used than when fewer agents are used.
In each time step, each agent can go to the next cell and
interact with the obstacle there. Individuals with, for example,
10 agents can change 10 cells in one time step, whereas
individuals with one agent can only change one cell. This
average map difference per time step can be seen in Figure 5.
On both small and large maps, the environment is modified
faster if more agents are simultaneously modifying it. Finally,
in Figure 6, we show the average map difference development
per generation using the different numbers of agents in the
small and large river environments. Again, it is visible that
the maps are modified better in fewer generations and closer
to the target environment if fewer agents per individual are
used. Furthermore, the modification task is fulfilled more often
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Fig. 6. Average map difference per generation + standard deviation o on the
checkerboard environment using different numbers of agents.

on smaller maps and is not solved on the larger maps. This
behavior can be seen with the other two target environments
as well and is due to the larger search space on the larger
maps. One way to solve the task on larger maps could be to
increase the individual’s budget of total steps for their agents.
Currently, individuals receive the same step budget for both
map sizes. Therefore, it is expected that smaller target maps
are solved more effectively than larger ones.

Crossover Experiment: Figure 7 illustrates the average
map difference across the 31 seeds of the three crossover
operators and without crossover operator on the three environ-
ment types and two map sizes. As expected, using a crossover
operator is essential to the optimization process. In all the
scenarios, the algorithm without a crossover operator performs
significantly worse than the other three algorithms using the
different crossover operators. The mixed crossover operator is
outperforming the other two operators in small environments
during the first 100 generations. At around 100 generations
on the small map, the micro crossover has the highest average
map difference. During the end of the optimization, it appears
that the objective value converges to about the same value
for all crossover operators, with slightly better values for
the mixed crossover operator. In the larger environments,
we see that the objective value development is dependent
on the map type. On the river map, the micro crossover
operator seems to converge better than the others during the
last 300 generations. On the checkerboard map, however, the
mixed crossover operator converges better. During the first
100 generations, the macro crossover finds the best solutions
in the river and the circular environment. To verify these
findings, we performed two additional Tukey HSD tests to
assess whether the three crossover operators show significant
differences in objective value convergence during the final five
generations. With the last five generations, we look at the last
1% of generations, which presumably hold the best solutions
with the lowest objective values. In seven of the 12 instances
where the mixed crossover is compared to the other two, the
mixed crossover performs significantly better, and it never
performs significantly worse. The micro crossover operator
performs significantly better than the macro operator on the
11 x 11 river map and the 25 x 25 checkerboard map, while the
macro crossover performs significantly better than the micro
crossover on the 25 x 25 river and circular maps. Neither the
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macro nor the micro crossover performs significantly better
than the mixed crossover operator in any of the comparisons.
One possible explanation for the significantly better results
from the mixed crossover operator compared to the macro
and micro crossovers is its more exploratory approach. By
combining the finer adjustments from the micro crossover with
the more substantial changes caused by the macro crossover,
the mixed crossover exchanges more parts of the parents’
genes than the other two operators. With this, the search space
is more thoroughly explored, and better solutions were found.

VI. CONCLUSION

In this paper, we introduce a multi-agent navigation problem
in modifiable environments, where agents operate in a shared
grid world and can pick up, carry, and place obstacles,
thereby altering the environment. The goal is to transform
initial environments with randomly distributed obstacles into
predefined target configurations represented by three scalable
map types. While this work represents an initial step toward
modeling such scenarios, potential real-world applications
include smart warehousing and terrain leveling. We formulated
the task as a scalable multi-agent navigation problem and
applied evolutionary single-objective optimization to solve six
problem instances, followed by an analysis of the impact of the
number of agents on solution quality. The results indicate that
increasing the number of agents can reduce solution quality, as
optimization produces a higher proportion of infeasible solu-
tions due to path collisions. Fewer agents lead to more feasible
individuals and improved exploration, whereas a larger number
of agents enables faster environment modification per time

step through parallel actions. Our encoding of the individuals
allowed us to use the crossover operator on different levels of
the genes of the individuals: the agents and the paths of the
agents. We propose different crossovers that operate on these
different levels and find that operating on multiple levels of
the encoding is significantly better in terms of convergence
of the objective value in the majority of our experiments than
only operating on either one of the levels of the encoding
of the individuals. We conclude that there are both advantages
and disadvantages to solving this problem with multiple agents
simultaneously.
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