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Abstract Sustainable cities are envisioned to have economic and industrial
steps towards reducing pollution. Many real-world applications such as au-
tonomous vehicles, transportation, traffic signals, and industrial automation
can now be trained using Deep Reinforcement Learning (DRL) techniques.
These applications are designed to take benefit of DRL in order to improve
the monitoring as well as measurements in Industrial Internet of Things for Au-
tomation Identification System. The complexity of these environments mean
that it is more appropriate to use multi-agent systems rather than a single-
agent. However, in non-stationary environments multi-agent systems can suffer
from increased number of observations, limiting the scalability of algorithms.
This study proposes a model to tackle the problem of scalability in DRL al-
gorithms in transportation domain. A partition-based approach is used in the
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proposed model to reduce the complexity of the environment. This partition-
based approach helps agents to stay in their working area. This reduces the
complexity of the learning environment and the number of observations for
each agent. The proposed model uses Generative Adversarial Imitation Learn-
ing (GAIL) and Behavior Cloning (BC), combined with a Proximal Policy
Optimization (PPO) algorithm, for training multiple agents in a dynamic en-
vironment. We present a comparison of PPO, Soft Actor-Critic (SAC), and
our model in reward gathering. Our simulation results show that our model
outperforms SAC and PPO in cumulative reward gathering and dramatically
improved training multiple agents.

Keywords Deep Reinforcement Learning ·Multi Agents · Behavior Cloning ·
Dynamic Environment · Scalability

1 Introduction

Reinforcement Learning (RL) draws upon observations from experiments ex-
amining the behaviour of cats by Thorndike at the turn of 20th century [48]
and has become a popular and effective technique in machine learning in recent
years. It involves a process of learning what action yields the most reward [30].
In RL, an agent interacts with the learning environment, takes action from the
current state, and moves to the next state. In RL, an agent is anything that
takes some actions observing the environment, and receives some reward. The
purpose of the agent is to maximize the value of the reward. Deep Reinforce-
ment Learning (DRL) is the combination of Deep Learning and RL[2,31,39],
developed to tackle high dimensional environments [3].

Multi-agent systems (MAS) are a technique developed to overcome the
limitations of single-agent systems [51]. In a MAS, agents interact with the
environment, collaborate and communicate with each other, and maximize the
cumulative numerical reward [9,19]. The use of MAS provides many advan-
tages like distribution, scalability, robustness, and parallelism [36]. However,
MAS also has some disadvantages. It makes the environment nonstationary
and more complex than single-agent environments. In many real-world ap-
plications, such as traffic control, task allocation, autonomous vehicles and
drones, multi-agents are necessary to create a representative model. Due to
the environment’s complexity, a hard-coded agent (an agent that does not
learn from the environment using DRL) cannot be performed well in these
high dimensional environments. The agents must be capable of finding opti-
mal solutions to their learning. In this context optimal solution means the
best solution according to the given task. Multi-Agent Deep Reinforcement
Learning (MADRL) is a powerful technique for modeling the above mentioned
applications. Using MADRL, agents seek optimal solutions and policies.

In MADRL, agents try to estimate optimal actions, using neural networks
of large layers and approximators. The agent’s policies depend on the action
with other agents [9]. This is due to the fact that when an agent takes action, a
change occurs in the environment, thereby affecting the policy of other agents.
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Multi-agents can be useful in many real-world applications, including dig-
ital factories. Digital factories are abstractions of real factories. The use of
intelligent agents in these digital factories can provide several advantages i.e.
adaption, autonomy, decentralization and robustness [5].

Many real-world problems are so complex that single-agent systems cannot
cope. It is known that Unmanned Surface Vehicles (USV), robot soccer, au-
tonomous vehicles, and controlling of traffic signals cannot be tackled through
a single agent [40]. MAS, on the other hand has the advantage of being scal-
able. Recent DRL techniques perform well in single-agent environments, but
they do not perform well in multi-agents environments [54] [41]. In multi-agent
environments, the number of observation increased, and the environment be-
comes non-stationary [9] [20]. Due to the increased number of observations and
non-stationary environment, many DRL algorithms are not scalable. They do
not perform well in multi-agent environments.

In this paper, a multi-agent system has been proposed where multiple
agents are trained in a digital factory environment. We use a partition-based
approach in our proposed model, where each agent stays in its working area.
This proposed partition approach reduces the number of observations for each
agent, as each agent has to observe only its active neighbor agents. This also
makes the environment less non-stationary. The use of GAIL and BC makes
the policy convergence fast. Moreover, these techniques also helps agents to
make right partitions. By reducing the number of observations and making
the environment less non-stationary, our proposed system performs well in
single-agent settings as well as multi-agent settings. We compare our model
with SAC [17] and PPO [44]. Our model performs well compared to PPO and
SAC in terms of reward gathering applied to moving heavy materials in the
factory environment.

The remainder of this paper, is organized as follows: In section 2, the
literature is reviewed; Section 3 presents preliminaries for this work; and in
Section 4, we introduce our proposed model. Section 5 contains implementation
details, and results are discussed in Section 6, before the conclusions in Section
7.

2 Literature Review

Mobile robots are the machines that sense the environment and move around
the environment. They use sensors to sense the environment. Mobile robots
are becoming popular in different domain. They are used to assist different
process and to accomplish different tasks.

In different real-world applications, autonomous navigation is necessary for
mobile robots [4]. The mobile robots should be able to navigate through various
obstacles to reach their destination. In multi-agent scenarios, collision avoid-
ance between agents (mobile robots) is a crucial feature. The non-stationary
environment and high dimensional characteristics are the most significant rea-
sons that algorithms are non-scalable in MAS contexts.
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A rich literature is available concerning single-agent DRL. In [52], the au-
thor proposed the Autonomous Navigation and Obstacle Avoidance (ANOA)
algorithm. ANOA is an extension of the DQN algorithm [35]. ANOA has been
shown to perform better than DQN and Deep sarsa[55]. Hodge et al. intro-
duced an algorithm for navigation of drones in infrastructure and buildings in
[24]. The author used the PPO algorithm [44] along with curriculum learning.
In this work, the author trained a single agent. Learning to navigate in com-
plex dynamic environments is a significant area of current research in robotics.
Various algorithms such as Potential Field Method (PFM) [29], and Simulta-
neous Localization and Mapping (SLAM) [10] are proposed in the literature to
address obstacle avoidance while path planning. However, these approaches,
like PFM, can get trapped into local minima. Another method, Vector Field
Histogram (VFH) [6], works by continually constructing a map while the robot
is moving in a environment.

SLAM deals with navigation problems by constructing and updating a
map of the environment while localizing itself using the same map. However,
SLAM suffers from high computational costs and a large equipment for mem-
ory. A deep modular RL architecture is proposed in [49] to address these issues.
Autonomous navigation in mobile robots is a significant research problem to
which RL has been applied. Earlier map-based techniques do not perform
well when global path planning is required. In contrast with these techniques,
heuristic-based approaches have been used to enable mobile robots to perform
collision-free and effective path planning using a laser range finder.

In [34], an incremental learning and DRL based scheme is proposed to
provide an effective path planning scheme for mobile robots. An incremental
learning adapted ACKTR algorithm and a soft actor-critic neural network for
practical navigation policies are presented. The proposed scheme ensures the
effectiveness of an adapted approach in collision-free path planning to reach
the destination. The discrete action space crowd navigation in an unfamiliar
environment suffers from inefficient path planning and obstacle avoidance in
the navigation domain. To overcome these issues, a DRL based approach is
proposed in [47] that incorporates memory characteristics of the human being,
specifically Long-short Term Memory (LSTM) [23].

In [28], the author introduces a path planning simulator for the vehicles.
The author used the PPO algorithm of DRL in a single-agent settings. Re-
cently, autonomous vehicles and intelligent transport systems have been stud-
ied using artificial intelligence techniques. In [26], a DRL technique was used
to achieve UAV navigation utilizing a massive multiple-input-multiple-output
(MIMO) technique. By constructing a DQN, an optimal location selection pol-
icy, based on the received signal strengths, is obtained. Unlike previous works,
which mainly present the speed or geographic position for UAV navigation,
the proposed method converges quickly.

To address decision-making problems in a dynamic robotic soccer game, a
decision making strategy has been proposed in [46]. An Improved Support Vec-
tor Machine (ISVM) is used to collect and classify environmental, situational
information constituted by the defined evaluation factors, and the Adaptive
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Decision Making Algorithm with RL (ADMA-RL) chooses the strategy adap-
tively. There are multiple agents in the proposed scheme each having their own
roles. Roles can be changed based on a given scenario. RL-based approaches
have been used to provide precise and timely decisions for robots. The authors
of [42] introduce a meta game adoption process, introducing a MAS to train
agents against a master agent by extending the traditional RL approach.

Table 1 Literature Review Table, × represents the feature is not tackled in previous work
and
√

represents that feature is tackled in previous work.

Ref Multi
Agents

Agents make
joint actions

Collaborative
Agents

Partially
observable
environment

Real world
complex envi-
ronment

[52] × × × ×
√

[24] × × × × ×
[49] × × × × ×
[46]

√
×

√
× ×

[42] × × × × ×
[53] × × × × ×
[34]

√
× × × ×

[54]
√

×
√

× ×
[8]

√
×

√
× ×

[25]
√

×
√ √

×
[50]

√
× ×

√ √

[9]
√ √ √

× ×
Proposed
Model

√ √ √ √ √

Many real-world applications require MAS to perform tasks. MAS suffers
from many challenges as communication and collaboration between agents.
Non-stationary environments and high dimensional observations create issues
such as scalability. To address these issues, the authors of [16] extend three
single-agent RL algorithms based on policy gradient, temporal difference, and
actor-critic methods. To address the problem of high input dimensionality,
in [54] the authors adopt centralized training with a decentralized execution
framework. To reduce the curse of dimensionality, they employ observation
embedding. Nonstationarity is not compatible with the replay buffer of deep
Q learning.

Deep Q learning depends on a replay buffer that stores the experience
replays to use them repeatedly during the training. Nonstationarity changes
the current dynamics, due to change in dynamics the experience replays stored
in replay buffer are no longer efficient. To tackle this issue, the authors of [11]
introduce two approaches. In the first approach, the experience is saved in
a replay buffer as off policy environment data. In the second approach, each
agent learns a policy as an estimate of the other agent’s policy, observing their
behaviors. The authors of [8] introduced an advantage actor-critic algorithm
for stabilizing local agents’ learning process. Two methods are proposed in [8]
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and learning is stabilized by reducing the learning difficulty and increasing the
observability.

MAS can be either centralized or decentralized systems and can be evalu-
ated based on robustness, scalability, fairness, and stability [43]. In [43], various
techniques used so far in MAS, have been critically reviewed and a compari-
son of their surveys conducted on MAS is presented. This demonstrates that
none of them targeted deep learning-based methods in MAS. In [43,14], it is
argued that MAS suffers from scalability, heterogeneity of agents, and contin-
uous action spaces. This survey aims to highlight MAS’s challenges in terms of
decision-making in smart city environments and provides future directions to
develop such systems that can be scalable and robust in terms of performance
using DRL-based approaches [15,1].

Nowadays many researchers are working on single-agent and multi-agent
domains. In [21] the authors present an overview of recent challenges and
open research direction in MADRL. In the end, the authors also present that
how RL and multi-agent learning adapted in the field of MADRL. In current
studies on autonomous vehicles, datasets of experts are used by considering
their behavior on different events. The main issue in this approach is the
narrowness of human drivers and insufficient samples of data [37].

To overcome this issue, the authors of [50] apply DRL techniques on vehi-
cles to take data samples. They used DQN to reduce the curse of dimensional-
ity. To increase the computational speed, the authors used a fuzzy calculation
process which is completed on MATLAB. In a multi-agent domain where the
environment is partially observable and agents are cooperative, agents take
actions jointly and increase the total cumulative reward [12]. In this kind of
environment, it is very hard to increase the individual reward for the agents.
To overcome this issue, the authors of [45] propose an algorithm called CoRe.

CoRe uses a counterfactual reward mechanism and computes the differ-
ence between the total reward and individual reward. Defensive escorts help
to navigate payloads in a coordinated manner. In [18] authors introduce an
approach for these escorts to navigate payloads. They use MADRL for the co-
ordination and cooperation between multiple defensive escorts. A centralized
trained policy is used in a distributed way for these escorts.

Multiple robots jointly navigate a path or explore an unknown environ-
ment in autonomous navigation and exploration of an unknown environment,
which is an important use of mobile robotics. Fault tolerance, rescue, moni-
toring, and mapping are just a few of the benefits of this technique. Because
of these benefits, this technique has attracted a lot of research attention. A
unique exploration strategy is proposed in [25]. In [25], the authors describe a
Voronoi-based strategy for exploration.

The intelligent control of traffic signals is essential for transportation sys-
tem optimization. Recent research has concentrated on intersection coordina-
tion to attain global optimal traffic efficiency in massive road networks, with
impressive results. In [33], the authors introduced a framework for the coordi-
nation of multi-agents. The authors defined a reward structure for the traffic
control signals. Using spatial-temporal information, a differentiation method
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is introduced for the coordination of agents. In [53] the authors consider the
safety constraints for various robotics applications such as manipulation and
self-driving vehicles. An algorithm was proposed to ensure the safety robust-
ness, evaluated based on three different policies for a cable-driven parallel
robot.

Table 1 presents the characteristics of different research papers. Further
we present the characteristics of our proposed model.

3 Preliminaries

3.1 Multi Agent Deep Reinforcement Learning (MADRL)

MADRL is rapidly expanding and covers a wide variety of approaches to learn-
ing in multi-agent settings. In MADRL, multiple agents interact with the
learning environment and try to maximize the total cumulative reward. The
main issues in MADRL are dimensionality, nonstationarity, communication,
and coordination. As the number of agents increases, the dimensionality of
the observation increases, and each agent takes action and tries to maximize
the total cumulative reward. Each agent’s action creates some change in the
environment, thereby making the environment non-stationary for other agents
in the environment. Most current DRL algorithms perform well in single-agent
settings but do not perform well in multi-agent environments. MADRL can be
defined in the form a of Markov Decision Game (MDG). The generalization
of the Markov decision process to the multi-agent case is the Markov game. It
is called MDG in the literature. It is Markov Decision Process (MDP) which
is called MDG for multi-agents in literature. The tuple of the game is written
as (N, S, A, R, T). Here N represents number of agents, N= n1, n2, ...nn; S
represents finite states, S= s1, s2, ...sn and A= A1×A2...×An is a finite joint
action space. R: S×A → (some real number). T: S×A×S→[0,1] [9] where R is
the common expected reward and T is the transition function.

3.2 Proximal Policy Optimization (PPO)

Policy gradient methods are the foundation of many recent breakthroughs in
control, 3D Games, Locomotion and Go using deep neural networks. PPO [44]
performs better than other state of the art learning approaches and is very
simple to implement and tune. The objective function of PPO is given by

Lclip(θ) = Eˆ
t [min(rt(θ)A

ˆ
t , clip(rt(θ, 1− ε, 1 + ε)Aˆ

t )]

In this paper we use the PPO algorithm as a trainer in the continuous action
space.
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3.3 Imitation Learning

Imitation learning is a process of learning in which an agent tries to mimic a
human’s behavior in a given task. In RL, imitation learning is that an agent
is trained to learn the behavior from recorded demonstrations and utilises a
mapping between observations and actions to learn a policy.

4 Proposed Model

The problem considered in this work is the Partially Observable Markov De-
cision Process (POMDP). We introduced a partition-based approach in this
work.

4.1 Partition-based Approach

Using partition-based approach, the working area can be broken into partitions
dynamically between the agents based on their current location. This partition-
based approach can be implemented in a decentralized manner through com-
munication between agents.

Let T be a topological space of R2 for the agents. This topological space
is homomorphic to our area of learning environment. Suppose A i ∀i ∈ {1,2,3
. . . N} are the agents and N A i is an element from a set of neighbor agents
of A i. p i represents the position of Ai and partition for agent A i is defined
as

P (A i) = {τ ∈ T | ||τ–p i|| ≤ ||τ − p j||,∀A j ∈ N A i}

which means the partition of T for an agent A i is included all those points of
T which are more closer to A i than any other points in T.

To make partitions, an agent Ai only needs to know the boundary of T
and the position pj of its neighbor agent. In this way, each agent can generate
a partition by knowing only the locations of the neighbor agents. If any agent
Aj ∈ NAi of Ai stops working due to any fault, the agent Ai will automatically
increase its partition to the edge of the partition of the next agent pj+1. This
helps agents to complete the given task collaboratively.

4.2 Proposed DRL

In our multi-agent settings, we use the PPO algorithm for training purposes.
We use imitation learning and Behavior Cloning (BC) to scale the training
process to several agents. Generative Adversarial Imitation Learning (GAIL)
gives better results in complex environments because it learns through demon-
strations and works well with sparse reward. BC is helpful to mimic the be-
havior of expert. These methods helps agents to make right partitions in our
scenarios and increase the performance of agents. Policy convergence with
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PPO is fast that why we use it as a trainer. In the learning environment,
the agents are fully cooperative. Each agent has limited information about
the environment. All agents try to maximize the total discounted reward by
taking actions cooperatively. The tuple can be defined as

(I, S,Ai, Zi, T,R,O)

where I is the set of agents, S is the set of states, Ai is a set of actions for
agent i, Zi is the set of observations for the agent i, and T, R, O is the joint
transition, reward and observations model.

Fig. 1 Our Proposed System Model

As the learning environment is partially observable in this work and each
agent has limited information about the environment on a specific state St,
to make the training more stable, agents need to remember some information
about previous observations; for this purpose, we use LSTM [23]. We used
the GAIL algorithm [22] to make the training more successful with sparse
rewards. This algorithm uses a second neural network, a discriminator, to
distinguish between actions and observations from demonstration and actions
and observations produced by the agent [13]. The discriminator examines the
new actions and observations, and determines whether these are close to the
demonstration’s actions and observations. On behalf of this examination, the
discriminator gives a reward to the agents. We define the discriminator network
as Dω:S×A→ (0, 1) with weight ω [22]. We also use local rewards with GAIL.
An extrinsic reward signal is used as a local reward signal in this work. To
make the convergence of a policy quicker, we use the BC technique with RL
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and GAIL. BC is a supervised learning technique in which agents try to mimic
the behavior from demonstrations directly.

Algorithm 1: Pseudo Code of Proposed Model

while episodes not ends do
while Time steps not equal to 5000 do

For all agents{
select action ai from actions according to Policy πθ
Apply action ai
Compute Local Reward
Compute observations and state st+1

Compute GAIL Reward using Discriminator.
Compute Partition
Update Policy πθ on the bases of GAIL reward.
Update Discriminator.
}

end

end

The proposed system model is shown in Figure 1. As shown in figure, each
agent is connected with RL or PPO, GAIL, and BC. These techniques are ap-
plied to each agent. The agents take actions cooperatively and collaboratively
and interact with the learning environment by taking joint action. As a result
of that action, a local cumulative reward is given to the agents. Moreover, the
BC technique is applied to each agent. This helps agents to directly mimic
the behavior of demonstrations, thereby making the training process faster.
Using GAIL technique ensures the policies converges quickly. This technique
is used to train the second neural network, to distinguish the agent’s observa-
tion/action and the action from the demonstrations [22]. The pseudo-code for
the proposed model is shown in Algorithm 1.

4.3 Reward Structure

To achieve the desired behavior, we use a local reward signal that encour-
ages consistent behavior. A good reward scheme means the learning process
converges quicker in single-agent settings [38]. We proposed a reward struc-
ture according to our environment which helps agents to learn to stay in their
partition. It also helps agents to generate partitions correctly. In this way, it
increased the performance of agents.

The rewards given to each agent on different events are shown in Table
2. We gave a -0.1 reward when an agent collides with another agent in the
environment. In this way, the issue of inter-collision of agents is addressed.
Moreover, we gave -0.1 when the agent collides with a wall or any other obsta-
cles. The reward of -0.1 is also given when the agent hits any moving human
in the environment. When an agent succeeds in picking heavy material from
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the collection point, a reward of +0.3 is given to that agent. Further, when the
agent succeeds in dropping the heavy material at the destination, it receives
a reward of +0.5. When agents succeed in shifting the whole collection, then
a further reward of +0.5 is given to each agent.

Table 2 Rewards Given On Different Events

Event Reward
Agent collide with wall -0.1

Agent collide with other agent -0.1
Agent collide with moving human -0.1

Agent collide with truck -0.1
Agent succeed to pick brick +0.3

Agent succeed to drop brick at destination +0.5
On shifting whole collection at destination +1

4.4 Environment

Robots playing a significant role in many fields of life. Recently, robots are be-
ing deployed in digital factories more frequently as compare to previous years
[5]. Robots can be used to hold, move and lift heavy materials in factories.
They can reduce the labor required in factories, working more efficiently and
rapidly than humans. Due to the importance of robots in digital factories, we
choose a digital factory’s environment as a learning environment. Moreover,
many real-world environments need multi-agents, but to begin with, we choose
digital factories. A real-world scenario is considered in this work, where agents
try to load heavy material onto trucks.

Fig. 2 Learning Environment

In the factory, agents pick, hold and move heavy material and drop them
near a truck as shown in Fig. 2. The environment has obstacles and heavy
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machinery. Moreover, the movement of the human is also considered in the
learning environment. The agents can take four actions: left move, right move,
forward, and backward. By taking these actions, agents move towards the
heavy materials’ stock by navigating through obstacles and moving humans.

4.5 Agents

In the learning environment, we use Unity 3D Game objects as agent as demon-
strated in [52,24,7] and [32]. The agent is a lifter used to lift heavy materials,
move them and drop them near to truck.

In the learning environment, agents generate the state, take actions from
predefined actions (left, right, forward, and backward), and move from one
state St to St+1. Each agent must be connected with one brain. The brain
informs the agent about the action to be taken.

4.6 Pros and Cons of Proposed Model

The proposed model decreases the number of observations in the environment
for each agent. It makes the environment less nonstationary. As a result of
these advantages, the DRL becomes more scalable. A high number of agents
can be trained in a complex and dynamic environment using the proposed
model. The proposed model also has some disadvantages. The agents hesitate
to pick the heavy material when it is placed at the boundary of the partition.
This technique cannot be applicable in such an environment where two or
more agents have to pick the same heavy material and move it together.

5 Implementation

This section contains the details of how we implement the proposed model. We
also give details of the tools that are used for the implementation. Moreover,
different behavior parameters, as well as training parameters used in this work,
are discussed.

5.1 Unity 3D

Recently, the most common tool used for developing a learning environment is
Unity 3D. Hodge et al [24] used the same tool for creating a learning environ-
ment, as did [52,7] and [32]. We also used Unity 3D 2019.4.8.f1 to construct
the learning environment.
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5.2 ML-Agents toolkit

Machine Learning Agents Toolkit (ML-Agents toolkit) [27] is used to apply
RL on Unity 3D learning environments. This toolkit provides many compo-
nents including Brain, Academy, and Agent, for applying RL. Each agent is
attached to a brain component and controlled by this brain. The Academy
component is used to learn different environmental parameters. Furthermore,
it also establishes a connection between the brain and Python Tensorflow.

The size of the working area of our learning environment is 200×200. There
are different objects in the learning environment’s functional area, such as ma-
chines, humans, obstacles, heavy materials, and agents. To make the learning
environment more realistic and dynamic, we used moving humans and ma-
chines. In this way, we train our agents in a dynamic environment.

Table 3 Training Parameters Used For Our Training Setup

Parameters Values
Batch size 1024
Buffer size 16384

Learning rate 0.0003
Max steps for each episode 5000

Number of epoch 3
Number 0f layers 2

Gamma in extrinsic Reward signal 0.99
GAIL strength 0.01

Behavior cloning strength 0.5

Table 3 shows some important training parameters used to train the agents
through the proposed model. Empirical tests indicated that an appropriate
value of batch size is 1024. The value of buffer size should be larger than
the batch size. We set the buffer size value to be 16384. The proposed model
consists of local RL reward signals, GAIL and BC; we use GAIL strength 0.01
and BC strength of 0.5.

6 Results and Discussion

Firstly, we performed experiments on our proposed model using a single-agent
for comparison purposes. Moreover, we implement PPO and SAC according to
our context. Our proposed model outperformed PPO and SAC in comparison
to single-agent settings.

The agent’s highest mean reward in single-agent settings of PPO is 0.26,
SAC is 0.25 and the proposed model is 0.95, as shown in Figure 3. We train
our agents with each algorithm up to 1.5 million time steps. At the start of
the training, the agent gets a louder reward with the proposed model than
the other two algorithms. As the training steps increase, the agent attains a
better reward with the proposed model than other two methods.
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Fig. 3 Mean Reward Of PPO, SAC, and Proposed Model in Single Agent Settings

To demonstrate the scalability of our proposed model, we implemented
our proposed model in multi-agent settings and compared the results with
PPO and SAC. In the multi-agent setting, we performed experiments with
four agents and six agents. Our proposed model also outperformed PPO and
SAC in these settings.

Figure 4 shows the mean reward attained by agents in the four agents
settings. It shows the comparison of the mean reward achieved using PPO,
SAC, and the proposed model in four agent settings. This demonstrates that
our proposed model performs better, with the agents gaining higher cumulative
mean reward with our proposed model compared to the other two algorithms.

Furthermore, we compared our proposed model with PPO and SAC in
six agent settings. The mean reward in six agents settings is shown in Figure
5. The results of six agents settings illustrate that the performance of our
proposed model is better than both PPO and SAC. Figure 5 shows that the
mean reward is negative for all algorithms at the beginning of the training.
With more training, the agents explored the right state-action pairs, and the
cumulative mean reward increased. Secondly, the discriminator neural network
examines the observations and actions; with the increasing time steps, if an
agent gains higher reward, it got stricter. In this way, the performance of the
agents is improved.
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Fig. 4 Mean Reward Of PPO, SAC, and Proposed Model in Four Agent Settings

We also compared the number of heavy materials moved during testing by
agents in different settings. We consider the number of moving materials in
the first five minutes of testing and then compared the PPO, SAC, and our
proposed model.

Figure 6 expresses the number of heavy materials moved during the testing
phase. It is clearly shown in the Figure 6 that the agent trained with the
proposed model works quickly without any hesitation and moves more heavy
materials than the agents trained with the other two algorithms; the agent
trained through our proposed model moved twenty heavy materials in the
first five minutes of the testing phase.

After comparing the results of moving heavy materials in single-agent set-
tings, we compared the results of moving heavy materials in multi-agents set-
tings. In multi-agents settings, first of all, we compare the results with four
agents. The results shown in Figure 7 are the number of heavy materials moved
by agents trained through the proposed model, PPO and SAC. In four agent
settings, our proposed model performed well in the sense of moving heavy ma-
terials. Our agent moved total 155 heavy materials in the first five minutes of
the testing phase.

Furthermore, we test each method in a six agent settings. Figure 8 shows
the results of the number of heavy materials moved by agents trained through
PPO, SAC, and our proposed model. It is clearly shown that our proposed
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Fig. 5 Mean Reward Of PPO, SAC, and Proposed Model in six Agent Settings

Fig. 6 Number of heavy materials moved during testing of PPO, SAC, and the proposed
model in a single agent settings.

model performs better than SAC and PPO. Our proposed model moved total
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Fig. 7 Number of heavy materials moved during testing of PPO, SAC, and the proposed
model in a four agents settings

Fig. 8 Number of heavy materials moved during testing of PPO, SAC, and the proposed
model in a six agents settings.

405 heavy materials in six agent settings while PPO and SAC moved total 252
and 63 heavy materials respectively.

Figure 9 shows the GAIL loss value showing our model’s performance in
different agent settings. For effective training of agents, the loss value should
decrease with time. The graph shows that the loss value decreases with time in
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Fig. 9 GAIL Loss in terms of time steps

all agent settings. Thus it demonstrate the effectiveness of our model. In single-
agent settings, the loss value is not continuously decreasing. This is because,
the demonstrations in single-agent settings are low, and all state-action pairs
are not covered in demonstrations. This increases the overall GAIL loss. We
use GAIL Grad Mag Loss as another parameter to show the effectiveness of our
training process. This loss decreases continuously with steps. This illustrates
strong performance in all agent-settings. Figure 10 shows the GAIL Grad Mag
Loss.

From these results, we conclude that using BC and GAIL techniques with
PPO in dynamic environments is useful. Further it performs better in environ-
ments where rewards are sparse and scales the capability of training to more
agents compare to use only PPO or SAC. BC helps agents to mimic the behav-
ior from demonstrations, while GAIL teaches the agents to perform corrective
actions as in the demonstrations. This method helps speed up the training
process, and agents stay in their own area of responsibility which addresses
the non-stationary issue of learning environment.



Title Suppressed Due to Excessive Length 19

Fig. 10 GAIL Grad Mag Loss in terms of time steps

7 Conclusion

In this work, we have proposed a model to scale the DRL to several agents. We
use GAIL and BC with PPO to train many agents in a complex dynamic envi-
ronment. We use a partially observable learning environment. We also present
a reward structure for teaching the multiple agents in a digital factory environ-
ment. Moreover, we compare the mean reward of our Proposed Model, PPO,
and SAC. Our experimental results show that our proposed Model outper-
formed the PPO and SAC. In simulations, we offer the agents moving heavy
materials in a digital factory. Agents navigate the stock of heavy materials and
then move the heavy materials to the destination using DRL. In this work, we
did not teach agents through DRL how agents pick heavy material and drop
it. We use hard to code for this process. In the future, we will consider training
agents on how to pick and drop heavy materials through DRL.
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