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Abstract

Intelligent agents and multi-agent systems are increasingly used in complex scenarios, such as controlling groups of drones and
non-player characters in video games. In these applications, multi-agent navigation and obstacle avoidance are foundational
functions. However, problems become more challenging with the increased complexity of the environment and the dynamic
decision-making interactions among agents. The Multi-Agent Deep Deterministic Policy Gradient (MADDPG) algorithm
is a classical multi-agent reinforcement learning algorithm successfully used to improve agents’ performance. However, it
ignores the temporal message hidden in agents’ interaction with the environment and needs to be more efficient in scenarios
with many agents due to its training technique. To address the limitations of MADDPG, we propose to explore modified
algorithms of MADDPG for multi-agent navigation and obstacle avoidance. By combining MADDPG with Long Short-Term
Memory (LSTM), we obtain the MADDPG-LSTMactor algorithm, which leverages continuous observations over time as
input for the policy network, enabling the LSTM layer to capture hidden temporal patterns. Moreover, by simplifying the
input of the critic network, we obtain the MADDPG-L algorithm for efficiency improvement in scenarios with many agents.
Experimental results demonstrate that these algorithms outperform existing networks in the OpenAl multi-agent particle
environment. We also conducted a comparative study of the LSTM-based approach with Transformer and self-attention
models in the task of multi-agent navigation and obstacle avoidance. The results reveal that Transformer and self-attention do
not consistently outperform LSTM. The LSTM-based model exhibits a favorable tradeoff across varying sequence lengths.
Overall, this work addresses the limitations of MADDPG in multi-agent navigation and obstacle avoidance tasks, providing
insights for developing intelligent agents and multi-agent systems.
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Introduction

Intelligent agents have become increasingly prevalent in
various industries, including manufacturing and military
applications. However, as their operational environments
become complex, single-agent systems are no longer ade-
quate. The emergence of multi-agent systems has captured
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the attention of researchers, as they offer improved perfor-
mance in challenging environments by enabling agents to
communicate and collaborate effectively. Multi-agent sys-
tems have been applied in various fields, including traffic
regulation, computer games, and robotics [1].

One of the most critical features of multi-agent systems is
the ability to navigate and avoid obstacles. Efficient and safe
navigation is crucial for the increasing adoption of mobile
multi-agent systems in various fields, including autonomous
driving cars and warehouse robots. Therefore, develop-
ing effective multi-agent navigation and obstacle avoidance
techniques is significant in artificial intelligence. By incor-
porating machine learning and other advanced technologies,
researchers can improve the performance of multi-agent
systems and enable them to tackle increasingly complex chal-
lenges in various applications.
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The problems

Obstacle avoidance is a critical aspect of autonomous nav-
igation, and as such, research in the field of autonomous
navigation has focused on exploring this topic. However,
traditional route planning algorithms like A* [2] exhibit
limitations, including inefficient adapting to dynamic envi-
ronments and increased time complexity with adding agents.
Fortunately, with advancements in deep learning, deep rein-
forcement learning has been introduced into multi-agent
systems. Multi-agent reinforcement learning has emerged as
a promising solution to obstacle avoidance and navigation
challenges, offering improved performance and scalability.

In the early stages of multi-agent reinforcement learning,
the initial approach was to have each agent run indepen-
dently a separate reinforcement learning algorithm. For
instance, Individual Q-Learning (IQL) [3] executes indi-
vidual Q-learning [4] algorithms for each agent. Another
example is the Individual Deep Deterministic Policy Gra-
dient (IDDPG), which runs separate DDPG [5] algorithms
for each agent. However, since each agent cannot access
other agents’ actions or observations, it cannot differenti-
ate whether the environment change is due to the action of
other agents or environment stochasticity. From the agent’s
perspective, this instability results in convergence failure [5].

Multi-Agent Deep Deterministic Policy Gradient (MAD-
DPG) [6] introduced the Centralized Training and Decentral-
ized Execution (CTDE) approach, allowing agents to access
other agents’ actions and observations during the training
phase, even the global observation of the entire environment.
The CTDE approach can enable agents to understand the
environment and ensure the stability of the training process,
leading to higher performance. However, centralized train-
ing still has limitations, as it requires each agent to consider
others’ actions and observations during training, resulting in
exponentially increasing joint action space as the number of
agents grows. To address this issue, the Value Decomposition
Network (VDN) [7] adds all agents’ local critics’ output to
obtain the global action value, and the Monotonic Q-Value
Decomposition Network (QMIX) [8] passes all agents’ local
action values to the mixer network to estimate the value of
the joint action of all agents. As Q-learning, the primary rein-
forcement learning algorithm of QMIX, is only applicable
for discrete action space, Factorized Multi-agent Actor-Critic
(FACMAC) [9] was proposed as a supplement for continuous
action space.

In the tasks of agent navigation and obstacle avoid-
ance, the observation and action of each agent exhibit a
continuous time-series pattern. Techniques such as Long
Short-Term Memory (LSTM) [10] and Transformer [11]
can be employed to improve performance and stability in
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the reinforcement learning process. However, their poten-
tial application in multi-agent navigation by reinforcement
learning still needs to be explored and further investigated.

Our contribution

This article proposes to explore modified algorithms of
MADDPG for solving the problems of obstacle avoidance
and navigation in multi-agent systems. The algorithm will be
trained and executed in a virtual environment, and the exper-
iment will investigate whether incorporating the time-series
pattern can enhance the algorithm’s performance. Addition-
ally, the study aims to explore how to scale the multi-agent
algorithm to accommodate a more significant number of
agents. Two algorithms, viz., MADDPG-LSTMactor and
MADDPG-L, are obtained. The algorithms and the recent
baseline algorithms, IDDPG, MADDPG, and FACMAC,
were tested in several virtual environments. The results
suggest that the MADDPG-LSTMactor algorithm performs
better than the underlying MADDPG and other baseline algo-
rithms. The MADDPG-L algorithm demonstrates the best
performance as the number of agents increases.

The Transformer model and self-attention mechanism
have recently become popular baselines when dealing with
sequential data. These are crucial baselines that cannot be
overlooked. Consequently, we conduct a comparative study
of the LSTM-based approach with Transformer and self-
attention models in the task of multi-agent navigation and
obstacle avoidance. We substitute the LSTM layer in previous
algorithms with the self-attention layer to see if the self-
attention mechanism can outperform the relatively old LSTM
model in four environments when the input sequence length
is short. The results suggest no significant evidence that
self-attention can outperform the LSTM. In another exper-
iment, we compared the model with the LSTM layer, the
self-attention layer, and the Transformer model in the obsta-
cle prey-predator environment as the input sequence length
increased. The results show that the Transformer model per-
forms weakly when the sequence is short, but its performance
improves as the size increases. However, its performance
decreases as variance in the data increases due to long-
length data. Although the Transformer model has a slower
performance decrease than the LSTM model, it still cannot
outperform the short-length LSTM model. On the other hand,
the self-attention mechanism performs best with short-length
data. Still, its performance deteriorates quickly as data length
increases, and it is incapable of dealing with long-range data.

Related work
A work [12] closely related to our work on exploiting time-

series features in the multi-agent setting took a different
structure to our design due to the other focus of the task.
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With its task being keeping a formation through moving in the
environment, our work mainly focuses on the cooperation of
agents in multi-agent path planning and obstacle avoidance.
Regarding the performance differences between LSTM, self-
attention, and Transformer, [13, 14] support the conclusion
that LSTM still performs better than the other two in some
instances. The first study compared a simple bidirectional
LSTM and pre-trained BERT models on a task-specific small
dataset. The second study applied both models to financial
time-series prediction problems. Our work provides another
comparative study of these models in multi-agent reinforce-
ment learning scenarios.

Background

DDPG

In Deterministic Policy Gradient (DPG), the deterministic
policy u, parameterized by 6, will output a specific action
u given a state s, u = up(s), as opposed to a stochastic
policy which gives the probability of different actions. This
simplifies the calculation of policy gradient as integration is
only required for the state rather than the state and action.

The policy’s goal is to maximize a performance measure
function available J(ug) = Es~,[r(s, po(s))] with p be the
distribution of state s. And r is the reward function calculated
by the action-state pair. The DPG algorithm learns the policy
by improving according to its action-state estimation func-
tion Q through policy gradient ascent. The policy gradient is
calculated as shown in Eq. (1).

Vo J (0) = Esp[ Voo |s)Vi Q" (s, 1)lu=py(s) ] (D

Deep Deterministic Policy Gradient (DDPG) [15] is a
deep learning-based algorithm that uses neural networks to
represent both the policy network p and evaluation function
Q". In the multi-agent setting, IDDPG extends DDPG by
independently executing a DDPG algorithm on each agent.

MADDPG

The Multi-agent Deep Deterministic Policy Gradient (MAD-
DPG) algorithm is a classic multi-agent reinforcement
learning algorithm that extends the DDPG algorithm to
the multi-agent domain by adopting the Centralized Train-
ing Distribution Execution (CTDE) training method. It uses
offline learning to train agents that perform actions within a
continuous action space. In the MADDPG algorithm, each
agent is introduced with the basic structure of actor—critic,
learning the deterministic policy network 1, and the action
evaluation function Q*« that belongs exclusively to the agent

a, respectively. Since each agent’s policy and action eval-
uation function belongs only to the agent itself, it applies
to totally-competitive, totally-cooperative, or mixed-setting
environments.

Inthis article, agenta’s policy network 1, is parameterized
by 6,, that is u,(z4; 6,), T, is the observation of agenta. The
joint policy of all agents is noted as u, i = {11a(Ta; 6a)};_ ;-
Each agent’s critic network is noted as Q"«, with ¢, as its
parameters. The critic network evaluates agenta’s action by
the state s of the environment and the joint action u of all
agents, which is Qa(s, uy, us...uy,; ¢4). The critic net-
work of agents Q*« is trained in a time differential fashion,
aiming to minimize loss £(¢,), as in Eq. (2).

L(pa) = ED[(y“ — Q"(s, ur, uz .. ups ¢a))2] @)

where y* = rq+y Qe (s’, uy, uh ... U, |u;=ua(fa;9¢7); ¢a_).

r, denotes the reward obtained by agent a’s interaction
with the environment, ¢, is the parameter of the target critic
network, (u’l, uy, u;) represent the target action of all
agents chosen by their target policy network with parameter
6, . The experience tuple stored in replay buffer D is (s, s/,
UL, UDy oo Up, T, 2, .. Ty).

The policy gradient J(u,) of agent a is calculated in

Eq. 3).

Vea J(pa)

= Ep[ Ve, tta(ta) Vi, O (s, ur, u2, . tn) luy=puo ()]
3)

Importantly, it should be noted that during training, while
the action taken by the currently trained agent a is computed
using its policy network, the actions taken by other agents
are retrieved from the replay buffer. MADDPG serves as
the primitive algorithm for our method and a benchmark to
compare against in the experiments.

VDN and QMIX

Value Decomposition Network (VDN) and Monotonic Q-
Value Decomposition Network (QMIX) are multi-agent
reinforcement learning algorithms utilizing centralized train-
ing distribution execution.

These algorithms aim to train a centralized critic that eval-
uates the global action-state value, denoted as Qf. Unlike
the MADDPG algorithm, the environmental action evalua-
tion function trained by VDN and QMIX has only one output
that evaluates the global action-state value, and it is calcu-
lated in a decomposed fashion. Precisely, VDN sums each
agent’s environmental action evaluation functions, as shown
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in Eq. (4).

0% (T us ) =Y Q1 (Tar ttas $a) )

a=1

Here 7 and u represent all agents’ joint observation and
action. Q5“ is the local critic network of agent a with m,
serving as its stochastic policy network. It is essential to
acknowledge that Q}“ makes evaluation solely based on the
agent’s local observation record 7, and its actions u,, in con-
trast to MADDPG, where the evaluation functions take the
global environment state and actions of all other agents into
account.

The monotonic Q-value decomposition network (QMIX)
uses a monotonic continuous mixing function to calculate
the global action-state evaluation function Qf, as shown in

Eq. (5):

Qﬁ)t (t’ u, s; ¢’ ‘ﬁ)
= fy (s, Q7' (t1s u1s @1), - QF (Tns s B))  (5)

Here fy is the mixing function parameterized by ¥, s is
the global state, Q7 (t4, ug; ¢4) is the local critic network
of agent a, which is parameterized by ¢, with the agent’s
observation 7, and action u, as its input.

To ensure that the actions chosen by each agent when Qf,
is maximized are consistent with those selected when the
agent’s action-state evaluation function Q“ is maximized,
the mixing function must be monotonic. In practical applica-
tions, the mixing function in QMIX is often implemented as
a neural network, which incorporates non-negative weights
to ensure its monotonicity. The monotonic QMIX algorithm
will still use the time differential algorithm for training with
the target network and find the optimal solution by reducing
the loss function L(¢, 1), as shown in Eq. (6):

L@, ) = Ep| (" = Qfy(r. u. 53 9. )] (©)

where y° = r +y max or (< u'.s's o=, ¥7)
u

¢~ is the set of network parameters for the target critic
network of each agent, and ¥~ is the target mixing network
parameter.

FACMAC

The Factored Multi-Agent Centralized Policy Gradient
(FACMAC) algorithm is designed to address multi-agent
reinforcement learning problems with continuous action
spaces. By contrast, VDN and QMIX are primarily utilized
for tasks with discrete action spaces.

MADDPG adopts the centralized training of the action
evaluation network Q! using the CTDE method. This
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technique learns a centralized critic for each agent, which
evaluates the overall environment and all agent actions. How-
ever, as the number of agents and the action space increase,
optimizing the action evaluation network Q4“ becomes
more challenging. This difficulty arises from the exponential
increase in the input vector’s dimension (s, uy, u3...u,) of the
environmental action evaluation network Q4 of each agent.
Therefore, the Factorized Multi-Agent Centralized Policy
Gradient Algorithm (FACMAC) proposes the use of value
factorization to construct and train a centralized environmen-
tal action evaluation function Ql, that is easier to cope with
the increase in the number of agents and the increase in the
action space.

As the fundamental algorithm framework, FACMAC uti-
lizes the Actor-Critic structure. In this structure, each agent a
relies on its policy network p, to calculate a unique action u,
based on its local action observation history 7, when select-
ing an action. Unlike the agents in VDN and QMIX, the agent
only relies on the action value provided by the action eval-
uation function Q! to choose an action. Therefore, there
is no need to impose monotonicity restrictions on the mix-
ing function when constructing the factored and centralized
critic Qf,. This feature enables FACMAC to decompose
the centralized environmental action evaluation function Q'
more freely without compromising its performance, making
it more adept at handling complex environments.

The centralized action-value evaluation function of FAC-
MAC is shown in Eq. (7):

Ok (T, u, 55 ¢, V)
=gy (s, O (xi, urs @1)s .. OB (tus uns B0))  (7)

¢ and ¢, represent the parameters of the centralized action
evaluation function Q};, and the local environmental action
evaluation function Q,“ of each agent a, respectively. gy
is a nonlinear mixing function, which is not restricted by
monotonicity, and the parameter is . The learning method
is the same as the QMIX, the target network is used to learn
the centralized action evaluation function. The loss function
is expressed in Eq. (8):

L@, ¥) =Ep| (" = Olur, u, 55 ¢, )’ ®)

where y°' = r +y Qi (t/, u(t;07), s's o7, ¥ )

In the calculation of the policy gradient, FACMAC pro-
poses a calculation method that computes the centralized
policy gradient as in Eq. (9):

VoJ (1) = Ep[ VoV, O, (t, i (1)), p2(12) ... tn(tn), )]
9)
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In contrast to the gradient calculation method of MAD-
DPG presented in Eq. (3), FACMAC calculates all agents’
actions u, using the policy network p, of each agent a based
on its local action observation history t,. In contrast, MAD-
DPG only calculates the action u, of the currently trained
agent a, while sampling the actions of other agents from the
replay buffer.

Transformer and self-attention mechanism

The Transformer model signals a departure from tradi-
tional sequential processing models, such as recurrent neural
networks (RNNs), by relying solely on self-attention mech-
anisms. It features its attention mechanism, enabling it to
simultaneously consider all input sequence positions, foster-
ing more effective learning for contextual relationships.

The Transformer architecture consists of an encoder—de-
coder structure, but in our case, it can also be applied in an
encoder-only configuration for feature extraction.

The core components of the Transformer are the multi-
head self-attention mechanisms and feedforward neural net-
works. Given a sequence of input X = {x1, x2, ..., x,},and
the output ¥ = {y1, y2, ..., yu}, the computation of a single
head is in Eq. (10):

Y 0 Kj
Y, = Zsoftmax(w Vi (10)

j=1

where O; = XWg, K; = XWg and V; = XWy are
linear transformations applied on the input sequence, and
Wy, Wi, W are the weight matrices for the query, key, and
value. Softmax is applied row-wise. The output and input of
the self-attention layer are connected by residual blocks and
a normalization layer.

The output of heads Y1, Y>...Y, are then concatenated
and went through another linear projection ¥ = W[Y,
Y>...Y,]. The output of the self-attention module is then
passed into a feedforward neural network with two layers and
aReLU activation function. The output of the neural network
and the input are also connected in a residual fashion with
layer norm. These complete the computation inside a single
encode or decode block, and by repeating this process for N
times, we get the final output of the model.

The design of algorithms

MADDPG-LSTMactor

In multi-agent reinforcement learning tasks, agents interact
with the environment using their policies and gain rewards
from the influence of their actions on the environment. In this

learning process, the actions and observations of each agent
and the states of the environment all exhibit time-series char-
acteristics. Leveraging such a time-series feature has shown a
promising performance improvement in reinforcement learn-
ing since the agent can now consider historical data when
making decisions akin to humans. With our task aims at pro-
viding a collision-free path for multiple agents in a partially
observable environment, the agents rely on the observation
sequence and action sequence to understand their current
position and whether the change of the relative positions of
obstacles (including other agents) to them is only caused by
their action solely. Since the agents move continuously in
our setting, the time-series feature of historical observation
and action is more prominent. With this insight, we propose
incorporating mechanisms like LSTM and Transformer into
the existing multi-agent reinforcement learning algorithms
to exploit the time-series feature hidden behind the agents’
observation and action history. Our experiment chose the
MADDPG, which has shown great success in multi-agent
learning tasks, as our base policy to modify. A work closely
related to ours is proposed by Yan et al. [12], which utilized
the Gate Recurrent Unit (GRU) [16] layer in both the actor
network and critic network in Multi-agent Policy Proximal
Policy Optimization (MAPPO) to perform a multi-agent for-
mation control task.

As the MADDPG algorithm adopts the centralized train-
ing and decentralized execution (CTDE) training method,
each agent’s critic network estimates the action u, made by
the actor network p, based on the environment’s state s to
guide the actor in the training phase. In contrast, the actor
network generates actions using its observation history as
input in both the training and execution phases. Therefore,
compared to the centralized critic network, the actor network
g deals with time-series data more frequently and directly.
Thus, we introduce layers that are specialized for series data
into the actor network, allowing an agent a to determine its
action u, at timestep ¢ based on the sequence of its local
observations 7, = {t/™ }520 rather than solely relying on
the observation 7/ at timestep ¢. We set the sequence length
as a hyper-parameter seq — length = [. The action-taking
process of agent a can be defined as Eq. (11).

ta = (1%~ o ) an

To handle time-series data, the pipeline of the MAD-
DPG algorithm requires modification. We brought forward
a sequence buffer B to support the manipulation and stor-
age of the interaction sequences. Specifically, a sequence
buffer B is created and maintained during both the training
and execution phases, which is a queue with the length of
seq — length. This buffer stores experience tuples, including
the environment state s, all agents’ observation 7, all agents’
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Fig. 1 The illustration of
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action u, and reward r. At each timestep, the actor network
takes action u, based on the observation sequence stored in
sequence buffer B and gains reward r,,. If the sequence buffer
is full, the oldest experience tuple will be removed, and the
most recent one will be stored at the end of the queue. In
the meantime, the whole sequence buffer will be held as an
element in the replay buffer D. The sequence buffer will
be emptied when the environment is reset. During training,
instead of sampling experience tuples, the previously stored
sequence buffer, which is a continuous sequence of expe-
rience tuples, will be sampled. A visual illustration of this
pipeline is shown in Fig. 1.

In our experiment, Multi-Agent Deep Deterministic Pol-
icy Gradient with LSTM actor (MADDPG-LSTMactor)
demonstrates a significant performance improvement over
the ordinary MADDPG algorithm. Notably, leveraging
Transformer instead of LSTM should boost the final per-
formance, which we discuss later in the experiment. The
MADDPG-LSTMactor algorithm maintains the same critic
network structure and optimization procedure as the MAD-
DPG algorithm. Therefore, the methods used to optimize the
critic and actor networks are identical in both algorithms.

MADDPG-L

As a common multi-agent reinforcement learning (MARL)
algorithm employing the CTDE method, the MADDPG algo-
rithm requires agents to incorporate each other’s observations
and actions in the critic network during the training phase
to stabilize the training process and enhance the algorithm’s
performance. However, the aforementioned demand for addi-
tional information can become problematic when the number
of agents in the multi-agent system is large, resulting in an
explosion of the action space. The Factorized Actor-Critic for
Multi-Agent Reinforcement Learning (FACMAC) algorithm
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offers a potential solution by learning a single centralized but
factorized critic, which decomposes the joint action-value
function Qy,; into per-agent utility O, that is combined via
a nonlinear function. Each factored action-value utility, i.e.,
each agent’s local critic network estimates the value of its
action, which can be written as Q4 (74, Ug; ¢q). T4 is the
local observation of agent a, u, is its action, and ¢, stands
for the parameters of the critic network. The mixing function,
gy » then aggregates the outputs of all agents’ critic networks
and the environment state s to produce the final joint action-
value estimation for all agents. As a result, the agent’s local
critic network only needs to consider its observations and
actions, regardless of the number of agents in the system.
The mixing function ensures that all agents can obtain infor-
mation about other agents and the environment during the
training phase.

However, despite the advantages of algorithms that factor
in a centralized critic, they are not immune to limitations. In a
baseline test of the Multi-agent Particle Environment (MPE)
[17], the QMIX tended to become stuck in the initial state.
In the experiments described in this article, the FACMAC
algorithm exhibited a similar issue.

The cold start problem and slow convergence in algo-
rithms that factor the centralized critic may be due to the
large number of networks that need to be optimized during
training. The FACMAC algorithm, which creates the central-
ized critic through a mixing function that combines all local
critics, requires optimization of all local critics during each
agent’s training. In contrast, MADDPG only requires opti-
mization of an agent’s critic network during training. This
difference may make it harder for FACMAC to progress
and exacerbate the cold start problem. The calculation of
the centralized critic network in the experiment supports
this suggestion. During an agent’s training, the centralized
critic requires other agents’ critic results, and it is possible
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Fig. 2 Illustration of MADDPG-L. We modified MADDPG’s structure
by inputting each agent’s critic network, the joint observation, and its
action rather than the joint action of all agents

to use either the other agents’ critic networks or the trained
agent’s critic network to simulate the action value of their
actions. Using only the trained agent’s critic network to sim-
ulate other agents’ critic networks reduces the number of
networks that need to be optimized and may make training
easier. This method improved the experiment’s performance,
but the progress still needed improvement.

In this article, we present a new algorithm called
MADDPG-L capable of scaling to a larger number of agents.
The actor network of the proposed algorithm is similar to
that of MADDPG, where the policy of agent a is denoted as
a(tq; 6,), and the action of agenta is u, = py (74, 6,). 6,4
is the parameter of w,. The key difference lies in the critic
network of each agent, denoted by Q (s, ua; ¢4), which
considers only the action of the current agent instead of all
agents’ actions. Here ¢, is the parameter of Q). Meanwhile,
the environmental state s provides the necessary global infor-
mation to the agent. This change mitigates the problem of
action space explosion by requiring each agent to compute
only its own action, regardless of the number of agents in the
multi-agent system. The architecture is illustrated in Fig. 2.
The critic network is trained using temporal difference learn-
ing, and its loss function is given by Eq. (12).

L(ga) = Ep| (v = 0"(s, ua: ¢0))’] (12)

where y? = r, + y Qe (s/, ul, IHFM(M;%—); ¢>a_). rq is the
reward of agenta’s interaction with the environment, ¢, indi-
cates the parameter of target network, u/, is the action imple-
mented by the target actor network with its parameter notified
as 0, . The experience tuples stored in the replay buffer D
has the structure as (s, s’ uy, ua, .. Uy, 11, 12, rn)

The policy gradient of agent a’s actor network J (i) is
shown in Eq. (13):

Table 1 Experimental environment parameters

Term Version

CPU Intel i9 9900 K

Memory 64 GB

GPU NVIDIA GTX1080 (VRAM 8 GB)
Operation system Ubuntu 18.04 LTS

GPU driver version 495.46

Python version 3.8.13

Pytorch version 1.11.0

CUDA version 11.5

Vo, J (a) = ]ED[VG,; Ha(Ta)Vy, Qta(s, uq) |uﬂ=Ma(ra)]
(13)

Experiment
Simulation environment

The experiment environment is based on the MPE environ-
ment. Other environmental parameters are listed in Table 1.

The experiment environments and result

In this study, several experiment environments were used
to evaluate the performance of different multi-agent rein-
forcement learning algorithms. These environments include
obstacle predator—prey, spread, tunnel, and simple tunnel.
The obstacle predator—prey environment was chosen as the
initial test environment to evaluate the algorithms’ abilities in
obstacle avoidance and dynamic target-pursuing tasks. The
spread environment was designed to test the algorithms’ abil-
ities to avoid obstacles and reach designated destinations.
This environment also had multiple versions with varying
numbers of agents to assess the scalability of the algorithms.
The tunnel environment was created to test the algorithms’
navigation abilities through environments where obstacles
form a distinct contour. Furthermore, the simple tunnel envi-
ronment was subsequently derived from the original tunnel
environment to provide a more realistic testing ground for
these algorithms. Typically, all the multi-agent reinforcement
learning algorithms proposed and mentioned in this article,
IDDPG, MADDPG, MADDPG-LSTMactor, MADDPG-L,
and FACMAC, were all tested in each virtual environment.
However, the FACMAC algorithm was excluded from test-
ing in the simple tunnel environment due to its requirement
for equal rewards for all agents. The design of an appropriate
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penalty function for the FACMAC algorithm in this environ-
ment is challenging, given the environment’s need for each
agent to prioritize navigation toward its designated destina-
tion.

In addition to comparing with different baselines, we
are also interested in whether the latest Transformer model
and self-attention mechanism can perform better than the
LSTM-based model. To test this assumption, we conducted
experiments by replacing the LSTM layer in the MADDPG-
LSTMactor model with the self-attention layer. The new
model is called the MADDPG-ATTENTIONactor model,
and we used it to see if the self-attention mechanism could
outperform our proposed algorithm in the obstacle preda-
tor—prey and spread environments.

According to our understanding, the LSTM model suf-
fers from gradient vanishing and explosion as the series
grows longer. On the other hand, the Transformer model
is better at handling long-range data and only remem-
bers the most critical bits of the series. However, for our
task of multiagent reinforcement learning, the time-series
data within the replay buffer is relevant within short dis-
tances and is full of noise within long distances. This
raises the question of whether the Transformer-based model
MADDPG-TRANSactor can leverage the information bet-
ter than the MADDPG-LSTMactor as input series length
increases.

To address this question, we introduced a multi-
head Transformer-based MADDPG algorithm. We con-
ducted experiments in the obstacle predator—prey envi-
ronment with input series lengths 5, 20, and 50
by MADDPG-TRANSactor, MADDPG-ATTENTIONactor,
and MADDPG-LSTMactor. Our goal is to determine the
best backbone network with a tradeoff between the lack of
information and the high variance of long data series for the
specific MADDPG multiagent reinforcement learning prob-
lem.

Hyper-parameters used in the experiments were listed in
Table 2, with some remaining constant across all environ-
ments and algorithms, while others varied and were shown
in the appendix.

Obstacle predator-prey

The obstacle predator—prey environment was used to evaluate
the performance of a team of agents trained to pursue an
adversarial agent at a higher speed while avoiding crashing
into obstacles and each other. The environment is illustrated
in Fig. 3.

The experiment results are presented in Fig. 4, indicating
that algorithms using the CTDE training paradigm generally
outperform IDDPG, which adopts the decentralized train-
ing method. MADDPG-LSTMactor, with the aid of LSTM,
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Table 2 Hyperparameters of the experiment

Hyperparameters Value Meaning

Max-episode-len 100 The length of each
episode

Time-steps 2,000,000 Total interaction steps

Num-adversaries 1 (default) The learning rate of

policy network

Lr-critic 0.01 (default)  The learning rate of the
critic network

Epsilon 0.1 Parameter for e-greedy
action choosing a policy

Noise-rate 0.1 The rate of noise added to
action during the
training phase

Gamma 0.95 Time elapse coefficient

Batch-size 256 (default) Batch-size for experience
tuples sampled for
training

Seqg-length 5 (default) The length of continuous
steps for LSTM training

Num-heads 4 (default) The number of heads for
multi-heads
Transformer

Dim-feedforward 256 The hidden layers of the

feedforward network in
Transformer

Dropout rate 0.1 (default) The possibility for

dropout in Transformer

Fig. 3 Illustration of obstacle predator—prey environment

exhibited better performance than MADDPG in this envi-
ronment. Additionally, MADDPG-L, which only provides
agents’ critics with the agent’s action and the environment
state, demonstrated superior performance than MADDPG in
the final stage. It is worth mentioning that FACMAC is an
exception, as its performance issue is elaborated in 3.2.
Additional experiments were conducted to investigate
FACMAC’s poor performance in the obstacle predator—prey
environment. The first experiment involved testing two meth-
ods of obtaining the final centralized critic. The calculation
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Fig.4 Algorithms’ performance in obstacle predator—prey environment
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Fig.5 Performance of FACMAC with different parameter sharing pol-
icy

of the centralized critic requires the results of other agents’
critic networks, which can be estimated directly using their
actions or simulated using the critic network of the currently
trained agent, given that all agents share the same structure
for their critic networks in the experiment. The results of the
two calculation methods for the centralized critic in FAC-
MAC are presented in Fig. 5.

The results in Fig. 5 indicate that simulating other agents’
critic networks using an agent’s critic network results in
better performance than directly using other agents’ critic
networks. However, the performance still needs to catch up
to other algorithms. The reason for this suboptimal perfor-
mance could be attributed to the mixing network, which is
considered a part of the critic network in FACMAC’s design.

Updating the critic network’s parameters also updates
the mixing net-work’s parameters, leading to uncertainty in

obstacle predator prey
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04 ~— —_——e——
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Fig. 6 FACMAC's performance by optimizing the critic networks and
policy networks at the first stage, then training the mixer network

the gradient’s direction. An additional experiment was con-
ducted to validate this hypothesis.

In our second additional experiment, we conducted a study
where we froze the parameters of the mixing network and
solely optimized the local critics of agents in the initial
stage of training, eliminating the centralized critic. In the
later stage, we resumed updating the parameters of the mix-
ing network and reverted to the regular training process of
FACMAC. We used different methods to calculate the policy
gradient in each stage. In the first stage, we used Eq. (14),
and in the later stage, we used Eq. (15).

VoJ (a) = Ep[Vora Vi, O (ta, 1a(ta); ¢a)] (14)
VoJ () = Ep[VouVu Qo (t, w1 (t1), 12(w2) ... tn(tn), 5)]
(15)

The aim of this experiment was to reduce the complexity
of centralized training by pre-training the agents’ local critic
networks while ensuring sufficient positive data in the replay
buffer. The results of this experiment are presented in Fig. 6.

We set one million timesteps to be the end of the first stage.
The algorithm’s performance simply plunged to the level of
the random policy after reaching the watershed. We altered
each agent’s local critic network from 04 (14, ug; 6,) to
Q! (s, ua; 6,) and get rid of the mixing network. By doing
this, we created MADDPG-L. The input of the algorithm’s
critic network doesn’t have the problem of the explosion of
action space as it only requires the agent’s own action and
still provides global information.

Spread

In the spread environment, target locations will be randomly
generated after each environment reset, and a team of agents
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Fig.7 The illustration of the spread environment

with the same number of target locations will be trained to
occupy all target locations. Obstacles with random locations
will also be generated in the space. Agents learn to occupy
all target locations while avoiding collision with the obstacle
or each other. The illustration of this environment is in Fig. 7.

Due to the different training goals, the reward function
in this environment is changed from the one in the obstacle
predator—prey. The reward function is set to be the negative
distance sum of all target locations to their nearest agent. In
other words, the reward will increase with each agent getting
closer to its target. We also give agents negative rewards for
having collisions with other agents or obstacles.

Fig.8 Performance in spread

To examine algorithms’ ability to scale to a larger number
of agents, the spread environment will have different ver-
sions with different numbers of agents: Spread-3a with three
agents, Spread-6a with six agents, and Spread-9a with nine
agents. The performances of algorithms in these three envi-
ronments are shown in Fig. 8.

Based on the experimental results obtained from three
different environments, it can be observed that MADDPG-
LSTMactor outperforms MADDPG when the number of
agents is relatively low. However, as the number of agents
increases, MADDPG-LSTMactor does not exhibit any
advantage over MADDPG. This could be attributed to the
increased complexity introduced by LSTM.

Although MADDPG-L does not exhibit any significant
improvement over MADDPG for a small number of agents,
itdemonstrates a significantly better performance as the num-
ber of agents increases. Therefore, it can be concluded that
MADDPG-L scales better to more agents than MADDPG in
the tested environment.

Tunnel and simple tunnel

The tunnel environment is characterized by two substantial
obstacles forming a narrow passageway, necessitating the
agents to devise a path to navigate through. At one end of
the tunnel are N target locations with fixed positions. Upon
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Fig.9 The illustration of the
tunnel environment (left) and
simple tunnel environment (right)

resetting the environment, N agents appear at predetermined
locations on the tunnel’s opposite end. The agents’ primary
objective is to traverse the tunnel and occupy each target
location while avoiding contact with each other or the obsta-
cles. The environment’s visual representation is presented in
Fig. 9 (left).

The reward function of the tunnel environment, similar
to the spread environment, is defined as the negative sum of
each target location to its closest agent. Furthermore, agents
are penalized for colliding with other agents or obstacles. To
simplify the environment and be more realistic, we introduce
some modifications to the tunnel environment. Specifically,
we add walls around the obstacles to restrict the agents’
mobility range. Additionally, the same number of agents and
target locations will appear at both ends of the tunnel. How-
ever, each agent is now assigned a unique target location, and
they must avoid collisions while moving toward their respec-
tive targets. The revised environment is called the simple
tunnel environment, with its visual representation depicted
in Fig. 9.

Due to the different goals of agents in the simple tunnel
environment, the reward function is modified accordingly.
Specifically, agents’ rewards are no longer collaborative and
shared, and instead, each agent’s reward is determined by
its distance to its designated target location, with penalties
for collisions. As each agent’s reward function is distinct,
FACMAC is not applicable in this environment.

The experimental results in Figs. 10 and 11 demonstrate
that the MADDPG-LSTMactor maintains its superiority over
MADDPG when the number of agents is small. Moreover,
in the simple tunnel environment, which is closer to reality,
the MADDPG-LSTMactor exhibits better performance and
faster learning speed. While MADDPG-L performs similarly
to MADDPG, it also has a faster convergence rate.

Tunnel
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D T
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f IDDPG
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Fig. 10 Algorithms’ performance in a tunnel environment

After experiments were conducted in the simple tunnel
environment, the number of agents was increased from three
to six, and the new environment was designated as simple
tunnel 6a. The results of the algorithmic tests in this envi-
ronment, as shown in Fig. 11, indicated that MADDPG-L
outperformed MADDPG with an increase in the number of
agents. At the same time, MADDPG-LSTMactor lost its per-
formance advantage over MADDPG.

Comparing with transformer and self-attention

In recent years, we witnessed a growing presence of the
Transformer model in both natural language processing and
computer vision domains. The Transformer model is known
for its capability of handling long-range dependence and
parallel computation. Its success is mainly due to the self-
attention mechanism, which encodes the representation by
relating different parts in the same sequence. Along with the
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Fig. 11 Algorithms’ performance Simple Tunnel Simple Tunnel 6a
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LSTM model, the self-attention mechanism and the Trans-
former model also fit into our primary instinct of leveraging
knowledge inside the time-series information. Regarding
computational cost, the Transformer model ranks highest,
followed by the LSTM and the attention mechanism.

In this section, we look at the performance of the atten-
tion mechanism and the LSTM in the obstacle predator—prey
and spread environment, with an input sequence length of
5. The results, depicted in Fig. 12, show that the MADDPG-
ATENTIONactor outperforms the MADDPG-LSTMactor in
the obstacle predator—prey environment. However, it exhibits
weaker performance and training stability in the spread envi-
ronment. This suggests that both models are capable of
extracting time-series information when the length of the
input is relatively short.

The input sequence length is an interesting factor to con-
sider when using the LSTM and Transformer models. The
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LSTM model has difficulty handling long-range data due
to gradient vanishing and explosion, while the Transformer
model performs better in dealing with long-range depen-
dencies. In the previous experiments, an input sequence
length of 5, which is relatively short, was used. To inves-
tigate the ability to handle long-range data, we conducted
experiments using MADDPG-TRANSactor, MADDPG-
ATTENTIONactor, and MADDPG-LSTMactor with input
series lengths 5, 20, and 50. The results are shown in Fig. 13.

Figure 13 indicates that the transformer model performs
less with shorter sequences but demonstrates increased
effectiveness as the sequence length extends. However, per-
formance diminishes as the length of the input data increases
due to higher variance. Although the Transformer model
experiences a slower decline in performance compared to
the LSTM model, it fails to surpass the performance of the



Complex & Intelligent Systems

obstacle predator prey

800 A
700 A
600 A
(=3
5 5001 AT I
4 o B-an o
o Istm_seq5
& 400 A _seq
o —— Istm_seq20
[
= 300 A Istm_sgqso
—— attention_seq5
200 - —— attention_seq20
—— attention_seq50
100 - transformer_seq5
—— transformer_seq20
04 —— transformer_seq50

0 250 500 750 1000 1250 1500 1750 2000
training steps

Fig. 13 Algorithms’ performance in obstacle predator—prey environ-
ment

LSTM model with short sequence inputs. Notably, the self-
attention mechanism is good at handling short-length data but
experiences a rapid decline in performance as the data length
increases, indicating it is less adept at handling long-range
data.

Therefore, we conclude that the LSTM model strikes a bet-
ter balance between the lack of information and high variance
than the other two models. Unlike the Transformer-based
model, which is ineffective when the input length is short and
is restricted by the high variance of the long input data, the
LSTM model avoids substantial performance deterioration
faced by the self-attention-based model as the input length
increases.

However, this does not undermine the efficacy of
the Transformer and self-attention models. Notably, the
Transformer-based model experiences a slower decline in
performance as the input gets longer, and the self-attention
mechanism manages to outperform the LSTM-based model
with short input length and lower computational cost. In con-
clusion, if the data features high variance in the long-range
and relevance in the short range, we should try the LSTM
network before jumping to the latest Transformer backbone.

Conclusion

This work explores the modified algorithms of MAD-
DPG, namely MADDPG-LSTMactor and MADDPG-L, to
improve its performance in multi-agent navigation and obsta-
cle avoidance. This study also conducts a comprarative study
of the LSTM-based model with Transformer-based model
and self-attention-based model.

The experimental results indicate that MADDPG-
LSTMactor and MADDPG-L outperform the basedline algo-
rithms IDDPG, MADDPG, and FACMAC with respect to
their ability to avoid obstacles and handle an increase in
the number of agents in various virtual environments. It
was observed that transformer and self-attention do not con-
sistently outperform LSTM, and the LSTM-based model
exhibits a favorable tradeoff across vaing sequence lengths.

The algorithms proposed in this work possess specific
capabilities in virtual environments and can serve as basic
algorithms for future multi-agent obstacle avoidance naviga-
tion tasks. It should be noted that realistic obstacle avoidance
algorithms are not limited to using reinforcement learn-
ing as the sole solution to the problem. There are also
promising solutions for multi-agent navigation based on
other frameworks, such as meta-learning [18]. Combining
geolocation, computer vision, etc., may achieve better per-
formance. Multi-agent decision-making in more challenging
scenarios, e.g., with limited computation resouces [19], lim-
ited communication power [20], is also well worth exploring.
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See Tables 3, 4, 5, 6 and 7 here.

@ Springer


http://creativecomm\penalty -\@M ons.org/licenses/by/4.0/

Complex & Intelligent Systems

Table 3 Hyperparameters in obstacle predator—prey environment

Hyperparameter Value
Num-adversaries 1
Lr-actor 0.001
Lr-critic 0.01
Batch-size 256
seq-length 3
Table 4 Hyperparameters in Spread-3a environment
Hyperparameter Value
Num-adversaries 0
Lr-actor 0.001
Lr-critic 0.01
Batch-size 128
seq-length 5

Table 5 Hyperparameters in Spread-6a and Spread-9a environment

Hyperparameter Value
Num-adversaries 0
Lr-actor 0.001
Lr-critic 0.01
Batch-size 32
seq-length 3

Table 6 Hyperparameters in tunnel and simple tunnel environment

Hyperparameter Value
Num-adversaries 0
Lr-actor 0.001
Lr-critic 0.01
Batch-size 128
seq-length 5

Table 7 Hyperparameters in simple Tunnel-6a environment

Hyperparameter Value
Num-adversaries 0
Lr-actor 0.001
Lr-critic 0.001
Batch-size 32
seq-length 3
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