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ABSTRACT

Multi-agent pathfinding (MAPF) is a challenging problem especially in environments with a large number of agents and
small map size. Although some recent studies revealed that the reinforcement learning approach is feasible to train the agents
for resolving the deadlock problem at large scales in terms of the number of agents, the robots, which commonly appear in
warehouses, are ignored in their design. As the robots in warchouses using zero-radius right-angle turns (e.g., KIVA robots)
usually stay in the same location for a long time with the same rotation movements, the deadlock problem becomes more
severe especially in dense areas. In this paper, a reinforcement and imitation learning algorithm with a deadlock avoidance
scheme with reinforcement and imitation learning, a deadlock breaking scheme and a deadlock resolving scheme are
proposed for resolving the deadlock problem by considering the configurations for a rotation-based warehouse environment
including moving forward, rotating clockwise, and rotating anticlockwise only. In addition, a light model of the proposed
algorithm is also presented to speed up the inference process. In the experimental results, the proposed algorithm and its light
version are shown to be effective and useful for handling different scenarios of the deadlock problem.

KEYWORDS Multi-agent systems; robotics and automation; reinforcement learning; multi-agent pathfinding; zero-radius turning; right

angle turning; mobile robots

CONTACT Frodo Kin Sun Chan
Received 28 March 2022

@ frodochan@hkflair.org

1. Introduction

MAPF planning has been widely applied in different
scenarios including but not limited to search and rescue
(Baxter et al., 2007), airports (Morris et al., 2016), offices
(Veloso et al., 2015), warechouses (Wurman et al., 2008),
and video games (Silver, 2005), which have different
configurations (e.g., rotation movement) for agents.
The aim of MAPF is to allow agents to move from their
starting location to their target location without colliding
with others. When the number of agents and the map size
increase, the computation problem for path finding becomes
resource demanding and intractable.

Normally, holonomic robots have an action space
including staying idle and moving in four cardinal
directions. However, the action space of robots with zero-
radius turning (ZRT) by right-angle is different. In this
paper, we consider the agents with an action space defined
as staying idle, moving forward, and rotating 90° clockwise
or anticlockwise, which is like a warehouse’s setting. This
is the same setting as the real automated guided vehicle
(AGV) system in the grid-type floor layout.

Based on the low cost, easy control, and simple design
(Li et al., 2022), this kind of robot is commonly used in
warehouses. Also, the configuration of moving forward,
and rotating clockwise and anticlockwise is used in recent
research (Honig et al., 2019). In order to simulate the real
settings of warehouses, the same configuration is adopted
for this paper.

As many recent studies have been focused on the use

of the action space of holonomic robots (Ferner et al., 2013;
Sartoretti et al., 2019), the focus on the action space of other
kinds of robots is relatively less. In the rotational settings of
ZRT robots, the agents move left and right in two steps, i.e.,
rotation followed by moving forward. Also, if the agents
move backwards, three steps (i.e., two rotations followed
by moving forward) are applied. This will introduce an
extra dimension to the searching space for the rotational
setting. In addition, the inference speed is also a problem
when a larger number of agents are used. Even though
parallel programming is a way to handle this issue, the light
version of the model is better for use in embedded devices.
In this paper, the algorithm including a deadlock avoidance
scheme with reinforcement and imitation learning, a
deadlock breaking scheme, and a deadlock resolving
scheme and the light version of the proposed model are
proposed for tackling the deadlock in the rotational settings
of ZRT robots and speed up the inference speed of the
proposed model.

In our previous work (Chan et al., 2022), only
deadlock avoidance and a breaking scheme are proposed
for the deadlock issue. However, deadlock may still
occur in a dense environment. Thus, an integrated system
including deadlock avoidance, breaking, and resolving
schemes and the speed-up version of deadlock avoidance
are proposed to further improve the completeness of the
targets by considering the real scenarios. For the deadlock
resolving scheme, a novel rollback mechanism based
on two mapping tables is proposed by considering the
properties of rotational movement in this paper. Also, a
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novel speed-up version is proposed to effectively reduce the
inference time by introducing a new design of the structure
of the filtering layers and recurrent layers in this paper. The
experimental results in Section 4 show that the proposed
algorithm (MAPF-rot*+) not only achieves comparable
performance as MAPF-rot (Chan et al., 2022) in general,
but also performs better than MAPF-rot in some cases.
In addition, the speed-up version also shows a significant
improvement (38.23% reduction) in the inference time.

In the following sections, a brief review of related
works is given in Section 2, and the details of the proposed
algorithm and its light version are explained in Section 3.
Then, Section 4 shows the effectiveness and superiority of
the proposed approaches based on the experimental results
with different settings. Finally, conclusions are drawn in
Section 5.

2. Related works

The MAPF solution is generally divided into coupled,
decoupled, and dynamically decoupled methods. For
the coupled method, the paths of all agents are included
to search for the optimal solution. When there is a large
number of agents, its complexity is very high and finding
the solution becomes intractable. A typical example is the
A* method, which involves all agents searching for the
optimal solution by estimating the total costs based on the
movements and the heuristic costs. The second method
is the decoupled method which reduces the complexity
by planning the paths individually for each agent, but the
path adjustment is performed on all agents with proper
cooperation. Thus, the optimality of the solution is not
always guaranteed and can be suboptimal (Sanchez and
Latombe, 2002). Some examples of existing planners are
the velocity planner (Cui et al., 2011; Van et al., 2011) and
priority planner (Cap et al., 2013; Ma et al., 2016). The
third method is the dynamically decoupled method which
also plans the paths individually for each agent, but only
partial agents are involved for path adjustment through
cooperation, for example, the conflict-based planner (Sharon
etal., 2012).

Apart from these branches, reinforcement learning is
also suggested for MAPF (Foerster et al., 2016; Foerster
et al., 2017; Gupta et al., 2017; Lowe et al., 2017). For
these papers, the partially observable Markov decision
process (POMDP), which allows agents to have a local
map for observation without knowing the information of
other agents outside the map, is often assumed. By using
the reinforcement learning approach, a policy is learned
from training for different agents. As there are many agents
involved, different policies can be learned for different
agents (Foerster et al., 2016; Foerster et al., 2017; Gupta
et al., 2017; Lowe et al., 2017). In addition, Gupta et al.
(2017) showed that learning one policy, which enables
parameter sharing for homogeneous agents, is better than
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many policies, which is used in a centralised and concurrent
approach. In their paper, Lowe et al. (2017) suggested
applying the actor-critic approach for learning different
policies for different agents. Their approach allows multiple
critics, which receive information from all agents, and
multiple actors, which have the same number of agents.
When the number of agents increases, the complexity of
their method becomes very high. Foerster et al. (2017)
also used the actor-critic approach, but only one critic was
used for estimating the value function. They also had the
problem of generalisation to the case of a large number
of agents because only two actors were involved in their
design. Foerster et al. (2016) further considered information
sharing for the learning of different policies, but such
sharing still has problems of handling a large number of
agents.

To cope with the large number of agents in a
complicated environment, PRIMAL (Sartoretti et al., 2019)
is applied for learning the policy through the actor-critic
approach. In their approach, only one actor and critic are
trained for multiple agents, which are homogeneous. By
using this approach, the model training does not depend on
the number of agents and is able to learn for a large number
of agents. However, the training of reinforcement learning
is still very challenging for a large model. Although the
reinforcement learning method enhances the exploration
of the model, it has a risk of falling in a local minimum.
For example, Sartoretti et al. (2019) mentioned that the
agents learned to achieve goals as fast as possible, but they
did not cooperate with other agents for higher rewards. To
overcome this problem of reinforcement learning, Sartoretti
et al. (2019) also applied three methods including adding
a penalty for enhancing the movement of other agents,
applying imitation learning for training, and generating
random environments in the training process for agents to
learn different scenarios, especially the difficult cluttered
one. On the other hand, the PRIMAL model only supports
five actions including staying idle, moving up, moving
down, moving left, and moving right, which may not
be sufficient for agents to move in different settings.
Furthermore, some similar work in other applications can
be found in Wang et al. (2022, 2023).

3. Proposed algorithm
3.1. Configurations for a rotation-based environment

In this paper, simulations are performed in a rotation-
based environment. The simulation environment is in a grid
form, which contains some obstacles and agents, and each
agent has its starting position and its goal.

As the rotation-based environment requires the agents
to move in four cardinal directions, these directions can
be represented by o x 90°, where the orientation index
o € {0,1,2,3} . Note that the initial direction of the agents is
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set as 0°. The actions taken by an agent in a non-rotation-
based environment and a rotation-based environment
are different and are illustrated in Figure 1. For the non-
rotation-based environment, an agent has four neighbours of
the current state (x, y), which is also the current coordinate
of the agent on the 2D grid map (Figure 1(a)). However, the
rotation-based environment has only three neighbours (V,,4,
Nigw» and N,...,) of the current state (x, y, o), where o is
the orientation index. The neighbours V4, NV,ig and Nypira
are (x, y, (o-1) mod 4), (x, y, (o+1) mod 4), and (x'(0), y'(0),
0), respectively, where (x(0), v'(0), 0) is defined as follows:

(x,y +1,0) ifo=0
@@y @0={% ) ) M
(x—-1,53) ifo=3

Equation (1) is formed to represent the state of V.4
when an agent faces in different directions (in terms of
0). For example, when an agent (x, y, o) faces east (0=1),
Niyrwara bECOMES (x+1, y, 1). Thus, N, is set as (x'(0),
v'(0), 0) because its first two state values depend on o,
where o represents the facing direction of the agent and its

neighbour (V,,.qra)-

(@)
(x,y+1)
Stay idle N{::'e M
_ ove
Ly (\ right
h ﬁ
Move x.y) (x+1,y)
left 1 Move
down
(xy—-1)
(b)
N forward |
Move forward
Stay idle
Nies ] Nigns
Rotate (X,Y,0) Rotate
anticlockwise clockwise

Figure 1. The neighbours of an agent in the (a) non-rotation-
based environment and (b) rotation-based environment
under different actions.
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As the CBS (Sharon et al., 2012) and ODrM* (Ferner
et al., 2013) methods are based on graph construction and
normally perform searching in four cardinal directions only,
their node neighbours and conflicts have to be modified to
enable rotation-based movement. Specifically, their node
neighbours are required to change to (x, y, 0), and the agent
movement is restricted by orientation index o. In addition,
the vertex conflict and the swap conflict only consider the
position (x, y) without including the orientation index o in
the graph computation.

3.2. MAPF-rot

The main objective of the MAPF-rot (Chan et al.,
2022) algorithm is to include the rotation-related factor (e.g.,
facing direction of the agents) in the model training and
inference processes for homogeneous policy learning. To
achieve this objective, the observation space is set to have
six maps including obstacle locations, agents’ positions,
neighbours’ goals, agents’ goals, and vertical and horizontal
maps. For the vertical map, an agent location on a vertical
map (dys) is marked as 1/-1 when an agent faces north/
south. Similarly, the agent location on a horizontal map
(dgy) contains 1/-1 to represent that the agent faces east/
west. Then, these six maps are inputted into the model
training and inference processes in 10x10 windows, which
is a limited field of view (FOV) to filter out the information
far beyond the agent locations and reduce the number of
parameters in the model design. The overall structure of the
training model is shown in Figure 2. In Figure 2, the input
tensors are the concatenation of six maps and (g,, g,, m) is a
goal vector, where 8= (gx? gv’ m) = (xa - xgoal? Ya = ygoal)» m=
lgl, (x,» v,) is the current position of an agent and (X, Veou)
is the goal of the agent. In the learning, the input vectors
and the goal vector are generated based on the observations
of the rotation-based environment. Then, a model is learned
and its network includes filtering layers, which consist
of several 2D convolution layers and maxpooling layers,
and recurrent layers, which is a LSTM module in the
implementation. The training is based on the A3C scheme,
which makes the model robust to different situations by
updating the gradients based on several local gradients in
different environments. The outputs of the model are the
value and the policy vector, which are used for estimating
the discounted return and indicating the probability of
different actions, for calculating the loss including the
policy loss, the value loss, and the validity loss defined by
PRIMAL (Sartoretti et al., 2019) in the training. And then,
an action is selected with the maximum value in the policy
vector. By inputting the agent action, the environment
computes the rewards, which are set in Training rewards,
and has the feedback to the learning model for moving to
the next state. The initial learning rate and the decay factor
of the Nadam optimiser are 2x10” and v1 + 5 x 10-5s,
where s is the episode count. Scheme 1 shows the training
procedure of MAPF-rot via reinforcement and imitation
learning, and the details of the procedure can be found in
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Figure 2. The network structure of the training model in MAPF-rot.

To set the training rewards for actions and collisions,
the rewards of PRIMAL (Sartoretti et al., 2019) are used
for reference. Based on their experience, the penalisation
of agents slightly more for staying still than for moving can
prevent poor convergence. Furthermore, the punishment
on rotation is also added to stop an agent which keeps on
rotating at the same location.

Training rewards

Reward Type Reward
Staying idle -0.5
Moving forward -0.3
Rotating 90° clockwise/anticlockwise -0.5
Collision -2.0
Reaching a goal 0.0
Finish Episodes +35

Scheme 1. Training procedure
1:  function Training
2:  create the global network of MAPF-rot for parameter

updates
3:  create the local network of MAPF-rot for each thread/
agent
4:  for each episode do
5: generate a world with a random size and obstacle
density
6: update the parameters of the local network from
the global network
7: generate a random number x
8: ifx <0.5:
9: # imitation learning
10: obtain the ground truth by ODrM*
11: calculate the gradient based on the imitation
loss from the local network
12: else:
13: # reinforcement learning

14: extract the actions obtained by the local network
with current maps

15: calculate the gradient based on extracted actions

16: update the global network by using the gradient
from the local network

3.3. Deadlock breaking scheme (MAPF*)

In a rotation-based environment, the deadlock problem
becomes serious because the rotations cause the agents
to stay longer in the same location and only the action
of moving forward causes a location change. To further
reduce the occurrences of deadlocks, the deadlock breaking
scheme is also proposed in Scheme 2. The main idea is to
generate a rarely triggered action to break the deadlock if
the agents stay too long in the same position. To determine
how long the agents stay, c; is the counter for each agent
i and each action j. If an action j rarely occurs, its ¢; will
be low, and there is a high probability p for generating this
action. The setting of N is important for this scheme. If it is
too small, the agent movement mainly relies on the action
randomly generated by this scheme. On the other hand,
a large value of N causes a high occurrence of deadlock.
Thus, N is set as 5 empirically.
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Scheme 2. Deadlock breaking scheme
1:  function DeadlockBreaking
2:  for each episode do

3: initialise row vector ¢; = (0 0 0 0) for action
counting of each agent i

4: for each agent i do

5: obtain a policy vector P; and action A4, from the
proposed algorithm

6: if agent 7 is staying in the same location:

7: c¢; +=1#jis the index of action 4,

8: setM; = X3¢

9: if M; = N: # N is a preset threshold for action
generation

10: set yy, = er]/Mi

11: the probability of each action P = #

12: generate a random action A4, based on the

distribution p

13: reset ;= (000 0)

14: return 4,

15: else:

16: return 4;

3.4. Deadlock resolving scheme (MAPF+)

Although the proposed algorithms are effective to
resolve the deadlocks, the deadlock may still have a chance
to happen due to the dense environment. In a real situation,
the workers may manually reset the agents to resolve the
deadlocks, but the manual solution is very time consuming.
In this paper, an automatic deadlock resolving scheme
(Scheme 3), which includes a rotation-based rollback
mechanism and conventional multiple agent pathfinding
method, is also proposed to tackle the deadlock problem in
the industrial environment.

Scheme 3. Deadlock resolving scheme

1:  function DeadlockResolving

2:  for each episode do

3: if timeout:

4 extract a rollback sequence by running the
rollback mechanism

: rollback with the number of timestep T

6: run the rollback sequence from ODrM* in the

current environment

In Scheme 3, the deadlock is assumed to exist among
the agents when the timeout, which is preset before the
system runs, occurs. Once deadlock happens, the rollback
mechanism is used to reverse the actions of the active
agents that have not reached the goal within 7 steps,
where T = [(timeout + 1)/2] and [] is a flooring operator.
As there are not as many active agents as there are agents at
the beginning, a less dense environment is better to obtain
a path finding solution for multiple agents. Thus, ODrM* is
applied for searching for the path of the multiple agents in
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the simplified environment.

The rollback mechanism is different for different
configurations (rotation-based movement, movement with
a 4-connected path and 8-connected path). The rollback
sequence for movement with a 4-connected path and
8-connected path can be formed by replacing the reverse
action (e.g., Move Left is replaced with Move Right).
However, the rollback mechanism for the rotation-based
movement requires extra actions for reversing the original
status. For example, the reverse motion of moving forward
is {turning 90° clockwise, turning 90° clockwise, moving
forward, turning 90° clockwise, turning 90° clockwise}.
Scheme 4(a) shows the mapping table for the rollback
action sequence of each action, and every action requires
five actions in the rollback action. On the other hand, the
rollback action sequence can be reduced to three steps
for each action (six for two actions) when two successive
actions are combined, and the combined sequence is shown
in Scheme 4(b). When there is one action, the mapping in
Scheme 4(a) is applied. When there are two actions, the
mapping in Scheme 4(b) is used. When there is a rollback
action following the two actions, the rollback action
sequence of the action can also be reduced to have three
elements by combining the idle (Action ¥) and the rotation
(Action (/). Note that there are only three possible cases
of the last two elements in the tail based on our setting: {{Z
2}, {0,014, {0, 8} }. If the rollback action is Action &, ()
, U, the last two idle actions shown in Scheme 4(a) can be
removed before merging with the tail. If the rollback action
is Action —, three cases are treated as follows. For the case
of {Z,Z}, the last two elements can be replaced with {(J,05},
and the first two elements in Action — are removed. For
the case {(J,00}, the last two elements can be replaced with
{Z,2}, and the first two elements in Action — are removed.
For the case of {5, E}, the only possible combination of
the last three elements is {(,05, 8} (cf. Scheme 4(b)). For
merging, the tail can be replaced with {Z,Z,Z}, and the first
two elements in Action F are removed.

The combined version of MAPF* and MAPF+
is MAPF*+. As the deadlock breaking scheme and the
deadlock resolving scheme are the schemes for different
situations, they can be applied together with MAPF-rot, i.e.,
MAPF-rot executes the deadlock breaking scheme before
the timeout happens and the deadlock resolving scheme
after the timeout happens.

3.5. Light version of MAPF-rot

In real scenarios, the inference speed is always the
concern of industry. Although MAPF-rot is not slow in
the inference step, the speed is still a problem when there
are many agents for inference, for example, 1,000 agents.
Parallel programming is a way to tackle the problem with
a large number of agents. In another way, a light model
of MAPF-rot is proposed for speeding up the process
in this paper. To build a light model, two modifications
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of the filtering layers and recurrent layers in Figure 3,
are proposed. In MAPF-rot, the filtering layers are built
of convolution layers, which have a high computation
cost. Thus, two fire modules of SqueezeNet (Iandola et
al., 2016), whose CNN architecture that has 50x fewer
parameters than AlexNet and maintains the AlexNet-level
accuracy on ImageNet, is proposed to replace the existing
layers. The new filtering layers and fire module are shown
in Figure 3 (a-b).

In addition, the recurrent module of MAPF-rot is
changed from the LSTM to GRU module because the
GRU module has fewer parameters than that of the LSTM
module. Although it is yet to be verified that these modules
have similar performance (Chung et al., 2014), the fewer
parameters of GRU makes the computation more efficient.
Furthermore, the size of the light version (209.18MB)
has a 27.10% reduction from that of the original model
(286.94MB).

There is a trade-off between the MAPF-rot algorithm
and its light version. The advantage of MAPF-rot is that
it can handle complicated cases more effectively. Since
MAPF-rot has a more complicated model for path finding,
it is more efficient in handling different environments.
Besides, MAPF-rot generally performs better than its light
version when the density of an obstacle increases. The
disadvantage of MAPF-rot is that it is slower than its light
version. As MAPF-rot has several convolution filters for
learning, it requires much time to execute. Furthermore,
MAPF-rot performs worse than its light version when the
number of agents increases because its light version is
sensitive to the dynamic objects by using a 1x1 convolution
filter.

Scheme 4. The mapping scheme for (a) 1-step action and (b
2-step action

(@)
Action (1 step) Rollback action sequence
b3 18,8,8,8,8}
- {0,0,—,0,0}
U {0.2,8,5,8}
O] 10,8,8,8,8}
(b)
Action (2 steps) Rollback action sequence
(i.e. (n-1)th and nth step)
ZZ 18,8,8,8,8,8}
g— LL~VLE]
bR &) 10,8,8,8,8,8}
b {0,8,8,8,8,8}
—g PASKSEXSRSY
— — {LV,—,—,L,L}
d) {Lzz—0U!
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-0 {0.8,2,—,0,0}
UE {2,2,8,0,8,8}
v— {0L—UEE)
[OX9) {0,2,2,0,8,2}
(S8} {8,%8,8,8.8,3}
OZ {2,.2,2,0.8,8}
U— {L,L,—,U,8,8}
Av {8,8,8,8,8,8}
I {0,2,8,0,8,8}

X: Idle, —: Move forward, t): Rotate 90° clockwise,
O: Rotate 90° anti-clockwise

(a)
Filtering layers
5x5x128 2x2x256
’ Fire module d Max pooling
layer
(b)
Fire module
Squeeze Expand
operation operation
.
4 Concatenate N
ReLU / L————-H ReLU

1x1 convolution 3x3 convolution
filter filter

Figure 3. (a) The filtering layers of the fast version and (b)
its fire module.

4. Experimental results

4.1. Testing dataset of rotational movement

In order to test the performance of the proposed
algorithm, a dataset is created with different combinations
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of obstacle locations, agent locations, and agent goals based
on different map sizes {10, 40, 80, 160}, different numbers
of agents {4, 32, 128, 256, 1024}, and the densities of
obstacles {0, 0.1, 0.2, 0.3}. Note that the densities of
obstacles are defined as the probability of the occurrence of
obstacles at certain locations. For each setting, five sets of
trials are formed, and each set contains different map sizes,
number of agents, and densities of obstacles. The 10-sized
map only supports 4 and 32 agents and the 40-sized map
only supports up to 256 agents. As these settings allow
rotational movement, the agent has four actions including
staying idle, moving forward, rotating 90° clockwise, and
rotating 90° anti-clockwise. For each step in the episode,
the agent decides the action to prevent the collisions and
deadlock with other agents by using the state-of-the-art
methods or the proposed algorithm. When the agent reaches
its goal, it is set to disappear in one-shot settings.

Each setting has a timeout {256,256,384,512} based
on the map size (Sartoretti et al., 2019). Then, a trial is
considered as incomplete if not all the agents can reach
their goals before the timeout. By convention, MAPF-rot+
is used to represent MAPF-rot with the deadlock breaking
scheme. Also, MAPF-rot*+ is used to represent MAPF-rot
with the deadlock breaking and resolving scheme in the
following experimental results. The experiments are
performed on a computer with 2T RAM and 8xA100
GPUs.

The evaluations of the feasibility of the proposed
schemes and the proposed schemes under the warehouse
settings are shown in Supp. D and E of the online
supplementary information (https://github.com/F0048/
MAPF/blob/main/supp.pdf).

4.2. Comparisons with different methods

To evaluate the performance of the proposed
algorithms, the state-of-the-art methods including CBS
(Sharon et al., 2012) (source: https://github.com/whoenig/
libMultiRobotPlanning) and ODrM* (Ferner et al., 2013)
(source: https://github.com/gsartoretti/PRIMAL), which are
modified for rotational movement as stated in Section 2.1,
are used for comparison. The case of density of 0.1 with
40-sized map is shown in Figure 4. The success percentages
are calculated based on the average percentage of agents
reaching the goals among all the sets of trials. If all the
agents reach the goals for one trial before the timeout, the
trial is considered a complete trial. According to Figure
4(b), the average timestamps are reported only when at
least half of the trials are complete. The measurement of
timestamps for different methods follows the experimental
settings in Sartoretti et al. (2019).

In Figure 4(a), MAPF-rot performs better than CBS
and ODrM*, but it is still far from perfect when the density
of obstacles increases. Then, MAPF-rot+ and MAPF-rot*+
further enhance their performance. In Figure 4(b), although
the average timestamps of CBS and ODrM* are fewer
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than that of the others for 4 and 32 agents, they are not
able to have half of the trials completed when the number
of agents increases. On the other hand, MAPF-rot can still
provide the solution for the settings with a larger number
of agents. Again, further improvement can be achieved by
MAPF-rot+ and MAPF-rot*+. Observe that incomplete
trials usually are caused by deadlock occurrence and the
design of MAPF-rot*+ can resolve the deadlock after it
happens. For completeness, the average timestamp of
MAPF-rot*+ exceeding the timeout is shown in the results.

To further study the difference between MAPF-rot+
and MAPF-rot*+, the average percentage of the
completed agents for all trials in each setting by the
proposed algorithms are reported in Supp. B of the online
supplementary information (https://github.com/F0048/
MAPF/blob/main/supp.pdf).

4.3. Comparisons of the inference time for MAPF-rot and
its light version

In practice, speed is also a key factor for real
situations besides performance. In Section 3.5, a light
version of MAPF-rot is introduced. An experiment
is designed to compare the inference time of MAPF-
rot to that of its light version by using the testing
dataset in Section 4.1. In the training process of the
light version, the model proposed in Section 3.5 is
implemented with tensorflow, and the GRU module is
implemented with the operations of tensorflow.while
and tensorflow.nn.rn_cell. GRUCell. For each setting, five
trials are also performed. In each trial, the total inference
time for all agents in the setting is recorded for each step.
Then, the result for each trial is calculated by averaging
the inference time in all steps, and then each setting has
an average inference time by taking the average of the
results of five trials. In Figure 5(a), MAPF-rot has a longer
inference time than its light version for different numbers of
agents. When the number of agents is 1,024, the reduction
rate is 38.23% (1.02 s and 0.63 s for 1,024 agents). The
case of density of 0.1 with 40-sized map is shown in Figure
5(b). Since the light version has used a 1x1 convolution
filter for speeding up the process and size reduction, this
filter is more sensitive to the local change compared to that
of MAPF-rot. In this case, the light version tends to move
actively to avoid congestion with many agents because of
the sensitivity of the local change. So, the light version is
better than MAPF-rot when many agents appear in a small
area.
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Figure 4. Success rate % and average timestamps on
density of 0.1 with a 40-sized map. The results are shown as
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MAPF-rot+ means MAPF-rot with a deadlock resolving
scheme, MAPF-rot* means MAPF-rot with a deadlock
breaking scheme, MAPF-rot*+ means MAPF-rot with a
deadlock breaking and resolving scheme.
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Figure 5. (a) The average inference time with different
numbers of agents and (b) the success rate of a density of 0.1
with a 40-sized map.

5. Conclusion

Although there are some recent research works on
MAPE, different configurations of robots with zero-radius
turning by right-angle are ignored. In this work, a solution,
which includes a reinforcement and imitation learning
algorithm with a deadlock avoidance scheme, a deadlock
breaking scheme for deadlock avoidance, and a deadlock
resolving scheme for tackling the deadlock, is proposed to
effectively handle the deadlock problem by considering the
configurations for a rotation-based warehouse environment
including moving forward, rotating clockwise, and rotating
anticlockwise only. Furthermore, in order to speed up
the model inference, especially with a large number of
agents, a light model of MAPF-rot is also proposed. In the
experimental results, the proposed solution is demonstrated
to be robust and efficient for handling the deadlock
problem, and it outperforms the state-of-the-art models
including CBS (Sharon et al., 2012) and OrDM* (Ferner
et al., 2013). Also, the proposed schemes not only can be
applied in rotation-based movements, but they are also
useful in other configurations of movements (4-connected
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path and 8-connected path) according to the experimental
results. In short, the proposed solution and schemes are
advantageous to improve the success rate of MAPF and
shorten the searching time and model inference time.

The limitation of this work is that it was applied in
a grid-based environment only. The future works of this
study aim to include kinematic constraints and continuous
movement on the AGV for the realistic cases.
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