<]
TUDelft

Delft University of Technology

A comprehensive analysis of agent factorization and learning algorithms in multiagent
systems

Kallinteris, Andreas; Orfanoudakis, Stavros; Chalkiadakis, Georgios

DOI
10.1007/s10458-024-09662-9

Publication date
2024

Document Version
Final published version

Published in
Autonomous Agents and Multi-Agent Systems

Citation (APA)

Kallinteris, A., Orfanoudakis, S., & Chalkiadakis, G. (2024). A comprehensive analysis of agent factorization
and learning algorithms in multiagent systems. Autonomous Agents and Multi-Agent Systems, 38(2), Article
27. https://doi.org/10.1007/s10458-024-09662-9

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1007/s10458-024-09662-9
https://doi.org/10.1007/s10458-024-09662-9

Green Open Access added to TU Delft Institutional Repository

'You share, we take care!’ - Taverne project

https://www.openaccess.nl/en/you-share-we-take-care

Otherwise as indicated in the copyright section: the publisher
is the copyright holder of this work and the author uses the
Dutch legislation to make this work public.



Autonomous Agents and Multi-Agent Systems (2024) 38:27
https://doi.org/10.1007/510458-024-09662-9

®

Check for
updates

A comprehensive analysis of agent factorization and learning
algorithms in multiagent systems

Andreas Kallinteris' - Stavros Orfanoudakis'? - Georgios Chalkiadakis'

Accepted: 16 June 2024
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2024

Abstract

In multiagent systems, agent factorization denotes the process of segmenting the state-
action space of the environment into distinct components, each corresponding to an indi-
vidual agent, and subsequently determining the interactions among these agents. Effective
agent factorization significantly influences the system performance of real-world industrial
applications. In this work, we try to assess the performance impact of agent factorization
when using different learning algorithms in multiagent coordination settings; and thus dis-
cover the source of performance quality of the multiagent solution derived by combining
different factorizations with different learning algorithms. To this end, we evaluate twelve
different agent factorization instances—or agent definitions—in the warehouse traffic man-
agement domain, comparing the training performance of (primarily) three learning algo-
rithms suitable for learning coordinated multiagent policies: the Evolutionary Strategies
(ES), the Canonical Evolutionary Strategies (CES), and a genetic algorithm (CCEA) previ-
ously used in a similar setting. Our results demonstrate that the performance of different
learning algorithms is affected in different ways by alternative agent definitions. Given this,
we can conclude that many important multiagent coordination problems can eventually
be solved more efficiently by a suitable agent factorization combined with an appropri-
ate choice of a learning algorithm. Moreover, our work shows that ES and CES are effec-
tive learning algorithms for the warehouse traffic management domain, while, interestingly,
celebrated policy gradient methods do not fare well in this complex real-world problem
setting. As such, our work offers insights into the intrinsic properties of the learning algo-
rithms that make them well-suited for this problem domain. More broadly, our work dem-
onstrates the need to identify appropriate agent definitions-multiagent learning algorithm
pairings in order to solve specific complex problems effectively, and provides insights
into the general characteristics that such pairings must possess to address broad classes of
multiagent learning and coordination problems.

Keywords Agent factorization - Multiagent coordination - Warehouse traffic management -
Evolutionary strategies
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1 Introduction

The majority of benchmarks and frameworks for multiagent systems (MAS) assume a
predetermined system structure and agent concept, as seen in classic problems like the
prisoner’s dilemma and predator—prey ones. In many modern industry-oriented domains,
however, it is imperative that the system designer is allowed to factorize the agent’s defini-
tion for the problem, according to her requirements [1]. Such domains include network
routing [2, 3], autonomous warehouse traffic management [4, 5], and power plant control
[6]. In the autonomous warehouse traffic management domain, a MAS architect can design
a system with different agent control structures. One option is to assign a single agent to
control each autonomous ground vehicle (AGV). Alternatively, the architect may choose
to assign a single agent to control each warehouse corridor. Lastly, the entire warehouse
may be placed under the control of a single agent, representing another possible design
choice. In domains where it is possible to factorize agent definitions, multiple ways exist to
decompose the problem into a multiagent system. These approaches may vary in terms of
the observable state and permitted actions of each agent, as well as in terms of the interac-
tions between agents.

There has been some research on the effects of changing the state resolution of an agent
for more efficient training while keeping the (multi-) agent structure constant [7]. Simi-
larly, the factorization method proposed in [8] is free from structural constraints and takes
a new approach to transform the original joint action-value function into an easily factoriz-
able one. There has also been some research on the impact of changing the agent structure
while keeping state resolution the same. For instance, [9] proposed a cooperative Multia-
gent Reinforcement Learning (MARL) method that utilizes a factored critic combining per-
agent utilities into the joint action-value function by changing the agent structure. Simi-
larly, AgentMixer [10] creates a joint fully observable policy as a non-linear combination
of individual partially observable policies based on the concept of factorization. In general,
agent factorization in MARL is proposed in order to effectively tackle the challenges of
environmental instability and the exponential growth of action space in multiagent systems
[11]. However, even though most systems enable factorizable agent definitions, there is
very little to no research on the impact of different agent definitions on the performance of
the system—with the exception of [12, 13], which compare six different agent definitions
using learning algorithms in a warehouse traffic congestion management domain.

Moreover, to the best of our knowledge, besides a conference paper of ours [13] that we
extend here, there has been no research on the impact of agent definitions in conjunction
with using different learning algorithms in the same domain. Studying the effects of modi-
fying agent definitions using various learning algorithms is a task that is both challenging
and important: It is challenging because decomposing the problem in a particular manner
may pose significant challenges for certain learning algorithms, resulting in difficulty solv-
ing the problem. Therefore, there may not exist multiple agent definitions or factorizations
of the multiagent team that are suitable for application across multiple learning algorithms.
In complex domains, a particular multiagent (MA) learning algorithm typically requires a
specific agent definition, which may correspond to a limited range of possible multiagent
system (MAS) structures. It is possible that this set of structures may not overlap with the
set required by another learning algorithm. Therefore, the appropriate MAS structure may
vary based on the specific MA learning algorithm being used. At the same time, it is essen-
tial to combine and assess various agent definitions together with different learning algo-
rithms. As such, assessing pairings of alternative agent definitions with different learning
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algorithms is important, allowing for: (a) the identification of (the most) appropriate pair-
ings to solve specific complex problems effectively; (b) the drawing of essential insights
into the general characteristics that such pairings must possess to address broader classes
of MA learning and coordination problems; and (c) the acquisition of further insights into
the intrinsic properties of the learning algorithms that make them well-suited for specific
domains.

As such, this work investigates the performance impact of combining agent factorization
in combination with different learning algorithms in multiagent coordination scenarios. As
a case study, we pick the trending multiagent warehouse traffic management problem [14].
This problem is particularly challenging for traditional reinforcement learning (RL) algo-
rithms to solve due to its high dimensional state space, continuous action space, and sparse
reward signals. We tested various learning algorithms in this domain, including the cooper-
ative co-evolutionary genetic algorithm (CCEA) [15], which previous research has shown
as being successful in this problem domain [4]; and the more elaborate Evolutionary Strat-
egies (ES) optimization algorithm [16] that is known to constitute a scalable alternative to
RL methods in high dimensional spaces with sparse rewards, while extending it to work for
MA systems (MA-ES). Additionally, we extended the Canonical Evolutionary Strategies
(CES) [17] algorithm (which is a variation of the classic ES [16] algorithm) in a straight-
forward manner so as it is applicable for MA systems, and evaluated this emerging MA-
CES algorithm in this domain as well. Our findings and contributions are the following:

e The effect of different agent definitions on learning performance varies depending on
the learning algorithm being used.

e The impact of using different agent definitions is more noticeable in complex environ-
ments, such as those with a significant increase in the number of training parameters.

e We provide intuitions on the pairings of agent factorization with learning algorithms,
discussing how these are successful or incapable of tackling the problem at hand.

e Qur experiments reveal that popular MARL algorithms such as Independent DQN [18]
and MADDPG [19] are not capable of solving the warehouse traffic management prob-
lem.

e By contrast, evolutionary approaches perform significantly better in this complex
domain, which requires handling delayed rewards and poses challenges related to credit
assignment.

e Specifically, our experiments indicate that the MA-ES algorithm is an effective learning
algorithm for the warehouse traffic management domain.

This paper constitutes an extension of our work in [13], appearing in the Proceedings of
the 12th Hellenic Conference on Artificial Intelligence (SETN 2022). Several contributions
are distinct in this paper, compared to those already in [13], namely:

e We introduced and tested 6 new agent definitions for the warehouse traffic management
framework (doubling the number of tested agent definitions from 6 to 12).

e We evaluated our multiagent extension (MA-CES) of the Canonical Evolutionary Strat-
egies algorithm, to demonstrate the impact of agent factorization with yet another algo-
rithm (thus increasing the number of evaluated algorithms from 2 to 3).

e We evaluated and compared every learning algorithm and agent definition to obtain
useful insights into the source of their performance impact.

e Additionally, we demonstrated the performance impact using each algorithmic variant’s
training convergence time.
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Also, we present an extensive and thorough experimental evaluation of every combina-
tion of agent definition and learning algorithm in environments of varying complexity, and
obtained significant intuitions that can be easily generalized. In summary:

e Arguably, both Evolutionary Strategies algorithms that were demonstrated in this
study, and especially MA-CES, are capable of finding well-performing policies, while
also achieving this in faster training times than genetic algorithms.

e Highly decentralized agent definitions have consistently lower convergence times when
paired with CCEA, compared to the other agent definitions of CCEA. However, the
decentralized agent definitions are rather slow when paired with the Evolutionary Strat-
egies algorithms. This evidently supports our initial claim that the pairing of an agent
definition with a learning algorithm has a significantly higher impact than just the agent
definition itself.

e In environments representing more complex optimization problems, selecting an agent
definition that encompasses a compromise between centralized and decentralized
definitions—i.e., selecting a middle-ground solution—will give the best performance
results.

The rest of this paper is structured as follows. Section 2 discusses the theoretical back-
ground and related work, presents our application domain, and provides a detailed expla-
nation of the algorithms used. Section 3 describes our approach: Sect. 3.1 presents the
already existing agent definitions along with the new agent definitions we introduce in this
work; and then, Sect. 3.2 presents the multiagent learning algorithms we put forward. Sec-
tion 4 provides our thorough experimental evaluation process. Finally, Sect. 5 concludes
this paper and outlines directions for future work.

2 Background and related work

Agent factorization is the process of breaking down the domain’s state-action space into
subsets to be controlled by each agent and defining the communications between the agents
[1]. Properly factorized MAS architectures are necessary for domains where naturally
occurring entities cannot be effectively modeled as individual agents. For instance, in a
complex computer network routing domain, an appropriate factorization of the problem,
potentially using a hierarchical approach, is necessary to obtain meaningful results. When
factorizing a MA system, it is crucial to ensure that each agent controls a subset of the
environment that corresponds logically to a set of connected entities. As a counterexample,
consider the case of robot soccer, where a multiagent architecture with two agents, one
controlling the left leg of each robot player and the other controlling the right leg of each
robot player, would result in each agent controlling a set of entities that are not directly
related in the environment.

Now, a fairly recent work on the impact of agent factorization is [12], where the
researchers compare six different agent definitions using the same learning algorithm
(CCEA) on a warehouse traffic congestion management domain with various complexity
levels, showing that agent definition has a significant performance impact on the system.
There, the term “agent definition” refers to how the state-action information is split to cre-
ate new agent teams. Indeed, to the best of our knowledge, paper [12] has so far been the
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only paper' to have examined the impact of agent definitions/agent factorization on multia-
gent coordination in depth. Our work in this paper expands this idea to also include, along
with agent factorization, the learning algorithm as a new important factor. We thus depart
from the prior work’s assumption that the learning algorithm is treated as a constant.

As such, in this article we study the performance impact of combining (mainly) 3 dif-
ferent learning algorithms with 12 different agent definitions; and as a result, come up with
various interesting new observations that add to the lessons learned in [12] For instance, in
[12], it was observed that centralized agents excel in less intricate scenarios, such as those
involving 90-200 AGVs, while they underperform in more complex environments when
employing a neuroevolution strategy. However, our research demonstrates that the utiliza-
tion of an alternative evolutionary algorithm significantly alters the performance dynamics
across various agent definitions. Moreover, as detailed in Sect. 3.1.2 below, our work aug-
ments that of [12] by introducing a new state representation that exploits additional state
information to that used in [12].

Now, the optimization problem of warehouse traffic management has drawn significant
attention in the literature regarding the operational strategies of autonomous ground vehi-
cles (AGVs) [20, 21]. Regardless, the authors of [4] showed that even a simple genetic
algorithm, CCEA, can adequately solve the warehouse traffic management problem—at
least in low complexity environments involving up to 120 AGVs.

Genetic algorithms are known for their unique “Darwinian” approach and have been
used to solve various optimization problems across multiple domains [22]. These algo-
rithms are known for their efficient action exploration rate, which is achieved through the
use of mutation and crossover steps, as well as a carefully chosen fitness function. The
multiagent genetic algorithm used in [4] is known as CCEA, which was initially introduced
by [15] to solve general optimization problems involving multiple functions.

2.1 Warehouse traffic management

Warehouses are essential in every logistic system in the world [23]. Nowadays, more and
more warehouses require fewer human workers, especially in inter-warehouse logistics,
because of the breakthrough of autonomous ground vehicles (AGVs) [24]. AGVs require
effective coordination algorithms in order to operate efficiently, and traditional optimiza-
tion techniques are not sufficient to properly route AGVs to their destination without avoid-
ing congestion [25].

In this study, we investigate the performance of different learning algorithms for coordi-
nating autonomous ground vehicles (AGVs) in the warehouse traffic management domain.
Specifically, we examine the effectiveness of twelve different agent definitions when com-
bined with various learning algorithms. The domain was originally presented in [4]. There,
the complexity of the domain was determined by the number of AGVs present, where a
lower AGVs count corresponds to a simpler environment, and a higher count indicates a
more complex setting.

The warehouse, shown in Fig. 1, is represented by a directed graph G = (V, E), where
the edges e € E represent the corridors of the warehouse and are characterized by their
AGYV capacity cap, > n,(t) representing its physical area in a warehouse, and AGV traverse

! The only exception is our [13] conference paper, which we extend here in the ways already outlined in the
introduction.
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Fig. 1 Overview of the components of a simple warehouse and its core rules based on the work of [4, 13]

time costé’“"‘*l ; with n,(¢) being the number of AGVs traversing an edge e during timestep z,
and the vertices v € V represent stock points that do not have a capacity—instead, when an
AGYV is waiting for congestion to be resolved, it counts as being in the edge it was coming
from. Each AGV plans its path using A* search on the traversal cost of the graph. The cost
of traversing an edge is

fotal _ travel dd
cost"(t) = cost]™ + cost;*(t) 1

and it is observable by each AGV at (every) timestep ¢. The costgdd in Eq. 1 is the addi-
tional cost computed by the optimization algorithm (see Sect. 2.2 below) used for minimiz-
ing traffic congestion. At the start of the simulation, the AGVs are positioned at various
entry points across the graph, and when a delivery is completed, the AGV is immediately
assigned a new mission to accomplish starting from its current location, resulting in a con-
stant number of AGVs.

Here, the main challenge for this domain is to handle the AGVs’ traffic in a way that
maximizes the total throughput while minimizing traffic congestion. To this end, the traffic
management system has to learn how to find the most suitable additional costs costgdd(t)
Ve € E given the current state S of the warehouse, where the state consists of the current
location of the AGVs and their delivery mission.

An optimal solution exists for every warehouse traffic congestion problem, but its exact
computation is eventually rendered infeasible when the number of AGVs in a warehouse
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Fig. 2 Hierarchical planning as used in this warehouse domain [4, 13] in which actors (AGVs) do not com-
municate directly with the traffic management agents

increases. Traditional optimization techniques, such as those based on mathematical pro-
gramming [26], often struggle to solve this problem fast enough because of its high dimen-
sionality. This challenge persists even in relatively small warehouses with only a handful
of AGVs. Furthermore, the need for real-time solutions adds to the difficulty, as traditional
optimization methods typically lack the scalability required to address such demands.
Thus, instead of using optimization techniques, a team of traffic management agents can be
used, where each agent observes and controls a subset of the total state—and these subsets
are non-overlapping. This transforms the problem into one that calls for the learning of
coordinated agent policies.

The state space s; for each agent i consists of (potentially incomplete) state-related infor-
mation s, from the set £; of edges that it controls, where E = | J; ¢;; and the action space g;
is the additional cost for those edges:

s5;(1) :[se(t)], Ve € ¢,

a;(t) =7ri(s,-(t)) = costjdd(t), Ve € ¢, @
Each agent i has a policy x; that calculates the action that should be undertaken by the
agent given a state s;. Specifically, the role of the policy z; is to directly output the addi-
tional (congestion-related) edge cost cost*™ Ve € g;, where cost*™ € R can be any real
number” (i.e., the action space is continuous). Naturally, the goal of the agent team (i.e., the
multiagent system) is to maximize the number of total deliveries G by balancing the costj"d
computed by the agents Ve € E, in a way that will minimize congestion. Figure 2 summa-
rizes how the multiagent system (i.e., the set of warehouse traffic management agents) and
the AGVs interact with each other to find the optimal solution.

2.2 Learning algorithms

The learning process of a multiagent team in a warehouse traffic management domain is
complex. In many cases, classic reinforcement learning algorithms are usually challenged
by the complexity of this problem. To train autonomous agents to control a warehouse

2 Notice that cost®™ can take values lower than 0; in such cases, this agent-computed cost“™ essentially
incentivizes the AGVs to traverse the particular edge e.
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efficiently while avoiding harmful collisions, Evolutionary Algorithms [27] or reinforce-
ment learning methods can be explored, as they show considerable promise for address-
ing these types of challenges. In this section, we present several algorithms we adopted or
extended for use in this study, starting from genetic algorithms [28], continuing with Evo-
lutionary Strategies [27], and concluding with certain well-known multiagent RL Algo-
rithms [29, 30].

2.2.1 Genetic algorithms

Genetic algorithms [28] are widely used optimization algorithms known for their effec-
tiveness in solving complex real-life tasks such as optimizing the assignment of shifts in
a simple setting or the optimization of autonomous warehouse traffic in a more complex
scenario. The fundamental concept behind genetic algorithms involves the generation of a
random population of genes which undergo successive mutations and crossovers using the
genes with the highest fitness scores until the gene with the best fitness score is obtained.

Algorithm 1 Genetic algorithm

1 pop(py = new randomly initialized population

2 for each iterationt =0,1,2,... do

3 Evaluate Fitness of each gene in pop(y)

4 Select k genes with the highest Fitness value
5 pop(1+1) = Mutate and Crossover the k genes

Algorithm 1 illustrates the fundamental steps of the genetic algorithm, which is a popu-
lar optimization method for solving complex real-life tasks [28]. The algorithm starts by
randomly generating a population of N genes in line 1, where each gene represents a single
parameter or a set of parameters that need to be optimized. Next, in line 3, the fitness func-
tion evaluates each gene based on domain-specific properties, determining its fitness score.
The fittest genes are then selected for mutation and crossover in lines 4-5. Typically, only
the top k genes are selected for these operations, while the rest are discarded. The mutation
operation randomly changes the value of a gene, while the crossover operation combines
two or more genes to create a new one. This process of selection, mutation, and crossover
is repeated until a satisfactory level of optimization is achieved.

2.2.2 Cooperative coevolutionary algorithm

The multiagent genetic algorithm we experimented with is the Cooperative Coevolution-
ary Algorithm. The CCEA [15] algorithm is a multiagent genetic algorithm that aims to
coordinate the actions of multiple agents to solve a joint problem. Unlike a standard genetic
algorithm, the fitness function used in CCEA reflects the total utility of all coordinating
agents at the end of a simulation, rather than individual fitness scores for each agent. This
means that the fitness function used in CCEA must be a joint fitness function that models
the coordination problem.
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Algorithm2 CCEA

1 for each agent a do
L pop‘(lo) = new random population

N

for each iterationt =0,1,2,... do
for each agent a do
Evaluate Fitness of the genes in pop‘(lt)

Select k genes with the highest Fitness value
pop‘(lt +1) = Mutate the k genes by adding Gaussian noise

- S I NI

As seen in Algorithm 2, the approach’s core is that of a genetic algorithm. Therefore,
similarly to the genetic algorithm, each gene of every agent is evaluated based on its fitness
function. Specifically, in line 6, we can see that the selection step is based on the fitness of
the genes; then, in line 7, the selected “fittest” genes of every agent are mutated so that a
new population of N genes will be created. In the context of this study, CCEA uses param-
eterized neural networks (NN) to represent each gene. This way, the mutation is performed
by adding noise, sampled from a Gaussian distribution, directly to the neural network’s
weights.

2.2.3 Evolutionary strategies

Evolutionary Strategies [27] share many similarities with traditional genetic algorithms
and are part of the broader family of evolutionary computation techniques. These optimiza-
tion methods rely on a large set of offspring, each with diverse traits, although their dis-
tinguishing features are primarily determined by the approach employed to generate sub-
sequent generations. This paper will focus on a modern variant of Evolutionary Strategies
[16]. This algorithm does not select only the genes with the highest fitness score to create
the next generations, but it combines the information of every gene.

Algorithm 3 Single-agent evolutionary strategies

Data: Learning rate «a, noise standard deviation o, population size n
1 0y = randomly initialized policy
2 for each iterationt =0,1,2,... do

3 Sample ¢1 ... ¢, ~ N(0,1)
4 F; = F(0: 4+ 0¢;) ¥ samples j € [1,n]
5 Set 0,41 + 0, + a1 Z?:1 Fj¢;

Algorithm 5 outlines the steps of the Evolutionary Strategies algorithm. Firstly, in line
1, a random base policy 6, is initialized. Next, in line 3, for each iteration ¢, the algorithm
generates n samples from a Gaussian distribution and adds them as noise to each policy
gene. Like CCEA, Evolutionary Strategies use parameterized NNs; therefore, the Gaussian
noise is directly added to the NN’s weights 6. These perturbed policies are then evaluated
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using the fitness function. Finally, the new policy 0,,, is generated by taking a weighted
sum of the previous policy 6, and the sampled policies from the current iteration, where the
weights are based on the fitness score of each sample, as depicted in line 5. This process
gradually leads the policy 6 to converge to a solution with the best fitness score.

2.2.4 Canonical ES

Another variation of the classic Evolutionary Algorithms [31] is the Canonical Evolution-
ary Strategies algorithm (CES) [17, 31]. The main difference between this algorithm and
the simple ES that is presented above is in the final part, where the weights for the gradient
update are calculated. The ES algorithm, as depicted in Algorithm 5, utilizes the policy
networks 0, of every different sample weighted on their final fitness F;. On the other hand,
while CES maintains the same principle of aggregating the information from every sample
¢;, it creates an alternative weighting function based on a sorted list of the samples’ fitness
scores.

Algorithm 4 Single-agent canonical evolutionary strategies

Data: Learning rate «, noise standard deviation o, population size n
1 0y = Randomly initialized policy

_ log(n+0.5)—log(j)
2 Wj = 557 Tog(nt0.5)—log( k)’vj € [1,n]

3 for each iterationt =0,1,2,... do

4 | Sample ¢;...¢, ~N(0,1)

5 F; = F(0y + 0¢;) ¥ samples j € [1,n]

6 Sort ¢;’s according to F' score to obtain a (q51, R g{)n) sorted
vector (q@l is ¢; with best F' score)

7 | Set i1 O+ 03" wid;

Algorithm 4 shows this Canonical ES approach. Similarly to ES depicted in Algo-
rithm 5, the first step is to instantiate the random policy parameters 6. Then every iteration
includes four steps. Initially, fetch #n samples from a standard Gaussian distribution A0, 1),
and modify them to generate n new genes. The values of the perturbed genes are added to
the policy parameters 6, to generate n new policies, where each one is evaluated based on a
fitness function F(). The third step of this algorithm includes sorting the n new samples in
descending order based on their fitness score F; (samples that lead to higher fitness scores
are ﬁrst) Finally, the approximated gradient update o Z _ W;¢; is calculated by multiply-
ing’ the weights vector w; with the sorted samples q,':

Therefore, the main characterlstlc of the Canomcal ES algorithm revolves around the
weight vector w;. In detail, the normalized weight vector w; has n values, one for each
gene in the populatlon This vector takes values in [0,1] where the weights with a smaller
index—thus higher fitness score—have greater values than the rest. Also, since this weight
vector is a normalized weighting function, it is designed to sum up to 1, to ensure the

3 This is an element-wise multiplication.
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Fig.3 The discrete normalized weight function w; of the Canonical ES algorithm for population size
n = 50. Notice that for samples closer to 0, the weight value increases logarithmically

generated gradients will be bounded, thus reducing the possibility of exploding gradients
[32]. Figure 3 demonstrates the values of the Canonical ES weight vector for a popula-
tion with 50 genes. Notice that the gene with the highest fitness score, i.e., w;, has a much
larger value than the rest. This leads to gradient updates that are based more on which
sample performed better than on how much better it actually performed. By contrast, the
ES algorithm calculates its gradient update based on how much better each sample actually
performed.

2.2.5 Independent deep Q networks (I-DQN)

In (single or multiagent) reinforcement learning, an agent receives a reward that can be
positive or negative for every action taken. The agents use this reward signal to learn how
to approximate the expected cumulative reward r by choosing the action with the highest
Q-value. Traditional Q-learning algorithms maintain a lookup table Q(s, a) to store the
value function estimate for each state-action pair. However, as the state and action spaces
grow, the size of the table also grows exponentially, making it infeasible to maintain.

Deep Q-Networks (DQN) [18], a popular deep reinforcement learning algorithm,
combines Q-learning with neural networks to approximate the value function. Here, the
Q-value is represented by a deep neural network, which takes in the state as input and out-
puts the Q-value for each possible action. The neural network is trained using stochastic
gradient descent to minimize the mean-squared error between the predicted Q-values and
the target Q-values, which are computed using the Bellman equation [30]. This allows for
function approximation and enables DQN to handle large state and action spaces. Extend-
ing DQN to multiple agents, calls for using a neural network for each agent, in order to
evaluate the score of the different state and action combinations.
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2.2.6 Multi-agent deep deterministic policy gradient

MADDPG [19] is a multiagent policy gradient algorithm that builds on the (single-agent)
Deep Deterministic Policy Gradient (DDPG) [33] RL algorithm.4 In MADDPG, each
agent learns a centralized critic by considering the observations and actions of all agents.
The critic is trained to exploit the policies of other agents, while the actor is trained to use
only local information. This approach enables the learned policies to use only the agent’s
own observations during execution, making it applicable to both cooperative and competi-
tive environments. During execution, only the local actors are used, operating in a decen-
tralized manner, while the critics are solely utilized for training purposes.

2.3 Related work

In this section, we present an overview of interesting work relating to state-action space
factorization and autonomous warehouse optimization.

2.3.1 State-action space factorization

Planning and coordination problems often have a structure in their reward and value func-
tions, state transitions, and observations. Also, there is a structure in the relationships
among features used to describe states, actions, rewards, and observations. This structure
can be exploited by specialized representations and algorithms for computational leverage,
resulting in increased system performance and flexibility, and allowing for the efficient rep-
resentation of complex information [12, 37].

There are many algorithms and tools developed to utilize the state-action space factori-
zation property of various important problems. For instance, [38] proposes a strategy to
address challenges in Deep Reinforcement Learning (DRL) by demonstrating the impor-
tance of choosing appropriate state and action spaces for the problem at hand. The authors
build a DRL agent using Deep Q Networks (DON) [18] on a building simulator, and com-
pare it with a widely used baseline heuristic method.

Many MARL approaches belonging in the centralized training with decentralized exe-
cution (CTDE) regime, such as VDN [39] and QMIX [40], factorize the joint action-value
function into individual ones for decentralized execution. However, they are often limited
by structural constraints such as additivity and monotonicity. The authors of [8] propose
a new factorization method called QTRAN that is free from such constraints and trans-
forms the original joint action-value function into an easily factorizable one. Furthermore,
in [41], the effects of centralized and decentralized critic approaches are formalized and
experimentally evaluated in multiple environments to provide a deeper understanding of
the implications of critic choice.

Additionally, FACMAC [9] is a cooperative multiagent reinforcement learning
approach that learns policies using deep deterministic policy gradients. It utilizes a
centralized but factored critic, which combines per-agent utilities into the joint action-
value function via a non-linear monotonic function, similar to the QMIX algorithm.

4 Concluding this section, it is worth mentioning that there is a line of work that combines neuro-evolu-
tion with (deep) reinforcement learning for optimizing the performance of a policy [34]. For instance, [35]
explored combining a simple cross-entropy method with DDPG [33] or TD3 [36].
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However, unlike QMIX, FACMAC employs a non-monotonic factorization that allows
for increased representational capacity, which enables it to solve some tasks that can-
not be solved with monolithic or monotonically factored critics. Furthermore, [42]
introduces a multiagent learning approach that integrates relationship awareness into
value-based factorization methods.

2.3.2 Autonomous warehouse optimization

The optimization of autonomous warehouses is a complex task that requires careful plan-
ning. In this paper, we have presented methods that try to find the optimal solution to this
problem by employing genetic and evolutionary algorithms; however, other methods can
also help solve this particular task. Lee et al. [43] focused on optimizing mobile robot
paths in a warehouse environment with automated logistics using reinforcement learning.
To achieve this, the researchers compared the results of experiments conducted using two
basic algorithms, which helped identify the fundamentals required for planning the path of
a mobile robot and utilizing reinforcement learning techniques for path optimization. These
algorithms were tested using a path optimization simulation of a mobile robot in the same
experimental environment and conditions.

Additionally, [44] presents a fully automatic solution for optimizing product place-
ment and order-picking routes in a warehouse using genetic algorithms. The solution
takes into account the warehouse structure and list of orders to minimize the sum of
order picking times. Techniques such as multi-parent crossover, permutations, and
local search are used to optimize order-picking routes. Then, a genetic algorithm is
used to optimize product placement with ideas such as caching, multiple restart, and
order grouping to improve and accelerate optimization.

Another paper [45] explores the use of automated vehicle systems for optimizing
warehouse operations and reducing costs. The focus is on strategies for minimizing
travel time and avoiding congestion, as well as solving storage assignment problems.
The paper proposes storage assignment strategies and route planning of AGVs in a
traditional rectangular warehouse layout. Moreover, [46] proposes a distributed frame-
work for determining the shortest path for a swarm of robots in a warehouse for logistic
applications. The proposed solution uses optimization routines to avoid downtime and
collisions between robots and is based on the reference model using Dijkstra, Floyd-
Warshall, and Bellman-Ford algorithms.

Furthermore, some works study improvements and techniques that can be applied to
autonomous warehouses. [47] discusses the challenges associated with processing and
analyzing the increasing amount of unstructured data, and the need to upgrade existing
Data Warehouses to use this data effectively. The proposed solutions are indexing and
sorting, which are intermediate solutions for modern data processing technologies. By
adopting these methods, organizations can improve the return on investment from their
existing data warehouse environment. Raghuram et al. [48] examine how warehouse
pickup and delivery schedules are affected by various factors and how data analytics
can be used to process demand data to optimize warehouse layout and pick locations.
The authors analyzed the layout of an electronic warehouse handling over 10 million
daily orders and made modifications that resulted in a significant reduction in travel
distance and workforce. They suggest that periodic demand data analysis can lead to
reduced lead times and costs.
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3 Our approach

In this chapter, we first describe how we factorized the warehouse traffic management
domain to obtain appropriate agent definitions; and then proceed to present the multiagent
learning algorithms we modified to evaluate the performance impact their pairing with the
agent definitions we designed has on multiagent coordination problems.

3.1 Agent definitions

In the domain of autonomous warehouse traffic management, it is possible to partition the
traversal graph into subsets that can be controlled by individual agents. This presents an
opportunity to examine the influence of distinct agent definitions in combination with a
range of parameters, such as the learning algorithm employed, as well as the level of com-
plexity associated with the optimization task, relative to the number of automated ground
vehicles (AGVs) utilized.

In this section, we define 12 different agent definitions, where 6 of them were first intro-
duced in [12], which vary in:

1. Agent structure: how the graph is partitioned into subsets (coarser vs. finer), resulting
in a different number of agents, introducing a trade-off between the dimensionality of
each agent, and the dimensionality of the coordination problem.

2. State resolution: changing what portion of their domain the agents can observe, intro-
ducing a trade-off of high dimensionality vs. partial observability.

3.1.1 Modifying agent structure

Initially, we will present three agent factorizations based on different partitions of the total
agent structure.

Centralized agent

The first variant we are investigating is conceptually the simplest, as it involves assign-
ing a single agent to manage all the edges in the graph (|||| = 1). The centralized agent’s
state s is defined as the total number n,(¢) of AGVs currently traversing each edge, while
the centralized agent’s possible actions are to assign the additional cost of travel cost“® for
every edge (Eq. 3).

SCentral(l) — [ne(t)] Ve € E,

a®mrl(t) =[cost*™ ()| Ve €E, )
Figure 4 depicts how a potential warehouse graph is partitioned to allow a single central-
ized agent to control all the edges. In detail, a centralized agent controls all the edges with
the same color, i.e. the whole traversing graph. From the agent’s perspective, this is a very
complex, high-dimensional learning problem; however, from the “agent team’s” perspec-
tive, it is the simplest since there is no other agent to cooperate with.

Link agent

We proceed to examine the second variant of the agent structure factorizations, which
stands in contrast to the centralized agent. In this case, each link agent i is responsible for
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controlling a single directed edge e;. Consequently, the multiagent team is comprised of
[lZ]l = ||E|| agents. The link agent’s state s; is the total number of AGVs which traverse the
edge e; at a given time n, (¢), while the link agent’s action is the additional cost of travel for
that edge costjf’d (Eq. 4).

st (6 =n, (0),

al.Li"k(t) =cost‘;l_dd(t), @

Figure 5 visually presents the edges such a link agent controls. This agent definition creates
the most decentralized teams, resulting in the most challenging multiagent team coordina-
tion setup. Since it is the most decentralized agent definition, it is the one affected the most
by the structural credit assignment problem [25]. In particular, the agents receive the total
team performance as a learning signal, without indicating individual contributions. In more
complex autonomous warehouse optimization tasks, where there are more agents, contri-
bution becomes more ambiguous and noisy. However, each individual agent is very simple,
since ||s“¥|| = ||a%"¥|| = 1, Vi € I making its training straightforward.

Intersection agent

The final variant based on the agent structure we investigate is a middle ground between
the completely centralized and completely decentralized link team. Here, each of these
agents is responsible for controlling the AGV traffic on the set of all incoming edges ¢; of
a vertex v of the graph G. So, the team consists of ||I|| = ||V|| intersection agents, whose
states and actions are presented in Eq. 5.

sfntersection(l) =[ne(t)] Ve € €

al(ntersection(t) :[costjdd(l)] Ve € Eis

©)

Figure 6 provides a visual representation of a warehouse graph controlled by an inter-
section agent team. Notice that in Fig. 6, each color represents the edges controlled
by a single agent. The state-action space for each intersection agent i is, ||sl{”’e’335’io"||
= ||af”””“”'o" [| = |l¢;|| which is very likely to create heterogeneous agents, since not all ver-
texes have the same number of incoming edges. Furthermore, the number of intersection
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agents is less than that of Link agents and is much greater than that of the Centralized
agent, as we generally expect a warehouse graph to have 1 < ||V|| < ||E||. Therefore, it is
also a middle ground with regard to the challenges of structural credit assignment, and the
dimension size of the learning problem for each individual agent.

3.1.2 Modifying state resolution

All the previous variants focused on the effect of agent team structure on the multiagent
learning problem without altering the state resolution. Up until now, the state information
only consisted of the current number n,(f) of AGVs traversing the edges. Here, we will pro-
pose three variations of the existing agent structure factorizations based on different defini-
tions of the state resolution of every individual agent. The following variants incorporate
AGV travel time information to investigate further the effect of including additional AGV
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tracking data, thus providing more data to the learning algorithm and making the optimiza-
tion task more complex.

Incorporating last AGV travel time

The observable state of each edge is augmented by d,(#), which represents the amount
of time remaining until the next AGV completes its traversal, i.e., in how many steps can
an AGV leave the edge i (and thus d,(?) is an indicator of when the n, component of the
state is about to change). In detail, d,(¢)’s value can range from the total time required to
traverse an edge down to 1, or when the edge is empty to 0. As d,(¢) corresponds to the
time required for an AGV to become the last AGV from e to reach the stock point (node)
u reachable from this edge, we perhaps (not very appropriately) term the d,(¢) as the “last
AGYV travel time™ for this edge. Equation 6 depicts the modified state resolutions for each
agent structure we defined previously.

sCentral,LastTime(t) — [ne(t), de(t)] Ve € ¢
S{‘ink,LaxtTime(t) — [ne[ ([), del. (t)] , (6)

1

S(ntersection,LastTime(t) — [ne(l), de(t)] Ve = 5;"

1

Note that the action space for each agent definition remains the same as in Egs. 3, 4, and 5,
respectively. These agent definitions enable us to investigate the impact of increasing the
observation complexity on the previous agent structures.

Incorporating average AGV travel time

Furthermore, we experimented with additional state information. Here, the observ-
able state of each edge is augmented by j,(f), which represents the average amount of time
remaining until all the AGVs complete their traversal on that edge, j,(¢)’s value can range
from the total time required to traverse an edge down to 1, or when the edge is empty
to 0. Equation 7 shows how the state space will transform for each corresponding agent
structure.

SCentral.Angime(l‘) =[ne(t)vje(t)] Veee

Sl.’i”k,Angime(t) = [ne,-(t)’je, (t)] ’ (7)

4

S{nzersecrionAngime(t) =[ne(t)’ je(t)] Ve € ¢,

1

These agent definitions have the same state complexity as Last AGV Travel Time, but here
they observe a different part of the environment.

Incorporating both average and last AGV travel time

Lastly, we investigate variants that augment the observable state of each edge with both
the last travel time d,(f) and average remaining travel time j,(¢), as shown in Eq. 8.

SCentml,BothTimeS(t) =[ne(t),de(t)aje(t)] Ve € e
siLink,BothTimes ® =[n, ®.d, )., ®), 8)

S(mersection,BothTimes (l) — [ne (t) , de (t)7jg (I)] Ve = gi ,

1

5 d,(t) had already been incorporated in the state information in [12], where it was referred to simply with
the term “travel time”. We refer to it by a different term in our paper, to clearly differentiate from the aver-
age AGV travel time which we introduce in our work.
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Fig.7 A visual representation illustrating the key variables within a warehouse featuring four corridors
(edges). These variables include the edge AGV capacity (cap,), travel cost (cost:m”’l), and AGV travel times
(d,, j,), all contingent upon both warehouse-specific factors like corridor size and AGV attributes such as
ground speed

The agent definitions incorporating both Average and Last AGV Travel Time have the larg-
est observation complexity and are expected to provide us useful insights on the perfor-
mance impact of combining learning algorithms with more complex agent definitions.

3.1.3 Warehouse example

After detailing all the warehouse variables, it is beneficial to provide an example involving
a specific instantiation of our domain. Figure 7 depicts an example of a 4-corridor ware-
house and its parameters as described in Sect. 2.1. Specifically, we can see that the second
edge (e,) is currently traversed by three AGVs (n, = 3), while one AGV is waiting in node
1 because edge 2 cannot physically hold more AGVs (cap, = 3 AGVs). Moreover, there
are two AGVs in edge 4 where the first needs 1 timestep to reach node 0 while the other
needs 3 timesteps to do so. This information helps create the additional state space infor-
mation (see Sect. 3.1.2). In detail, the “last AGV travel time” d, mentioned in Sect. 3.1.2 is
the steps required for an AGV to leave the edge, thus d, = 1 in our case, because the AGV
needs 1 timestep to exit the edge. The “average travel time” is the average time needed for
the AGVs in an edge to fully traverse it; hence, j, = 2 timesteps. The total cost of travers-
ing an edge costg”al , as defined in Eq. 1, is the sum of the actual cost of traversing the edge
costﬁf“vel (representing the length of the corridor) and the added cost costjdd which is the
output of the optimization algorithm used.

3.1.4 Agent definitions summary

We have designed various agent factorizations by dividing the autonomous warehouse
domain into many pieces. In practice, we have combined the agent factorizations based on
agent structure and those based on alternative state resolution to create 12 new agent fac-
torizations. In a previous study [12], six agent definitions were used, including centralized,
intersection, and link, along with their corresponding variants that incorporate average
travel time. Table 1 demonstrates the 12 agent factorizations we have formulated to review
the performance impact of combining specific agent factorization with different learning
algorithms in a challenging multiagent coordination setting.

@ Springer



Autonomous Agents and Multi-Agent Systems (2024) 38:27 Page 190f48 27

Table 1 This table displays the 12 agent factorization (left column) we designed

Agent structure State resolution

Agent definition Centralized Link agent Intersection Last AGV travel Average
agent agent time AGYV travel

time

Centr *

Centr. last time * *

Centr. avg time * *

Centr. both times * * *

Inter *

Inter. last time * *

Inter. avg time * *

Inter. both times * * *

Link *

Link last time * *

Link avg time * *

Link both times * * *

Every agent definition created has a combination of a single agent structure (centralized, link, intersection)
and none, one, or both of the additional state information available (last AGV and average AGV travel
time). The % indicates that the agent definition has that property

3.2 Learning coordinated multiagent policies

This section provides an overview of the multiagent algorithms that were created and utilized
to investigate the impact of different learning algorithms on training performance in the ware-
house traffic management domain, while also exploring various agent definitions.

3.2.1 Multiagent evolutionary strategies

As previously mentioned, various methods exist to generate subsequent generations of
genes. However, stochastic gradient ascent in particular is renowned for its adaptability to
noise and its robustness in exploring large search spaces; it is particularly effective when
dealing with complex, high-dimensional problems where deterministic methods may strug-
gle. As such, the present section will concentrate solely on a technique utilizing simulated
stochastic gradient ascent, as outlined in [16].

Specifically, in a learning problem, F() will be the stochastic fitness function influenced
directly by the environment, and 8 will be the stochastic policy of the agent. Having these
in mind, we can then write the objective to be maximized in terms of policy 6, and which
can be approximated with sampling as:

VoEynonFO+06) = <y o [FO+00)) ©

In Eq. 9, ¢ is a random sample of a Gaussian noise distribution, and ¢ is the standard
deviation. Using the gradient in Eq. 9 as the objective described in terms of policy 6,
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Algorithm 5, MA-ES.® extends the ES [16] algorithm to multiagent settings in a straightfor-
ward manner. Specifically, MA-ES is an extension of ES in which, instead of evolving the
policy of only an agent per epoch, it evolves the policies of many agents.

Algorithm 5 Multiagent evolutionary strategies (MA-ES)

Data: Learning rate «, noise standard deviation o, I = {ig,41,...} the
set of agents, population size n
1 for each agent i do
2 L 0} = randomly initialized policy

3f0rt:O,1,2,...d0

4 | Sample ¢;...¢, ~N(0,1)

5 | Fy=FU{006].6/"7") +06;) ¥ samples j € [1,n]
6 for each agent i do

7 | Set Oy 0 + a5 >0 Fg;

MA-ES consists of many iterations with two phases each. Initially, every agent i gets a
randomly initialized policy 96 (line 2). Then, as displayed in line 5, the first phase has to do
with the stochastic “mutation” of the populations’ policy parameters, as well as evaluating
the results of these perturbations after an episode in the environment. In the second phase,
it combines the results of every “child”, for every agent in the team, according to how well
they performed, creating a gradient estimate, and updating the parameters (line 7).

3.2.2 MA canonical evolutionary strategies (MA-CES)

ES algorithm is a black-box optimization algorithm suitable for finding solutions to com-
plex optimization problems [27]. As we have seen, it calculates the policy gradient update
by obtaining a weighted sum of the samples based on the final fitness score. By contrast,
the Canonical ES algorithm (See Sect. 2.2.4) calculates the policy gradient update by mul-
tiplying a predefined weight vector w; with the sorted list of samples based on their fitness
score [17]. Therefore, the main difference between these two algorithms (ES and CES) is
in the way they combine the knowledge gained by their genes. We could assume that there
are specific problems in which each algorithm can be superior to the other. As we will see
later, the multiagent version of the Canonical ES algorithm performs better in most cases
for the autonomous warehouse congestion problem; however, MA-ES may provide better
results for different cases.

Here, we put forward a straightforward extension of the classic single-agent Canonical ES
algorithm for multiagent systems similar to MA-ES, as depicted in Algorithm 6. In particular,
in a multiagent problem with 7 agents, each agent has a randomly initialized policy, Gé poten-
tially representing the parameters of a neural network. After that, an iterative process starts
until a satisfying solution is found or a time limit is reached. An iteration starts by getting
n samples, one for each gene in the population, from a Gaussian distribution A0, 1). Then

® MA-ES with a single agent is the same as ES.
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the new perturbed policies 6’; for each agent and every gene are calculated by simply adding
the sampled trajectories ¢; to the policy networks’ current values (line 6). By doing that, the
algorithm aims to sufficiently explore as many neighbor states as possible, by simulating the
outcomes given the new modified policies; hence bigger population sizes may lead to a better
exploration rate.

Algorithm 6 MA canonical evolutionary strategies (MA-CES)

Data: Learning rate «, noise standard deviation o, population size n,
I = {ig, i1, ...} the set of agents
for each agent ¢ do
L 0} = randomly initialized policy

N =

L log(n+0.5)—log(j)
3 Wi = 7, 1og(n+0.5)—log( k)?VJ € [1,n]

for each iteration t =0,1,2,... do

Sample ¢1 ... ¢, ~ N(0,1)

6 F; = F({6?.60}, ..,9;}'1”_1} +0¢;) V samples j € [1,n]
for each agent i do

BEES

Sort ¢;’s according to F' score to obtain a (41, ..., dn) sorted
vector (¢ is ¢; with best F' score)
9 Set 01 < 0; + 0> L wid;

An important step of every iteration is the simulation. There, every set of agent policies
{90 0 [' - ,9”1”_1 } is put to the test in the actual problem environment so that it can be evalu-
ated using a fitness function F(). The fitness score F; of every agent is then used to sort the
sampled trajectories ¢;. For each agent, the trajectones ¢; that lead to higher fitness scores are
placed first in a descendlng fashion to be multiplied by the predefined weight vector w;. The
final step of the MA-CES algorithm calculates the gradient update for every agent 1ndepen—
dently. Observe in line 9 that it is not required to normalize the gradient by dividing it by the
population size, as it was previously done in MA-ES since it is already normalized because of
the weight vector.

Notice that, even though each policy set {Ht’ } shares a common sampled trajectory ¢;, the
final policy gradient update is calculated separately for each agent in the team. This way, the
algorithm ensures that every agent will benefit from both the local understanding of the agent
and the global observations accumulated by the agent team across the whole population 7.
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4 Experimental evaluation

In this section, we provide a thorough experimental evaluation of our approaches along
with details about our experimental setup, in several environments of varying complexity.’
We used the warehouse design displayed in Fig. 8. The same warehouse was previously
used in [4, 13] to study the impact of different agent definitions on learning performance.

We run many experimental runs for every different experimental scenario (agent defini-
tion, number of AGVs, and learning algorithm) in order to account for the randomness
of the results. Every unique experimental run consisted of 500 training epochs, and each
epoch was divided into 200 simulation steps. At the start of each epoch, the location of the
AGVs was fixed, having them split at the two sides of the warehouse (half of them were
positioned at vertex 0 and the rest at vertex 1, as seen in Fig. 8).

4.1 Experimental parameters

The most important parameter of Evolutionary Algorithms [27] is the population size or
simply the number of samples ¢, for each training iteration, which occurs because every
sample is, in fact, a new 51mulat10n but with some slight differences caused by the per-
turbation. We found out that the higher the population size, the more stable the training
performance is, and also, the higher the exploration rate we get. Intuitively, when there
are a lot of samples in an iteration, the impact of the outliers (local maximum perfor-
mance genes) decreases, which means that then we have the chance to get better results
converging on a higher local maximum or even in a hard-to-tell global maximum. How-
ever, one of the main weaknesses of evolutionary algorithms, such as MA-ES and MA-
CES, is that it is computationally expensive; thus, we cannot have as large population
sizes as we might have wanted. Even so, after many simulations, we concluded that the
number of 1000 samples per epoch is sufficient for our current optimization problem.

Furthermore, every sample requires a team of agent policies, each parameterized by
a NN. In our experiments, every NN has one hidden layer with 64 nodes, and an input
size equals the state space of the agent ||s,,,||, while the output size equals the action
space of the agent ||a,,,|l as defined in the previous section about the different agent
definitions.

In our case, CCEA, MA-ES, and MA-CES use the same fitness function (Eq. 10), which
describes the total number of successful deliveries G of a single iteration for all the coor-
dinating agents. So, the Fitness function is a joint fitness function for all agents, modeling
their coordination problem. Maintaining the same fitness function across all algorithms
was crucial, since we wanted to obtain insights from an equal terms comparison of the
algorithms and agent factorizations.

Fitness(t) = total_deliveries(t) (10)

In genetic [28] and Evolutionary [27] algorithms, the mutation and crossover steps vary
in different applications. For instance, a straightforward way to mutate genes is the addi-
tion of noise ¢; to the agent policy parameters, 0’ as presented in line 5 of Algorithm 5.
Of course, there are many alternative options avallable for mutation when working with

7 Our source code can be accessed at the following link: https:/github.com/StavrosOrf//MultiAgentLearn
ing.
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Fig.8 The warehouse graph used in our experiments [4, 13]. The dashed lines represent the edges with
an associated travel cost and capacity (cap). Nodes 0 and 1 represent the entrances/exits of the graph, so
AGVs start the simulation at these vertexes. Even though the warehouse might appear deceivingly simple,
it entails a complex optimization problem since the traffic routing system has to dynamically decide which
route (out of many possible ones) the AGVs should take to minimize the travel time while avoiding (costly)
congestion

parameters 68, of neural networks [49, 50]. However, for the mutation step of our algorithms
in this study, we simply resolved to add sampled Gaussian noise.

Finally, we summarize the main differences between MA-ES, CCEA, and MA-CES. In
detail, MA-ES and MA-CES are combing the information attained from all the genes (line
7 of Algorithm 5 and line 9 of Algorithm 6), while CCEA uses the information from the
k fittest genes only (line 7 of Algorithm 2), which leads to different learning behaviors, as
seen next. Additionally, even though MA-ES, and MA-CES have quite similar structures,
we found out experimentally that they have substantial differences in terms of performance
and convergence speed.

4.2 Evaluating CCEA

Initially, we evaluate the performance impact of combining different agent factorization
with CCEA. As mentioned, this is a multiagent genetic algorithm [28] that generates a
large number of genes. By so doing, it aims to find the best solution for an optimization
task using mutation and crossover processes based on a fitness function F(). We define as
“team performance” the amount of the completed deliveries G by all the AGVs in a 200-
step simulation.
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In Fig. 9, we can see the average training performance across training epochs and
many experimental runs, and in Fig. 10, we can see the best team performance across
the training process. These figures can help us gain interesting insights into the average
and best performance of each agent factorization when using the same algorithm. The
left axis depicts the total deliveries G completed after the end of a simulation during a
500-epoch training process.

In the simplest 90 AGVs environment, we can observe that the more decentralized
the agent team is, e.g., comparing the centralized agent (538 max deliveries, 520 average
deliveries) vs. link agent definitions (544 max deliveries, 528 average deliveries), the better
the results we get. These exhibit fast learning transience, indicating that, when using CCEA
in the simplest environment (90 AGVs), all agent definitions can coordinate effectively and
solve the coordination problem. When examining the impact of adding the last or/and aver-
age travel time to the state resolution (with * timeg), we can observe a trend of reduction
in the variance of training performance (as seen in Fig. 9), and a reduction in performance
except for the link agent teams, where we saw a performance increase, with the link with
both times agent team performing the best (544 max deliveries, 548 average deliveries).
This indicates that even in the simplest environment, our centralized and intersection teams
are limited by the curse of dimensionality,” while the link teams are limited by the prob-
lem’s coordination complexity.'

In the 120 AGVs environment, we can still observe the trend of the more decentralized
agent teams performing better, e.g., centralized agent gets 608 average deliveries, 631 max
deliveries, while the /ink agent them gets 676 max deliveries, 657 average deliveries. Fur-
thermore, the addition of extra state information, i.e., using with * time agent definitions,
still negatively impacts the performance of the centralized and intersection agents teams.
Even more so, for the with both times agent definitions, except for again the Link agent
teams, which instead improves its performance with the addition of extra state information,
which indicates that link agent teams are still not limited by the curse of dimensionality.

In the 200 AGVs environment, we can observe the first change in the learning trend.
The best performing (without * time) agent team is the intersection (842 max deliveries,
744 average deliveries), and the worst performing one is the centralized agent (716 max
deliveries, 677 average deliveries), with link agent team not being far ahead (723 max
deliveries, 661 average deliveries), indicating that the intersection agent team can be a
good compromise between centralization and decentralization. However, as the state reso-
lution is expanded with AGV travel time (with * time), the performance of centralized and
intersection agent teams drops. Meanwhile, link team’s performance improves significantly
(even more than in the simpler environments) with link with avg time performing the best
(894 max deliveries, 785 average deliveries), indicating that the link agent teams are start-
ing to be limited by coordination complexity since they can not coordinate efficiently when
AGV tracking information is missing (without * time).

Finally, in the most complex environment with 400 AGVs, the intersection agent team
(849 max deliveries, 759 average deliveries) is the best compared to all the without time

8 We use the “with * time” notation to represent all agent definitions that incorporate AGV travel time in
any form.

% The curse of dimensionality refers to the difficulties that arise when working with high-dimensional data
due to the exponential increase in volume and sparsity of data as the number of dimensions increases [51].
In our case, such difficulties arise via adding extra state information, i.e., using with * time agent definitions
or more centralized agent definitions.

10 The term coordination complexity refers to how difficult the problem is for cooperative agents to work
together [52].
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Fig.9 Average team performance across 500 training epochs after 30 experimental runs, using the CCEA
learning algorithm. The optimal solution, i.e., the total number of deliveries made, is directly affected by
the number of AGVs traversing the warehouse

agent definitions, and the worst performing one is still the centralized agent (679 max deliv-
eries, 338 average deliveries). Surprisingly, when time is added (with * time agent defini-
tions), all except intersection both times showcase performance improvement over without
time agent definitions. Therefore, this indicates that, in general, coordination complexity
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Fig. 10 Best team performance across 500 training epochs after 30 experimental runs, using the CCEA
learning algorithm

is more prevalent than the curse of dimensionality, in more complex environments. This is
because when the state resolution is expanded the dimensionality of the problem increases,
while the coordination complexity decreases.
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Fig. 11 Violin plots depicting the distribution for every different scenario at the end of the simulations for
CCEA

Looking at trends encompassing multiple environments, the centralized agents do suf-
fer performance losses when expanding the observable space (with * time). Specifically,
as the environment complexity increases (more AGVs) and the curse of dimensionality
becomes more apparent, to the contrary, the link agent teams always perform better when
time is added to observable space. This signifies that, as expected, the centralized agents
are mostly limited by the curse of dimensionality, while the link agent teams are limited by
their coordination complexity (as can be observed in Fig. 10). Also, the centralized agents
exhibit a continuous performance improvement (Fig. 10); this is because of the elitist gene
selection policy and the lack of Structural Credit Assignment problem.

Next, we look at Table 3 that compares the convergence time in terms of epochs
required to reach 90% of the best solution for each agent definition. In the 90 AGV
environment, out of the agent teams that utilize the extra AGV travel time (with * time),
the * with avg time ones, presented a significantly slow learning speed, even though
they managed the same overall performance level in the end as the * with last time
and * with both times agent teams. In all the environments, the centralized with * time
agents converge much faster than the centralized (without time) agent, to a much lower
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Fig. 12 Average team performance across 500 training epochs after 30 experimental runs, using the MA-ES
learning algorithms

performance level. Moreover, we can see that all agent teams in all the environments
using a link agent structure learned the fastest, except for link avg time in the 90 AGV

environment.
Next, using the violin plots Fig. 11, we can see the distribution of performance after

training for 500 epochs. In all environments, the centralized agents exhibited very little
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Fig. 13 Best team performance across 500 training epochs, using the MA-ES learning algorithms

skew (this can be seen, by the overlap of the medians and means). Furthermore, the cen-
tralized with * time agents exhibit much less variance than the centralized agent. Lastly, the
Link agent team in all environments skew bottom-heavy, whereas all the link with * time

agent teams skewed top-heavy.
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4.3 Evaluating MA-evolutionary strategies

We continue by evaluating the performance of MA-ES in this domain. In Fig. 12, we can
see the average team performance across 500 training epochs.

In Fig. 13, we can observe the best team performances during training. In the simplest
environment (90 AGVs), we see that when using MA-ES, all agent definitions are able to
get the exact same maximum deliveries (554 max deliveries). This happens because the
dimensionality of the problem is relatively low, and MA-ES can consistently solve this
problem with any agent definition.

In the 120 AGVs environment, all agent definitions are able to reach a similar (non-
optimal) result, with intersection with last time agent team getting the best results (700
max deliveries, 675 average deliveries after training). This indicates that for the 120 AGVs
environment, the dimensionality of the problem is still relatively low. Looking at the addi-
tion of state resolution (with * time), on the centralized agent, we can see that the per-
formance scarcely degrades, even though the centralized agent performs very well (698
max deliveries, 675 average deliveries), implying that the centralized with * time agents
are slightly limited by the curse of the dimensionality. Interestingly, the intersection and
link agent teams, are mostly unaffected by the addition of AGV tracking information (with
* time).

Most importantly, in the 200 AGVs environment, where the complexity of the problem
has increased, the centralized agent is performing quite poorly, and it gets even worse when
time tracking information is added (centralized with * time). While the intersection (with-
out * time) agent team performs quite well, and when time tracking information is added
(intersection with * time), the performance slightly degrades (similarly to the centralized
agents in the 120 AGV environment), because it is limited by the curse of dimensional-
ity. Meanwhile, the most decentralized Link (without * time) agent definition performs the
worst (822 max deliveries, 726 average deliveries), but greatly benefits from the addition
of AGV time-tracking information. In particular, link with avg time is performing the best
(914 max deliveries, 835 average deliveries) with intersection (without * time) being a
close second (909 max deliveries, 840 average deliveries). This indicates that the impact
of the structural credit assignment problem '! increases slower than that of the curse of
dimensionality.

The performance trend is quite similar for the more complex 400 AGVs environment.
Looking at the teams without AGV tracking information, the intersection agent team per-
forms the best (944 max deliveries, 889 average deliveries), with the centralized agent per-
forming the worst (883 max deliveries, 816 average deliveries). The centralized agent and
intersection agent team suffer a performance penalty for including AGV tracking informa-
tion (with * time), since they are even more restricted by the problem’s dimensionality.
This indicates that when we get to very complex domains, the curse of dimensionality will
be the greatest obstacle to increasing the system’s performance. Meanwhile, the /ink agent
team only benefits from extra AGV tracking information with link with last time benefit-
ing the most (929 max deliveries, 872 average deliveries). Overall, the intersection agent
definition performs the best (944 max deliveries, 889 average deliveries), by a huge mar-
gin, showing that in complex environments, the middle ground in terms of centralized/

" The structural credit assignment problem refers to the complexity of assigning agent-specific rewards in
multiagent learning problems.
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Fig. 14 Violin plots depicting the distribution for every different scenario at the end of the simulations for
MA-ES

decentralized agent structures (intersection agent team) is a good solution to achieve the
best performance.

There are also important insights obtained by observing the convergence time (See
Table 3) of the MA-ES algorithm. Overall, centralized agent teams require significantly
fewer epochs to find their best solution. For example, in the 90 AGVs environment, the
link agents required over 70 epochs to reach 90% of their best solution, while the central-
ized agents converged much faster, demanding less than 40 epochs on average. Of course,
it is impossible to decide on the best algorithm only by observing their convergence time.
Therefore, a decision based on both the maximum performance and convergence time is
needed.

Figure 14 shows the distributions of the completed deliveries at the final epoch for every
case after many experimental runs. In the simple 90 & 120 AGVs environments, we can
see that even though all agent teams managed to achieve the optimal outcome, the more
decentralized the agent team is (regardless of AGV time tracking observations), the higher
variance we get. In the 120 AGVs environment, when adding both AGV tracking informa-
tion (* with both times agent teams), we can observe a reduction in variance. Meanwhile,
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Fig. 15 Average team performance across 500 training epochs, using the Multiagent Canonical ES learning
algorithm

in the complex 200 & 400 AGV environments, the link agent teams experience an increase
in variance with an increase of AGV tracking information. On the contrary, the centralized
agents experience a reduction in variances, indicating that the impact of state resolution
and agent structure are interlinked. Finally, in the 200 & 400 AGV environments, all agent
definitions skew middle (median and average are really close).
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Fig. 16 Best team performance across 500 training epochs, using the Multiagent Canonical ES learning
algorithm

4.4 Evaluating canonical evolutionary strategies
Lastly, we evaluate the performance impact of various agent definitions when paired with

MA-CES. Figure 15 shows the average team performance, in terms of total deliveries
achieved, after 500 training epochs, while Fig. 16 depicts the best team performance.
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Fig. 17 Violin plots depicting the distribution for every different scenario at the end of the simulations for
Canonical ES

Initially, we start by evaluating the performance of MA-CES for the 90 and 120
AGVs environments. There MA-CES managed to find excellent solutions, with every
agent definition (See Fig. 16), with very little variation between agent definitions.

In the more complex environment of 200 AGVs, the impact of different agent defini-
tions on learning performance starts to emerge. Specifically, MA-CES managed to reach
the experimental maximum of possible deliveries (944 max deliveries) with three differ-
ent agent definitions, namely centralized, intersection, and intersection with last time.
The centralized agent experiences performance degradation when AGV tracking info is
being incorporated (centralized with * time), also, the intersection with both times agent
team performs by far the worse (748 max deliveries, 740 avg deliveries). Meanwhile, it
solved the optimization task sufficiently with other agent definitions, too.

We can observe similar results for the 400 AGVs environment; however, here, MA-
CES achieved the best results with multiple agent definitions. Interestingly, the agent
teams with most decentralized agent structure and AGV tracking info (link with * time)
do not work as well.
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In most cases in all the environments, there was no significant performance difference
between the agent definitions that includes AGV tracking information (with * time), except
for the cases mentioned before.

We have seen that MA-CES is an optimization algorithm that is capable of finding great
solutions in complex tasks; however, it is not enough to only know if an algorithm can find
a very good solution. It is also essential to know how fast it can achieve it and how robust
it is. Table 3 demonstrates the convergence time of each algorithm in every case. We can
observe that for all environments, /ink agent structures have the highest convergence times
than any other agent definition, in most cases. In practice, agent definitions based on the
link agent structure are more decentralized; thus, it makes sense to require more time to
reach the optimal solution.

With the aid of Fig. 17, we can determine the robustness of the MA-CES algorithm by
observing the violin plots. As mentioned, violin plots represent the distribution of the last
team performances after many experimental runs consisting of 500 epochs each. Interest-
ingly, we can observe that MA-CES is the most robust algorithm of all three algorithms
studied. For 90 and 120 AGVs environments, the violin plots’ median and mean values
totally overlap on top of the best possible solution, 554 and = 700 deliveries, respectively.
Only the link agent team demonstrates a slight variance, verifying our claim that MA-CES
does not operate as well with link agent definitions.

The results are more interesting for more complex environments. For the 200 AGVs
environment, we can still see that the centralized agent definitions are the most consistent,
because their violin plots are very top-heavy. In contrast, the violin plots of link agent defi-
nitions are balanced around their center. This indicates that MA-CES paired with link agent
teams converge to the best solution only half the times it is trained, while when using other
agent definitions, it is more likely to converge to a clearly better solution. Similar trends
can be observed for the 400 AGVs environment, the only difference here is that the skew of
the distributions are significantly smaller.

Overall, MA-CES is an algorithm that is capable of finding the very good solutions with
most agent definitions, requiring minimum training epochs, while also being extremely
robust with centralized and intersection agent definitions.

4.5 Comparing the learning algorithms

Results in the previous section verified that, indeed, the agents’ definitions could make a
difference in some multiagent environments. We will now proceed to compare the learn-
ing performance of MA-ES, MA-CES, and CCEA algorithm when using different agent
definitions.

Table 2 shows the best team performances of the three algorithms in all different sce-
narios. In the 90 AGVs environment, MA-ES and MA-CES with all agent definitions man-
aged to converge to solutions that are close to the experimental best policy (559 max deliv-
eries achieved by centralized agent definition with MA-CES), while CCEA only managed
to achieve this for the link with time. Thus, for this environment, combining CCEA with
anything other than link-based agents is very suboptimal. Similarly, in the 120 AGVs envi-
ronment, both the Evolutionary algorithms performed really well with every possible agent
definition, while CCEA were again incapable of finding the best solutions. In particular,
even though MA-CES achieved better results with almost every agent definition, with inter-
section with last time agent definition MA-ES outperforms MA-CES. In the other two envi-
ronments, namely the 200 AGVs and the 400 AGVs ones, MA-ES achieved a much greater
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number of completed deliveries compared to that of the CCEA, while MA-CES managed to
get better results compared to the two other algorithms with most agent definitions (but not
all agent definitions). Note that MA-CES consistently reaches 944 total deliveries '*> with
most agent definitions.

More specifically, we can see that in more complex environments (those with higher
AGVs count), the improvement gap of the Evolutionary Strategies algorithms compared
to CCEA is much larger than that of simpler environments (lower AGVs count). In the 200
AGVs environment, all MA-ES-generated policies resulted in 20 to around 120 more deliv-
eries compared to CCEA. Meanwhile, MA-CES generated better results than MA-ES (up to
40 more deliveries) in most cases (but worse in others). This shows that this simulated sto-
chastic gradient ascent algorithms MA-ES and MA-CES works better than a selection-based
genetic algorithm (CCEA). Furthermore, it is clear that a weighted simulated stochastic
ascent algorithm, such as Canonical Evolutionary Strategies, is the best fit to solve the
complex autonomous warehouse optimization problem.

Furthermore, it is essential to question whether it was beneficial to have more com-
plex state spaces, i.e. utilizing with both times agent definitions. For the 90 and 120 AGVs
environments, incorporating with both times information was not evidently helpful, except
for MA-ES intersection both times, because the optimization task was easier to solve with
any algorithm combined with any agent definition. Also, for the more complex 200 AGVs
environment, the extra state-space information did not help improve the results of less
decentralized agent definitions, especially for MA-CES intersection with both times agent
definition (748 max deliveries); however, it was very useful for the link agent definitions.
The same trend is preserved for the 400 AGVs environment. However, notice that MA-CES
centralized both times got equally good results with the other agent definitions on MA-
CES. Overall, with both times state information did not help any algorithm achieve the best
results, with the single exception being link with both times in the 200 AGVs environment
and MA-ES intersection both times in 120 AGVs environment. However, it should be men-
tioned that using additional state information (with time agent definitions) did not limit the
optimization capabilities of the algorithms, as depicted in simpler environments (90 and
120 AGVs) Also, in more complex environments, it was, in most cases, better (in achieving
a larger number of final deliveries) to include extra state-space information.

Another fruitful comparison can be conducted between agent definitions utilizing with
last time and with average time. It appears to be no difference in the 90 AGVs environ-
ment, because, as mentioned earlier, the optimization problem is simple. However, minor
differences can be observed in the 120 AGVs environments. In detail, each non-centralized
agent definition utilizing an AGV travel time, seems to perform better, by a few deliver-
ies, with at least one different learning algorithm. More noticeable discrepancies can be
observed for the 200 and 400 AGVs environments. There, each algorithm matches best
with different agent definitions, both in terms of agent team structure and agent state space.

Looking in general at the impact of state resolution (incorporating time) on “maxi-
mum deliveries” performance, we can observe that in all cases, it is primarily insig-
nificant, except for the complex 200 AGVs & 400 AGVs environments of link with *
time agents, indicating that the impact of state resolution is most prevalent in complex

12 For this specific warehouse management domain, we consider 944 total deliveries to be the maximum
experimental solution in 200 & 400 AGVs environments, since no other algorithms paired with agent defi-
nition managed to achieve better results. In addition, the very low variance observed supports the claim that
these are most likely the optimal values, experimentally identified.

@ Springer



Autonomous Agents and Multi-Agent Systems (2024) 38:27 Page390f48 27

environments with high decentralization of agent structures. However, notice that the
MA-CES algorithm on the 400 AGVs environment seems to be indifferent regarding the
best agent definition since, it obtains the best results with multiple agent definitions.

Lastly, looking at overall trends, we can observe that the centralized agents on evo-
lutionary strategy algorithms we tested (MA-ES & MA-CES) do not benefit from the
expansion of observable space (centralized with * time), while CCEA’s centralized
agents do benefit from it, in the complex environments (200 AGVs & 400 AGVs).

Following this, we can further investigate the differences between the algorithms by
comparing the way they learn over the course of 500 training epochs. Table 3 shows the
average convergence time of every combination of learning algorithm and agent defini-
tion. We define, as convergence time, the training epochs required by an algorithm to
reach over 90% of its best performance. Therefore, this metric clearly illustrates how
quickly an algorithm can be trained. Of course, faster convergence times do not guaran-
tee better solutions. Convergence time (Table 3) and best-team performance (Table 2)
are two metrics that should be assessed in conjunction with each other.

In general, it is clear that CCEA is the algorithm that requires the most epochs to
find its solutions, especially for centralized agent definitions. Additionally, although
we expected that the more state space information an agent definition incorporates,
the greater the convergence time required, we did not observe any apparent correlation
between convergence time and agent definitions incorporating with both times. Except
for MA-CES for all agent definitions, and CCEA with centralized, which results in faster
convergence times when with both times is incorporated. Something that we can observe
and verify is that the most complex the environment, in general, the more epochs are
required to find the best solution. Therefore, this indicates that for more complex envi-
ronments, all algorithms struggle to find the best solution; thus, they require extra train-
ing time. Meanwhile, when algorithms train for more epochs, it is possible to find a
better solution; hence, higher convergence speeds can also lead to better solutions, if the
algorithms are combined with appropriate agent definitions.

Another interesting observation is that the /ink agent definitions have, in general,
lower convergence time when paired with CCEA, compared to the other agent defini-
tions of CCEA, especially for more complex environments (high AGV counts). How-
ever, the link agent definition, in general, requires more time when paired with Canoni-
cal Evolutionary Algorithm. This evidently supports our initial claim [13] that the
pairing of a learning algorithm and an agent definition is significantly more impacting
than just the agent definition, as it was previously suggested by [12].

Arguably, both Evolutionary Strategies algorithms that were demonstrated in this
study, and especially MA-CES, are capable of finding the very good solutions (See
Table 2), while also achieving that in lower training times than genetic algorithms.
Lastly, while MA-CES outperformed MA-ES with most agent definitions, it is essential
to highlight that for some other agent definitions, this was not always occurring (e.g.
120AGVs intersection with last time and 200 AGVs intersection with both times).

In most cases, MA-CES outperforms MA-ES because its state-action space contains
plateau regions (that have 0 gradients w.r.t. total deliveries), in which MA-ES tend to
get stuck, since most of the exploration steps will have no performance difference and
the simulated gradient’s expected value would therefore be close to O (for some regions
E[VF(0, + c¢)] = 0), while MA-CES’s weighted gradients do not (for the same regions,
E[wVF(0, + c¢)] # 0), this is why in particular in the 90 AGV environment MA-ES’s
performance max is 559 total deliveries.
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Fig. 18 Total deliveries G for the 120 AGVs environment using MADDPG and I-DQN algorithms after
500 training epochs: Best results across all 30 runs involving experimentation with three different reward
functions. The run depicted is using the RF2 function—i.e., the one that rewards progress towards the
AGVs’ destinations

4.6 Testing reinforcement learning methods

Evolutionary Strategies and Canonical Evolutionary Strategies are evolutionary algo-
rithms that simulate a stochastic gradient ascent; inspired by this, we wanted to study
how policy gradient algorithms and other prominent MARL algorithms perform in this
domain.

At first, we implemented the Multi-Agent Deep Deterministic Policy Gradient (MAD-
DPG) [19] algorithm, which has proven to be capable of solving complex RL tasks in a
wide variety of domains [53]. We also implemented the decentralized I-DQN algorithm,
where each agent has its own independent training neural network. However, neither
algorithm managed to train all their independent or centralized agents, due to the unique
characteristics of the warehouse traffic management domain. Generally, most reinforce-
ment learning algorithms, like MADDPG and I-DQN, require carefully designed reward
functions that will train the agent policies. As such, we experimented with three different
reward functions:

RF1: afunction that incentivizes the AGVs to move on the shortest available path.
RF2: a function that estimates progress towards the AGVs’ destinations via counting
the number of AGVs that are eligible to move towards their destination.

e RF3: afunction that assesses deliveries’ progress within specific time windows.

Our tests showed that there was no obvious reward function resulting in the effective train-
ing of the agents. More specifically, we ran at least 10 learning simulations (over 500 train-
ing epochs each) for each reward-algorithm pairing, but none of these managed to converge
(i.e., no learning was demonstrated).

Figure 18 illustrates the best results obtained for those algorithms across all reward
functions tested. Specifically, the figure depicts the results of using reward function RF2—
i.e., the one that provides as a reward the number of AGVs moving toward their goal. It is
obvious even in this “best” run that there is no convergence, while performance reaches at
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most 425 deliveries which is 60% of the value found experimentally to be optimal in this
domain (i.e., 701 deliveries, cf. Table 2).

In particular, we believe that the main difficulty of our domain (with regard to using a
reinforcement learning method of any kind) is that the rewards can only be observed many
steps after their execution, whereas these types of algorithms usually expect immediate
results, i.e., the delayed rewards problem is severe [54]. Another interesting detail of many
multiagent environments is that when the agent team tries to increase the total accumulated
reward, it is not easy to determine which agent was responsible for that improvement; this
affects the complexity of how an action of each agent should be really rewarded—i.e., a
“credit assignment problem” [55] exists.

In conclusion, it is understandable why the RL algorithms in question failed to achieve
desirable performance, notwithstanding the numerous different combinations of neural
networks, hyperparameters, and reward functions tested. Even though the tested RL algo-
rithms did not work in this setting, interesting points regarding their potential pairing with
factorized MAS settings were raised. For instance, [-DQN is only implementable with link
(and with * time) agent definitions, due to limitations to the size of the discretized action
space. In other words, had we taken a different agent structure as a constant (e.g., intersec-
tion agents) [-DQN would have been unimplementable. This underscores the value of MA-
ES, MA-CES and CCEA as alternative learning methods of choice, which can be applied in
many complex domains that suffer from the problems mentioned above [56].

5 Conclusions and future work

The design process of a MAS usually takes the definition of the agent as a constant and
then selects an algorithm that it optimizes by tuning its hyperparameters and also apply-
ing domain-specific techniques suitable for that environment. That process is limiting for
domains where the structure of the MA team is factorizable and where new possibilities
are enabled. For example, in our domain, if the link with time agent definition were taken
as a constant, then CCEA would have been in the same performance ballpark as MA-ES—
and after some further fine-tuning, it might have delivered slightly better results. On the
other hand, if the selected agent definition were the intersection with time, MA-ES would
have performed significantly better. Another example is that if we were trying to find the
best solution for the 200 AGVs environment, and we had selected intersection both times
agent definition, we would have concluded that MA-ES is able to provide a good solution,
and we would have missed the opportunity to exploit the high-performance capabilities of
MA-CES.

By contrast, in this work we tried to simultaneously assess the performance impact of
agent factorization in conjunction with different learning algorithms, in a multiagent coor-
dination setting of real-world interest; and thus discover the source of performance quality
for the various agent factorization-MA learning algorithms combinations.
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To this end, we put forward and evaluated the multiagent evolutionary algorithms
MA-ES and MA-CES. We also introduced and tested 12 overall (6 new) agent definitions
for the warehouse AGV framework. We demonstrated that both multiagent Evolutionary
Strategies algorithms we put forward are an excellent fit for warehouse traffic management
framework, and they outperform CCEA [4] in most cases.

Indeed, we confirmed that the impact of different agent definitions differs based on the
learning algorithm used to train the agents. In particular, we showed that using different
agent definitions has a greater impact on more complex environments, for example when
the number of training parameters significantly increases. Moreover, our work confirms
that many learning problems can be solved more effectively by using evolutionary algo-
rithms, especially when there are delayed rewards from the environment. Arguably, both
Evolutionary Strategies algorithms that were demonstrated in this study, and especially
MA-CES, are capable of finding the best solutions, while also achieving that in lower train-
ing times than CCEA, which is a genetic algorithm [28].

Difference rewards have the potential to enhance the collective policy learned by mul-
tiple reinforcement learning agents operating concurrently within a shared environment.
Therefore, the credit assignment problem could be eased with the use of difference rewards
[57]. Furthermore, there are numerous opportunities for future research to explore the com-
bination of agent factorization with (multiagent) learning, not only in warehouse traffic
management but also in other important real-world domains of interest, such as robotics
[58], distributed control [59], telecommunications [60], and economics [61]. A promising
avenue of investigation entails assessing a diverse range of agent definitions, encompass-
ing hierarchical structures and factorizations employing distinct communication channels
across diverse domains and frameworks, such as MuJoCo based environments [62], and
Brax [63]. Additionally, an array of alternative learning algorithms, such as reinforcement
learning algorithms, can be utilized to pinpoint the source of the impact of diverse agent
definitions. In particular, devising novel multiagent learning algorithms that can exploit
specific agent factorizations, is an interesting future work topic that should be thoroughly
investigated. Lastly, competitive domains like pricing strategies in markets [64], and poten-
tially mixed domains represent a range of prospective application settings.

Additional experimental data

For the sake of completeness, in this appendix, we are presenting detailed figures of our
extensive evaluation. Namely, Fig. 19 depicts an average team performance comparison for
every possible combination of agent definition and learning algorithm after many experi-
mental runs. Meanwhile, Fig. 20 presents the best team performance comparison.
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