2024 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS)

October 14-18, 2024. Abu Dhabi, UAE

The Effectiveness of State Representation Model in Multi-Agent
Proximal Policy Optimization for Multi-Agent Path Finding

Jaehoon Chung!, Jamil Fayyad®, Mehran Ghafarian Tamizi' and Homayoun Najjaran

Abstract— Multi-agent pathfinding plays a crucial role in
various robot applications. Recently, deep reinforcement learn-
ing methods have been adopted to solve large-scale planning
problems in a decentralized manner. Nonetheless, such ap-
proaches pose challenges such as non-stationarity and partial
observability. In this paper, we address these challenges by
integrating a state representation model into a multi-agent
proximal policy optimization framework. To do so, we pro-
pose to utilize a state representation model which extracts
representation features from the global map and leverages this
information to enhance the training process. Our approach
involves decoupling the feature extractor from the agent train-
ing process, enabling a more accurate representation of the
global state that remains unbiased by the actions of the agents.
Furthermore, our modularized approach offers the flexibility
to replace the representation model with another model or
modify tasks within the global map, without the retraining of
the agents. We demonstrated the effectiveness of our approach
by comparing three multi-agent proximal policy optimization
frameworks. Our experimental results demonstrate that our
approach improves the average episode reward compared to
the other approaches.

I. INTRODUCTION

Deep reinforcement learning (DRL) is a framework where
a reinforcement learning (RL) agent learns optimal actions
by iteratively exploring and exploiting an interactive envi-
ronment, leveraging deep learning (DL) models. Notably,
DRL has made substantial strides in mastering complex do-
mains in sequential decision-making tasks and control chal-
lenges [1]. These advancements have spurred considerable
interest within research communities, particularly in devel-
oping autonomous models for scenarios involving multiple
agents, often mirroring real-world industrial complexities. It
has led multi-agent deep reinforcement learning (MADRL)
to become a focal point of rigorous research area. In many
cases, multi-agent pathfinding (MAPF) emerges as a crucial
initial step towards solving collective tasks [2], establishing
itself as a thriving subfield within MADRL research. MAPF
addresses the challenge of coordinating multiple agents to
navigate collision-free paths towards their respective goal
points [3]

One of the primary challenges in solving MAPF is the
scalability issues, particularly concerning large maps and
a substantial number of agents [4]. A growing number of
agents normally entails an exponential increase in compu-
tational memory and time, resulting in resource-intensive
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models and practical hurdles for real-world applications.
Recent studies have sought to address this issue through the
adoption of distributed or decentralized approaches, wherein
agents make decisions based on individual observations [5]-
[7]. The decentralized execution, inherent to MADRL ap-
proaches, facilitates the dynamic scaling of the number of
agents — an advantage lacking in centralized executions
with fixed input-output dimensions. However, decentralized
approaches inevitably bring about non-stationarity issues and
limitations in accessing complete environmental information
due to partial observability. Non-stationarity arises from the
dynamic nature of the environment, where updates from
other agents constantly change the environment [8]. Hence,
the predictions based on previous experiences lie less reliable
over time. On the other hand, partial observability refers
to each agent’s limited observation range, restricting direct
access to all relevant environmental states necessary for
decision-making [9].

One of the efforts to mitigate non-stationarity in MAPF is
fostering communication among agents. DHC [6] achieved
this by integrating graph convolutional communication
blocks and guided RL, successfully enhancing the stationary.
Their subsequent work further improved communication
by minimizing redundant information in broadcast com-
munication, ensuring agents access only pertinent data for
decision-making. Chen et al [7] addressed non-stationarity
in MAPF without explicit communication but by capturing
implicit collaborative information between agents. Similarly,
PICO [10] integrated learned implicit planning priorities
with a communication learning scheme and demonstrated its
effectiveness.

Another challenge in MAPF posed by partial observability
has been addressed through the centralized training and de-
centralized execution (CTDE) scheme [11]. In this approach,
agents access the environmental state representation and
team rewards during the training phase, whereas the learned
policies rely solely on each agent’s local observation during
the execution phase. This framework reduces the likelihood
of agents making undesirable selfish behaviors, fostering
agents to align with team objectives or collaborative rewards.
However, since the full state of the environment is normally
not known in most industrial settings, the environmental state
is represented by aggregation of local observations from
the agents. Hence, the effectiveness of the CTDE scheme
depends on the accurate representation of the environmental
state.

Specifically, the state-representation studies in multi-agent
proximal policy optimization (MAPPO) have empirically
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demonstrated the efficacy of training the critic network
with agent-specific global state (ASGS) representations [12].
Inspired by this research, we propose a state representation
model where it reconstructs a global map image from the
set of local observations and leverages it to extract spatial
context and inform it in the CTDE scheme of the MAPPO
framework. Given that the entire dimension of aggregated
local observations varies with the number of agents, model-
driven feature extraction can maintain a consistent dimen-
sional state irrespective of varying numbers of agents. We
investigate the impact of introducing this model and outline
our main contributions as follows.

o We proposed decoupling the feature extractor network
from the agent training framework. This allows updating
the feature extractor or modifying the task without
retraining the actor-critic networks.

o We generated a global map dataset by utilizing local
observations of agents in a partially observable envi-
ronment. The dataset is collected by rolling out diverse
scenarios with a varying number of agents.

o We evaluated the effectiveness of our approach through
a wide range of experiments, including a comparison
with two other MAPPO frameworks.

II. BACKGROUND AND RELATED WORK
A. Deep Learning-based Multi-Agent Path Finding

Numerous approaches in the domain of MADRL or DRL
have been deployed to effectively tackle the challenges posed
by large-scale MAPF problems by enabling communication
or coordination among agents in MAPF. One of the pioneer-
ing works in learning-based MAPF is PRIMAL [13], which
has inspired many subsequent studies aiming to develop
solutions for large-scale MAPF. PRIMAL was improved
by designing agents to learn conventional behaviors that
enhance implicit agent coordination and was extended to
address lifelong MAPF (LMAPF) scenarios [14]. Wang et
al [15] introduced a transformer-based communication learn-
ing mechanism into PRIMAL to mitigate conflicting mes-
sages in highly-scaled MAPF and foster agent cooperation.
Another noteworthy extension of PRIMAL is ALPHA [16],
where a graph transformer framework allows agents to access
fuzzy global information, thus facilitating proactive policies
for agents. This approach demonstrated enhanced agent
coordination when global information is made accessible to
agents, resulting in significantly reduced episode lengths.

B. Proximal Policy Optimization

Proximal Policy Optimization (PPO) [17] stands out as an
advanced policy-gradient method, serving as an on-policy
DRL algorithm that learns from actions taken within the
current policy. It has demonstrated its empirical competi-
tiveness against other state-of-the-art DRL methods, coupled
with its simplicity of implementation. Instead of imposing
a hard constraint, PPO utilizes clipping of the objective
function and introduces importance sampling to evaluate a
new policy using samples collected from the original policy.
Subsequently, after a certain number of iterations, it updates

Algorithm 1 PPO with Clipped Objective Function
Require: initial actor parameters wy, initial critic parameters
o, clipping threshold e,
for k=0,1,2,... do
Collect set of partial trajectories Dy, = {7;} on
policy m = 7(wg)
Derive reward R;
Estimate advantages Aff,z using any advantage estima-
tion algorithm based on the current value function Vyy
Compute policy update:
wi41 = argmax,, Lo, (w) = Br - Drr(wl|w)
by taking K steps of minibatch SGD (via Adam),
where

T

Ly, (w)= B, [Z {min (M 'AS;Z’

i—o ooy, (atst)

oy (ag]se) t
cip(———=,1—¢,1+¢ ~A§)))
(M(at\st) ) A
Compute value estimate function update:2
Op+1 = argming E-or (Vg(st) — Rt)
end for

the original policy to the new policy. Algorithm 1 presents
the pseudocode details of PPO.

PPO can be effectively extended to MAPPO through
CTDE paradigm with improved performance in multi-agent
settings. Here, the critic-network Vy maps the global state
to the return: S — R. The actor-network 7, on the other
hand, maps agent observation o§“) to a distribution over
actions in action spaces. In discrete spaces, the network
outputs a categorical distribution among the action spaces. In
continuous space, the network outputs the mean and standard
deviation vectors of a Multivariate Gaussian Distribution,
allowing actions to be sampled from it.

C. State Representation Model

Model-based methods have been designed to address
sample inefficiency issues in DRL. World model is one
of the prominent model-based approaches where a visual
model learns image features in an unsupervised manner
to aid the decision-making of a controller by informing
extracted features. Inspired by the human internal perception
model’s impact on decision-making, Ha et al [18] introduced
a Variational Autoencoder (VAE) that simulates learning in
imagination, acting as an agent internal perception model of
the RL environment. This VAE converts the state provided
by the environment into a compressed spatial and tempo-
ral latent context. The concept of learning in imagination
through a world model has led to successful extensions
in various domains, such as SimPLe [19], IRIS [20], and
DreamerV3 [1].

In our work, we propose to encode the global map where
the spatial context of the global information is trained in
an unsupervised manner. As a result, our approach removes
the need for heuristic algorithms, manually driven feature
extraction, or topological representation.
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I1I. PROBLEM DESCRIPTION
A. Environmental Setup

While many other MAPF studies utilize the common 2D
discrete grid world setup, we depart from convention by em-
ploying the Vectorized Multi-Agent Simulator (VMAS) [21].
Designed specifically for a PyTorch-based vectorized 2D
physics engine, VMAS offers a continuous world setup that
better reflects real-world dynamics. The grid world setup,
while widely used, imposes limitations by confining agents’
movements to 4 or 8 connected adjacent grids with fixed
speeds. Additionally, it does not reflect the law of inertia in
robot motion dynamics. Although opting for a continuous
environment with physics dynamics poses the agents more
challenging tasks of MAPF, we enable agents to exhibit
versatile mobility and more realistically simulate real-world
scenarios.

VMAS encompasses a variety of challenging multi-robot
scenarios, including MAPF, which is accessible through its
navigation scenario mode. In our study, we focus on this
mode. During each episode, agents are randomly spawned
in a 2D continuous space without obstacles, with the map
bounded by (—1,1) on both the x-axis and y-axis. each
agent is assigned a radius of 0.03 and equipped with sensory
capabilities, enabling it to perceive its current position,
velocity, relative displacement to the goal, and the local
observations from a lidar sensor. An episode terminates either
when all agents successfully reach their respective goals at
the end of a time step (success) or when the number of time
steps reaches a predefined limit (failure). Agents involved in
collisions incur penalties per collision.

B. Observation Representation

In VMAS, the environment is assumed to be partially
observable, restricting agents to accessing only local obser-
vations. Each agent’s lidar has a range of 0.3 and provides
12-ray data representing distances to surrounding objects. If
a lidar ray detects no object within its sensing range, the
agent receives a reading of O for that ray. This partially
observable setting of VMAS makes agents susceptible to
long-horizontal planning capability beyond immediate sur-
roundings. To address this limitation, we propose providing
agents with access to a certain representation form of the
global state. Within the original setting, a global state can be
represented as the concatenation of local observations. How-
ever, the state dimensionality of this representation varies
with the number of agents and may overlook crucial global
information unobserved by individual agents. Conversely,
providing agents with the global state alone lacks agent-
specific information, potentially leading to homogeneous
agent behavior of all agents in the absence of local obser-
vations. Thus, it is essential to integrate global information
with local observations.

1) Global Map Representation: In our study, we represent
global information as a 2D image map with 64 x 64 pixels.
We believe image representation of the global map can
more effectively capture spatial information compared to
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Fig. 1. The training framework of the state representation model. The
model is the encoder part with 4 convolutional layers and 2 fully connected
networks of the ConvAE that learns the global map image dataset. The
global map includes information on the agents’ location and goal points.
The role of the state representation model is to abstract the spatial context
of the global map to inform agents with global state representation with
reduced dimension.

representing it as coordinate locations. Additionally, image-
based representation adapts well to scalability challenges
posed by the varying number of agents without altering
dimensionality. The 2D global image map encompasses
agents’ current locations and goal points.

C. Action Space and Reward

In VMAS, agent actions are 2D forces within the physics
engine, enabling holonomic motion. After each action step,
individual agents receive rewards based on their respective
statuses. The reward structure is outlined in Table I. After
each time step, individual rewards are accumulated to form
the team reward.

TABLE I
REWARD STRUCTURE OF VMAS Navigation MODE

Status Reward
Positional Reward || d(zcur, 9) — d(@prev, 9)
Collision -1
Final 0.01

IV. LEARNING WORLD MODEL

The training framework of the state representation model
is illustrated in Fig 1. The primary role of the model
is to extract an abstract, compressed representation from
the global map generated from agents’ observations and
inform agents of the spatial context. Here, we employ a
simple convolutional autoencoder (ConvAE) as our state
representation model. We collect training data comprising
5 episodes for varying numbers of agents, ranging from 2
agents to 100 agents. Each episode consists of 50 frames,
resulting in a total of 24750 frames for the training dataset.
The episodes are rolled out using the MAPPO model from
BenchMARL [22]. The ConvAE takes a 4 x 64 x 64 global
map image input tensor and processes it through 4 convo-
lutional layers and 2 fully connected networks (FCN) layers
to encode it into a latent vector with 256 dimensions. The
decoder then reconstructs the original image frame from the
latent vector.
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Fig. 2. The training slope of the state representation model. The model
trained for 162 epochs is selected as it overfits the training dataset when
trained with further epochs.

Each convolution and deconvolution layer uses a stride of
2 and padding of 1. The first convolutional layer employs
an (8 x 8) kernel and outputs 64 channels, resulting in a
64 x 30 x 30 tensor. Subsequently, the tensor is passed to
the second convolutional layer with a (6 x 6) kernel and 128
channels, outputting a 128 x 14 x 14 tensor. The third and
last convolutional layers have the same kernel size as the
second layer but with 256 and 512 channels, respectively,
outputting 256 X 6 x 6 and 512 x 2 x 2 tensors. Finally,
the tensor goes through two FCN layers with 256 nodes
to generate the latent vector. The decoder reconstructs the
original 4 x 64 x 64 image by passing the latent vector to
an exactly inverted network architecture to the encoder. The
decoder learns to minimize the mean-squared error (MSE)
between the reconstructed image and the original image.
We train the model for 1000 epochs, saving the encoder
model every 10 epochs. The model closest to convergence
of the loss function without overfitting the training dataset is
selected as the state representation model to avoid overfitting.
Fig 2 shows the result of the training slope of the state
representation model.

V. STATE REPRESENTATION MODEL-BASED MAPPO
FOR MAPF

A distinctive feature of this work from previous studies uti-
lizing MAPPO [12], [17] is that the actor-critic network not
only depends on individual observations but also the features
from the global map itself extracted from the state represen-
tation model. While the study [12] empirically shows that the
ASGS facilitates value learning and enhances MAPPO’s per-
formance, the critic-network parameters are updated based
solely on value function. This may force the critic-network
to update ASGS based on value function, which may be
biased by the training process and not fully reflect the spatial
context of the global state. Our approach intends to inform
agents with a better representation of the environmental
state and explores the potential of incorporating the state
representation model into the MAPPO framework. The state
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Fig. 3. The framework of ASGS-based MAPPO and the state representation
model-based MAPPO. The main difference between the two frameworks is
the location of the global map feature extractor. In ASGS-based MAPPO, the
encoder is inside the critic making the parameters updated simultaneously
with the value function networks. This incurs the encoder to extract global
map features based on value function which can be biased by the agent
training process. Whereas, the encoder in the state representation model-
based MAPPO extracts global map features based on the global map itself
via pre-trained model.

representation model can also effectively reduce the input
dimension to the MAPPO network, lightening the size of the
network parameters. This may allow more compact agents
in real applications.

In this paper, we conduct a comparison study between
ASGS-based MAPPO and state representation model-based
MAPPO for MAPF. The differences between the two
MAPPO frameworks are depicted in Fig 2. The critic-
network of ASGS-based MAPPO consists of an encoder with
the same architecture as our proposed framework described
in section IV and two subsequent FCN layers. The encoder
extracts 256-dimensional image features from the global map
and those features are concatenated with 18-dimensional lo-
cal observations to constitute 274-dimensional ASGS. Then,
the ASGS is passed through the FCN layers which are
comprised of 274 nodes to estimate the team objective
function which is the expected reward of the entire rewards at
the end of the scenario. On the other hand, the critic-network
of the state representation model-based MAPPO consists of
only two FCN layers with 274 nodes. It also takes the input
with the concatenation of the environmental states and local
observations, but the environmental state this turn is extracted
from the model.

The actor-network of both frameworks only takes input
from the agent’s local observations and passes them through
2 FCN layers with 128 nodes. Since the agents’ action
space is continuous, we utilize a probabilistic actor with a
stochastic policy. The actor-network outputs the mean and
scale parameters of a distribution and the action is derived
by passing those parameters to the Tanh-normal distribution
with the action space boundaries. Both frameworks adopt
common practices in implementing PPO, including General-
ized Advantage Estimation (GAE) [23] with value-clipping.
The hyperparameter details for GAE and PPO loss are listed
in Table II. €., refers to the value-clipping threshold for
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Fig. 4. The training curve of baseline MAPPO, ASGS-based MAPPO, and
state representation model-based MAPPO.

PPO loss, v to discount factor, A to GAE coefficient, and
€etp to entropy multiplier for computing the total loss.
According to the study in [12], the networks are trained
using 10 epochs per update to improve the stability of policy
and value learning. Besides, we split the training data into
two mini-batches to improve practical performance by using
more data to estimate gradients as suggested in [24]. 500
VMAS scenarios are chosen as the batch size for training the
frameworks and both MAPPOs are trained until convergence.

TABLE I
HYPERPARAMETERS FOR TRAINING MAPPO

Hyperparameters Value
heigh[&c”p 0.2
¥ 0.9
A 0.9

€etp 0.0001

VI. EXPERIMENT RESULTS

We train several baseline MAPPO, ASGS-based MAPPO,
and state representation model-based MAPPO with different
numbers of agents. The baseline MAPPO trains the critic
network with the concatenation of local observations from
agents. According to the training results, our proposed frame-
work tend to better learn the problem than other two frame-
works. Fig 4 shows the training curve on the frameworks
with 20 agents settings and Fig 5 shows the training results
of the converged value of the episode reward means over
training the environments with different numbers of agents.
The episode reward mean tends to drop when the number of
agents exceeds 80, which might caused by the congestion of
a large number of agents blocking each other’s path within
a limited square box. Still, the experimental result shows
that the MAPPO framework tends to extract more relevant
information for mapping actions with rewards from state
representation model than a simple concatenation of local
observations from entire agents, or ASGS.
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Fig. 5. The average episode reward of training baseline MAPPO,

ASGS-based MAPPO, and state representation model-based MAPPO. The
experiment results were derived across 20, 40, 60, 80, and 100 agents. The
error bars denote the deviation of the episode reward means.

VII. CONCLUSIONS AND FUTURE STUDIES

This work demonstrates that MAPPO trained with better
state representations achieves improved results in value learn-
ing and policies for MAPF. Specifically, we propose a state
representation model-based MAPPO framework where the
model is introduced to extract the spatial context of the global
map in the MAPF environment and provide the environmen-
tal information to the MAPPO framework. ConvAE is trained
with global map samples and the encoder part of the trained
ConvAE is extracted as the state representation model.
We conduct a comparison study between three MAPPO
frameworks: baseline MAPPO, ASGS-based MAPPO, and
proposed MAPPO framework. The experimental result shows
that our proposed framework provides a better representation
of the global state for improved episode reward means.

Our study still shows that there is a limitation in our frame-
work when applied to a congested environment. However, we
believe it builds the foundation of future work and has the
potential to address the issue and to provide further improve-
ments. Firstly, the state representation model can provide
global information not only to the critic but also to the actor
as it abstracts the high-dimensional environmental state to
a size-invariant low-dimensional latent vector. This would
allow the agents’ policy networks to have a compact memory
size with low computational costs for the policy network.
We also expect this would reduce both non-stationarity and
partial observability of the agents in the MAPF environment,
without formulating a communication algorithm between the
agents.

Moreover, we only study the simplest ConvAE model
for the state representation model in this work. Since it
only captures a single frame of the global map to ex-
tract contextual features, spatial information is extracted to
represent the environmental state in this study. However,
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spatio-temporal information can be extracted by adopting
sequence models. This might improve the state representation
of global information and facilitate the agents to become
more proactive.
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