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Abstract: Recent years have witnessed significant advances in reinforcement learning (RL), which
has registered remarkable success in solving various sequential decision-making problems in
machine learning. Most of the successful RL applications, e.g., the games of Go and Poker, robotics,
and autonomous driving, involve the participation of more than one single agent, which naturally
fall into the realm of multi-agent RL (MARL), a domain with a relatively long history, and has
recently re-emerged due to advances in single-agent RL techniques. Although, typically, the
communication protocol between agents is manually specified and not altered during training,
recently, some papers have shown signs of trying to emerge a communication between agents on
the one hand and, on the other hand, to understand what is exchanged between agents. So, there is
a growing body of literature on this topic which includes qualitative and quantitative studies and
the ones that apply mixed methods. This study presents the scoping review of the methodological
strategies undertaken in a total of 16 research articles. The results present the critical appraisal of
quantitative methods in terms of validity and reliability and for qualitative methods considering
four trustworthiness factors. In the end, relevant insights are further explored with implications and
reflections on how they can benefit one’s research in the field.

Keywords: reinforcement learning; POMDP; learn to communicate; systematic literature review;
quantitative methods; qualitative methods

1. Introduction

1.1. Background

Reinforcement learning (RL) is the training of machine learning models to make a sequence of
decisions. The agent learns to achieve a goal in an uncertain, potentially complex environment. The
computer employs trial and error to come up with a solution to the problem. To get the machine to
do what the programmer wants, the artificial intelligence gets either rewards or penalties for the
actions it performs. Its goal is to maximize the total reward. Although the designer sets the reward
policy—that is, the rules of the game-it is given the model no hints or suggestions for how to solve the
game. It's up to the model to figure out how to perform the task to maximize the reward, starting
from totally random trials and finishing with sophisticated tactics and superhuman skills [1].

Recent years have witnessed astonishing advances of RL in many prominent sequential
decision-making problems, such as playing the game of Go [2,3], playing real-time strategy games
[4,5], robotic control [6,7], playing card games [8,9], and autonomous driving [10], especially
accompanied with the development of deep neural networks (DNNs) for function approximation
[11].

Intriguingly, most of the successful applications involve the participation of more than one
single agent/player, which should be modeled systematically as multi-agent RL (MARL) problems.
Specifically, MARL addresses the sequential decision-making problem of multiple autonomous
agents that operate in a common environment, each of which aims to optimize its own long-term
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return by interacting with the environment and other agents [12]. Besides the aforementioned
popular ones, learning in multi-agent systems finds potential applications in other subareas,
including cyber-physical systems [13,14], finance [15,16], sensor/communication networks [17,18],
and social science [19,20].

Largely, MARL algorithms can be placed into three groups, fully cooperative, fully competitive,
and a mix of the two, depending on the types of settings they address. In particular, in the cooperative
setting, agents collaborate to optimize a common long-term return; while in the competitive setting,
the return of agents usually sum up to zero. The mixed setting involves both cooperative and
competitive agents, with general sum returns.

In all MARL problems, communication is a fundamental aspect of intelligence, enabling agents
to behave as a group, rather than a collection of individuals. It is vital for performing complex tasks
in real-world environments where each actor has limited capabilities and/or visibility of the world.
In any partially observed environment, the communication between agents is vital to coordinate the
behavior of each individual.

While, in RL-based works, the model controlling each agent is typically learned via RL, the
specification and format of the communication is usually pre-determined. For example, in robot
soccer [21], the bots are designed to communicate at each time step their position and proximity to
the ball. It is very clear that if this communication protocol between agents or between agent and
human is predetermined, it could not be optimal across all tasks. Hence, today, with the rapid
advances in machine learning in recent years, the goal of enabling intelligent agents to communicate
with each other and with humans, rather than relying on explicit supervision, is turning from a hot
topic of philosophical debates into a practical engineering problem and is often considered a
prerequisite for developing a general Al For an extensive overview of earlier work in this area, we
refer the reader to [22,23].

However, there is a missing link in these studies. Specifically, the main drawback of researchers’
efforts is the lack of consideration of communication issues such as delay, communication cost,
congestion, and packet limit, especially for communication between agents. In this regard, it seems
that developing a new realistic situation considering co-optimization of communication from the
perspective of telecommunications network issues and performance in partially observable Markov
decision process (POMDP) tasks based on RL algorithms is vital.

1.2. Objective

As described in the background, there has been an increasing tendency to focus on learning to
communicate through MARL in Al However, there is a deficiency of the literature review in the
research area. Especially researchers tend to neglect the research methodology behind the scene. As
it is a methodologically driven systematic literature review, the aim is to provide an overview of the
methodological approaches currently undertaken in scientific studies involving learning to
communicate with MARL. Particular interest is given to understand how the studies guarantee
validity and reliability for quantitative methods and trustworthiness for qualitative methods.

To be more specific, the underlying research questions are:
¢  What are the research methodologies applied in researches regarding learning to communicate

with MARL?

e  What kind of problems or challenges are there when applying these research methodology
designs?

Roadmap. The remainder of this paper is organized as follows. In Section 2, the methods
followed in conducting this systematic review are described, from searching for relevant papers to
analyzing strategies. In Section 3, the results of the analysis are reported. And finally, in Section 4,
the problems and challenges of the current methodologies when researching learning to
communicate with MARL are discussed.
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2. Methods

For this overview, the methodological approach is a systematic literature review, which is a
stand-alone literature review of research done in a given topic, conducted in a systematic, rigorous
manner, without collecting or analyzing any new or original data [24].

In this exploratory study, we examine articles published between 2016 and 2021 (except for one,
which was later added via backward and forward searches.) This specific time range has been chosen
by taking the “Learning to Communicate with

Deep Multi-Agent Reinforcement Learning” paper [28] as a reference point. To achieve an
abundance of published work in the field, papers registered in the academic search engine Google
Scholar will be the primary resource. To ensure that the selected articles meet recognized standards
of quality, they were searched in the Scopus database as well, as it only archives peer-reviewed
papers. We did not search for literature on Scopus instead because Google Scholar has the advantage
of being able to search keywords in the text, which was beneficial in the case where the same query
applied to Scopus would produce very few results (even in some cases nothing).

Note that it is widespread in the AI/ML field; due to the rapid research progress, papers are
made available before review. Sometimes, even while they are under review, many other works refer
to them. In this regard, although it has been tried to use only reviewed peer-reviewed papers as much
as possible, this is not a definitive criterion for selecting papers, and appropriate papers, which are
highly cited works in this field, have been considered in this report.

2.1. Searching for Relevant Papers

The main component of the created queries for the literature search process is (“POMDP” OR
“multi agent reinforcement learning” OR “multi-agent reinforcement learning” OR “MARL"”) AND
“learn to communicate”, which will further be referenced as mainQRY. These key terms are targeting
research that concerns specifically the field of MARL and its community.

Table 1 gives a summary of all the executed queries on November 15, 2021, at each stage. It
should be noted that the study period is between 2016 and 2021. In Google Scholar, the execution of
the following initial query, which was done before any specific literature search, mainQRY produced
216 results, and in Scopus, mainQRY produced 13 results.

Different types of data could be generated in a research study; however, the two main types are
qualitative and quantitative. Thus, the search procedure and the respective analysis of the literature
initially follow this main two-fold categorization as well as some related keywords. The search was
conducted in two stages (see Table 1).

Table 1. Summary of the searching process for finding papers for the review, published between
2016 and 2021. (mainQRY = “POMDP” OR “multi agent reinforcement learning” OR “multi-agent
reinforcement learning” OR “MARL").

Stage Query Search Search Results
Engine/Database (# Papers)
Initial stage mainQRY Google Scholar 201
mainQRY Scopus 13
mainQRY AND (“participants” OR
“interview” OR “questionnaire” OR  Google Scholar 69

“quantitative” OR “qualitative”)

mainQRY AND (“participant*” OR

“interview” OR “questionnaire” OR  Scopus 2
“quanti*” OR “quali*”)

Final stage

The final stage was performed to have an overall idea of how many targeted papers use
quantitative or qualitative or mixed methods in their study. As Google Scholar does not support
truncation symbols (the abbreviation “quanti*” would have results that included quantitative,
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quantitatively, and other), the full words were used, knowing that without quotation marks the
algorithm takes into account words that have the root quantitative or qualitative, e.g., quantitatively.
However, in this case, the search did not include words that have the root quant or qual. These terms
may seem restrictive, as not all articles explicitly state that they followed a qualitative or quantitative
approach. However, given that the range of methodologies is extensive and there is no delimited
terminology used in the field, these keywords are restrictive enough to provide a wide range of
methodologies, further seen in the Results section.

Table 1 gives the search queries for the final stage and the resulted number of papers. For Scopus,
the search queries produced only two results, which further reinforced the necessity of using Google
Scholar.

2.2. Inclusion Criteria

The following criteria were followed for deciding whether a paper will be included in the review:

e  Publications written in English

e  The title and abstract give hints that the topic of the research involves both MARL and Learn to
Communicate.

e  Has an extensive method section (at least half of a page)

e Exhaustively specifies that a quantitative or qualitative research approach has been used

e  Uses collected empirical data or primary data or secondary data for data analysis.

e  Regarding qualitative papers, the title or abstract contains a hint that the study has a qualitative
nature. Considering the scarcity of these types of papers in the analyzed field, the paper will be
reviewed if it mentions interview, participant, questionnaire, ....

2.3. Exclusion Criteria

The exclusion reasons for relevance were:

e  Being a literature review study.

e  The absence of a method section

¢  The methodological approach did not correspond with the specified data type (qualitative and
quantitative)

e  The studies only reference the field of MARL but do not contribute themselves.

e  Theoretical, conceptual papers without empirical research

e  Short papers/ Workshop papers

By applying inclusion and exclusion criteria, out of 69 found papers, 15 remained relevant for
the literature review. Out of 15 chosen papers, 10 were categorized as following a quantitative
approach, two as following a qualitative approach, and three as mixed methods. In addition to these
15 papers, it was decided to add another qualitative paper [42] to this collection based on backward
and forward searches. As the latter three papers have a relatively equal share in qualitative and
quantitative methods, they can be examined from the point of view of both qualitative and
quantitative categories. However, in this paper, since the quantitative approach being the most used
in the field, they only will be included in the qualitative category.

Out of the 16 papers, 9 have been deposited on the arXiv repository. The remaining articles were
published in conferences: Advances in Neural Information Processing Systems, IEEE International
Conference on Computer Vision, AAAI Conference on Artificial Intelligence, International
Conference on Machine Learning, IEEE International Conference on Robot & Human Interactive
Communication, International Conference on Persuasive Technology. Thus, it shows that there is a
tendency to publish papers in conference proceedings and publish pre-print papers in the arXiv
repository.

2.4. Analysis Strategies

Regardless of whether the papers are categorized qualitatively or quantitatively, in order to gain
more knowledge of what each selected paper focuses on and to understand the various contexts that
all revolve around trying to learn communication through MARL, the goal of the papers will be
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investigated. In addition, for the papers, according to their quantity or quality nature, several criteria
will be measured, which are introduced below.

For the papers following quantitative approaches, the papers will be analyzed with the two
main criteria: reliability and validity. Reliability is about a consistent measurement of the phenomena,
which can be translated into reproducibility in data science papers [25]. Highly reliable papers should
be able to be reproduced when people follow the instruction and resources, such as code and data.
Furthermore, these resources should be easily obtained. Validity is more about how accurately the
research reaches the conclusion they want. To be more specific, several criteria have been selected
that can measure validity and reliability in this topic.

Validity, Validity can be achieved by showing various materials that can persuade readers to
trust the result and its achievements. In AI/ML, the main criterion would be the performance as it is
the goal of the papers providing a new approach, but we also put the scalability to support the
performance derived in a valid way. Various environments having different specifications would
also help to validate the efficiency in various situations. These criteria are for validity:

o  Approach: In MARL, most works follow one of the well-known algorithms in this field. We
checked whether the paper used one of those methods or developed a new model.

o  Performance: In MARL, the performance of the methods is examined by various methods
such as the amount of reward collected, the amount of error. Performance review is very
important when you want to compare several algorithms. That is why we evaluate whether
the suggestion is always better in any experiment, consistently or not.

o  Number of environments: The number of environments affects the validity as it can show
that the paper’s suggestion is consistently winning in multiple cases. If the paper only uses
one dataset, we cannot say the paper is highly valid as we cannot expect an undiscovered
situation.

o  Scalability: The number of agents plays a very decisive role when reviewing the results in
MARL. As the number of agents increases, the environment becomes closer to the real
situation and the proposed algorithm has more validity. We investigated whether the
scalability issue is examined (by performing experiments with the presence of a different
number of agents) or not. For scalability criteria, we used ordinal scores to show how much
each paper keeps the criteria. In this scoring, 0 means that there is no sign of scalability, 1
means there are some intuitions in which symptoms of scalability can be found, and 2
implies an assurance of scalability through testing the algorithm on several environments
and/or a different number of agents.

Reliability, Without a shadow of a doubt, making experimental instructions and resources as
transparent as possible, so that other people can reproduce the result clearly by following the paper,
can ensure reliability. In this regard, the openness of the dataset, algorithm implementation,
comparison to the baseline model, and clear experimental setup can be measured in AI/ML.

o Dataavailability: Public datasets/environments that are available for any people to use can
make the research more reliable as everyone can restore data in the study. However, when
the paper changes a part of a dataset/environment, the reliability will also be reduced as
we may need a clear explanation of the changes.

o Code availability: Available code will help with reliability as we can see that the code
produces the same result. We also can see whether the code and the hypothesis are
matching or not.

o Comparison to others (baseline model): A comparison to baseline models that are the most
recent in the field would be helpful to show reliability. On the other hand, if the paper
missed one of the state-of-the-art articles to compare, it might lose reliability. We cannot
make sure that the suggestion is better than other recent ones.

o  Experimental setup: The data science area has a standard research procedure that can be a
condition for improving the reliability of the study. We checked whether the paper contains
detailed information on data types, how they prepared the data, and the explanation of
modeling and evaluation. Ordinal scores are used to show how much each paper refers to
details when explaining test settings, data collection, implementation, and evaluation of
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the model. In this scoring, 0 means that very little explanation is given, 1 means details are
given, and 2 implies an assurance that there is no ambiguity left for reproducing the results.

For the papers following qualitative approaches, the research strategy will be critically
analyzed along with the four criteria of measuring trustworthiness [26]: credibility, transferability,
dependability, and confirmability. Guba proposed these criteria as strategies that qualitative
researchers should follow to ensure that their study is reliable, follows a rigorous research process,
and has a pertinent qualitative inquiry. Credibility is to make the confidence of the result true and
credible enough. A peer debriefing or thorough interviewing process can affect it. Transferability is
whether the result can be transferred or generalized to other settings as well. Data saturation and
purposeful sampling can be strategies. Confirmability is about the confidence of the results by being
confirmed by other researchers. Finally, dependability is how much the research can be repeatable.
Detailed explanation, provision of audit trail, and stepwise replication of the data can increase this
value. We used these four criteria as they are widely accepted by many qualitative research
communities as valid forms to ensure the quality of the research [27]. In addition, we will investigate
the research design applied in each study.

3. Results

Quantitative and qualitative papers are evaluated by the criteria discussed in the Methods
section separately. Here, for scalability and experimental setup criteria, as it is defined in Section 2.4,
we used ordinal scores to show how much each paper keeps the criteria. Although these ordinals
scoring for all papers has been determined by the author of this work, we have tried to avoid bias.

3.1. Quantitative Papers

In the first step, the goals of each quantitative paper are identified. The purpose of identifying
goals is to understand how these papers can be divided into different categories based on this.
Although the objectives of the papers are shown in detail in Table 2, by examining the papers, it can
be seen that their goals can be generally divided into two parts. Several articles seek to learn to
communicate while learning another POMDP task at the same time as the main task. Specifically, this
approach has begun with “Learning to communicate with deep multi-agent reinforcement learning”
paper [28]. On the other hand, the rest of the articles are focused on finding a meaningful
communication protocol between agents as an emerging language, and in fact, the main task in this
approach is only to learn a meaningful communication between agents and there is no other task as
the responsibility of agents to learn at the same time [29].

On the other hand, if we want to classify the papers according to the basic methods that exist in
RL and machine learning, it can be concluded from Table 2 that although [30,34] have tried to find a
new MARL based approach as a solution method, most papers develop their approach based on
existing methods, among which articles that use recurrent neural networks such as LSTM, B-LSTM,
and GRU make up the majority of studies. The importance of this issue goes back to the fact that
validating articles that use known approaches is an easier task for researchers than to validate a new
approach that has not yet been fully explored. It is also important to note that the majority of studies,
with the exception of three papers, [32,35,36], are focused on only one method, not combining several

techniques.
Table 2. Goals and approaches in the selected quantitative studies.
Paper Goal Approach
F ter et al.
[ 20 STS creta Learning a binary (in execution mode) communication protocol =~ DRQN
Jorgeetal. [29] Learning Guess who? by two agents (asker, answerer) Based on [28]

Sukhbaatar and Learning continuous communication between a dynamically

1
Fergus [30] changing set of agents for fully cooperative tasks New mode
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Havrylovand Learning to communicate with sequences of discrete symbols

Titov [31] (referential game) LST™™M
Das et al. [32] Le%lrning Cooperatiw.e Visual Dialog Agents with Deep VGG-16,
Reinforcement Learning LSTM
Formulate the discovery of the action and communication
Mordatch and . . . .
protocols for their agents jointly as a reinforcement learning LSTM
Abbeel [33]
problem
Jiang et al. [34] Modeling multi-agent environment as a graph New model
Cettyimarr 08 e il sl mreentog s down et
[35] yaeep 696 Attention

encoder-decoder architecture

Proposing an architecture for multi-agent reinforcement learning

that allows targeted continuous communication between agents  Actor-critic,

Das et al. [36] ) . . ] .
via a sender-receiver soft attention mechanism and multiple GRU

rounds of collaborative reasoning.

Developing an implicit model of cultural transmission and
Cogswell et al. compositionality in deep neural dialog agents, where language is Based on [38]
[37] transmitted from generation to generation because it helps agents

achieve their goals

The most important point is the criterion for evaluating the superiority of a method which can
be another way to check the validity of the research. As mentioned in Table 3, the most important
criterion in tasks based on RL is normalized rewards. The next criterion as a measure of performance
is the rate of win or failure. In some articles, mean errors, losses, and accuracy are also used as other
criteria for measuring the algorithm. On the other hand, due to the fact that in RL studies, the choice
of criteria is highly dependent on the choice of the experimental environment, sometimes researchers
have to define the custom metrics [29,34,35]. It is obvious that the more clearly the metrics can cover
all the important aspects, the higher the validity of the research.

Table 3. Summary of performance metrics (data analysis methods) used in the selected quantitative

studies.
Performance Metrics Paper (s)
Normalized rewards E;e]rster et al. [28], Das et al. [32], Mordatch and Abbeel [33], Jiang et al.
Failure rates/ Win rates Sukhbaatar and Fergus [30], Havrylov and Titov [31], Das et al. [36]
Mean error Sukhbaatar and Fergus [30],
Loss Havrylov and Titov [31]

Accuracy, precision, and Cogswell et al. [37]
recall

Custom measure Jorge et al. [29], Jiang et al. [34], Celikyilmaz et al. [35]

Another way to check the validity of research is to experiment with different environments
and/or with a different number of agents. In this regard, two factors, the number of tested
environments and scalability, have been investigated as the last hints for having a validity criterion
using Table 4. While we know for sure that the greater the number of simulated environments on
which the proposed method has been investigated, the higher the validity of the research, with more
than half of the papers examining only their method on one environment [29,31-35]. They increase
the risk of bias in the results. However, Authors in [30] and [36] have performed experiments on five
and four environments, respectively, to convince researchers of the validity of the proposed method.

On the other hand, half of the studies have not attempted to demonstrate scalability, which
means that their proposed method can be used in a more realistic environment or with the presence
of more agents. However, the other papers gave researchers more confidence in scalability by


https://doi.org/10.20944/preprints202404.0813.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 April 2024 d0i:10.20944/preprints202404.0813.v1

examining the effects of noise during communication, examining the effect of increasing the number
of agents, and examining changing the difficulty of the experimental environment. Specifically, [36]
has been examined the presence of the ten agents, and on the other hand, has been examined in four
different environments, so that it has provided high confidence in the scalability of its proposed
method. It is worth mentioning that the existence of an open system with heterogeneous agents can
be a representation of the validity of the method, which is not seen in any of the papers.

In the following, we intend to examine the quantitative papers in terms of reliability. In this
regard, four factors, the availability of data or simulated environment, the availability of code,
comparison of results with basic models or other possible configurations of the proposed model, as
well as paying attention to details when explaining the experimental setup have been reviewed in
the studies. Data availability can be mentioned as the first factor in checking reliability.

Table 4. Summary of assessing scalability and number of environments in the selected quantitative

studies.
Paper Number of Environments (Ordinal)  Scalability (Ordinal (0-2))
Foerster et al. [28] 2 1
Jorge et al. [29] 1 0
Sukhbaatar and Fergus [30] 5 2
Havrylov and Titov [31] 1 0
Das et al. [32] 1 0
Mordatch and Abbeel [33] 1 0
Jiang et al. [34] 1 2
Celikyilmaz et al. [35] 1 2
Das et al. [36] 4 2
Cogswell et al. [37] 2 0

As can be seen from Table 5, in RL there are two general parts of the data set and the simulation
environment. Data sets are used to train neural networks in some methods. On the other hand, the
simulation environment means an environment in which the agent tries to learn and improve its
performance to perform a specific task by interacting with it. Although half of the papers did not
require the use of datasets to pre-train neural networks, the rest of the works attempted to use existing
known datasets with higher reliability rather than creating new ones.

In terms of using existing simulation environments or implementing a new simulation
environment, the articles have considered both approaches according to their needs. To put this in
terms of reliability, using well-known and standard data sets and simulation environments will
undoubtedly help future researchers reproduce the results quickly.

Table 5. Summary of data collection methods and environment used in the selected quantitative

studies.
Data availability Paper(s)
Create new dataset Cogswell et al. [37]
Used public dataset Foerster et al. [28], Havrylov and Titov [31], Celikyilmaz et al. [35], Das et
al. [36]
Implementing a new Foerster et al. [28], Jorge et al. [29], Sukhbaatar and Fergus [30], Das et al.
environment [32], Mordatch and Abbeel [33]
Using the existing Sukhbaatar and Fergus [30], Jiang et al. [34], Das et al. [36], Cogswell et al.
environment [37]

The availability of code is also one of the most important ways to ensure the ability to reproduce
results. As shown in Table 6, while some studies, [28,37], allow researchers to reproduce the results
as well as to check the compatibility of the code with the hypotheses by inserting pseudocode in the
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text of the paper as well as by making the code available, half of the papers did not use either of these
methods and faced serious challenges for researchers to re-implement their works.

Table 6. Summary of code availability status for the selected quantitative studies.

Code Availability Paper(s)

Havrylov and Titov [31], Das et al. [32], Mordatch and Abbeel [33],
Celikyilmaz et al. [35], Das et al. [36]

Provided pseudo-code Foerster et al. [28], Cogswell et al. [37]

Foerster et al. [28], Jorge et al. [29], Sukhbaatar and Fergus [30], Jiang
et al. [34], Cogswell et al. [37]

Not available

Available

One way to measure the reliability when studying a paper is to compare the proposed method
with baseline models as well as the state-of-the-art models. By doing this comparison, the reader can
be sure that the proposed method works better than the existing methods. As shown in Table 7, half
of the articles, especially [35], compared their method with other methods.

Another way to compare is to compare the performance of the proposed method with other
modified versions of your method. The purpose of this work is to ensure the optimality of the
proposed method compared to other close methods that have been done in most papers of this type
of comparison.

Table 7. Summary of assessing experimental setup and number of comparisons in the selected
quantitative studies.

Number of Comparisons Number of Internal Experimental

Paper with Baselines Model Comparisons (Ordinal) Setup (Ordinal

(Ordinal) (0-2))
Foerster et al. [28] 1 4 2
Jorge et al. [29] 0 5 1
Sukhbaatar and Fergus [30] 3 0 2
Havrylov and Titov [31] 0 4 0
Das et al. [32] 0 2 1
Mordatch and Abbeel [33] 0 2 0
Jiang et al. [34] 3 2 2
Celikyilmaz et al. [35] 7 7 1
Das et al. [36] 4 3 1
Cogswell et al. [37] 5 0 0

The last way refers to details when explaining test settings, data collection, implementation, and
evaluation of the model. The more detailed a task is, as in [34], the less ambiguity there is to reproduce
the results. We reviewed the studies and found that almost no specific pattern and standard can be
found in this case.

At the end of this subsection, it should be noted that none of the papers studied mentions the
limitations, which we will discuss in more detail in the Discussion section.

3.2. Qualitative Papers

Table 8 presents a summary of the research strategies identified in the selected qualitative
studies. For each paper, the research strategy was defined along with the goal. The most used strategy
is quasi-experimental research. A quasi-experimental strategy is defined as an approach to the design
of experiments that allows causal inferences to be made despite the absence of procedures for
randomly allocating research subjects to experimental conditions. Five papers [39-43] were following
the principles of this approach; however, none of the papers explicitly mentioned it.

d0i:10.20944/preprints202404.0813.v1
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The following research design is an experimental study defined as a way of assessing causal
relationships by, in its simplest form, randomly allocating ‘subjects’ to two groups and then
comparing one (the ’control group’) in which no changes are made, with the other (the "test group’)
who are subjected to some manipulation or stimulus. Both quasi-experimental studies and
experimental ones seek to answer questions of how? and is it possible? usually having an already
predetermined hypothesis to validate or to falsify.

Table 8. Research strategies used in the selected qualitative studies.

Research

Design Paper Goal
Tuckeretal.  To investigate human judgments of the robot, agent, or human
[39] actions using a dynamic survey
Strouse etal.  To test how effectively the FCP agents collaborate with humans in a
[40] zero-shot setting
. Miura et al. [41] To investigat'e whether I:IS-il’lg legibilit%/ as an objective would
Quasi- improve the interpretability of agents’ goals by humans
experimental To evaluate if the proposed POMDP representation produces robust

Woodward and

bots to teach , (that tely infer task details, and
Wood [42] Trobots 10 teacher error( at can accuraeym er tas etails, an

that are perceived to be intelligent.)

To investigate the impact of a robot’s embodiment, its explanation,
Wang et al. [43] and its promise to learn from mistakes on trust and team
performance

Experimental Buehler etal. To evaluate the benefits of the assistive communication on task
study [44] performance between robot and human

Credibility is considered as one of the critical criteria of trustworthiness for guaranteeing the
internal validity of a research study, in which they seek to ensure that their study measures or tests
what is intended. To evaluate the credibility of the studies, an outline of the data collection methods
will be needed. Table 9 summarizes the data collection methods that have been identified in the
qualitative studies. For each data collection method, papers are enumerated, along with details on
the number of participants or the chosen setting. Moreover, the method of recording is also described
for each article.

The most used data collection method is an Online survey, as a qualitative research tool [45],
applied by five studies [39-43]. This method is followed by an Observational study [44]. Half of the
papers [40,43,44] have more than one data collection method using the Questionnaire as a
complementary data collection method, which supports triangulation as a provider of credibility. By
having multiple data sources, the findings that are defined from the study will be supported. Another
form of boosting credibility is the number of participants. The highest number of participants is
exhibited in Tucker et al. ’s online survey [39]. Having a high number of participants, however, makes
the data analysis process much more cumbersome. Another essential detail regarding participants is
their recruitment strategy —all of the papers mentioned how they recruited the participants.

Transferability is another criterion for ensuring trustworthiness, which concerns external
validity, e.g., the extent to which the results of a study could be replicated in other circumstances.
Shenton, however, emphasizes that one is unable to determine if the findings of a study could be
applied to other scenarios, as the studies are inherently conducted on a small sample of the
population or in a particular situation. One way of making the task easier or more transparent is to
acknowledge and describe the boundaries of one’s study, e.g., number of participants, data collection
methods, data collection sessions, and the time over which it was collected. The number of
participants and the data collection methods have been discussed in the previous part and can be
seen in Table 9. All papers have specified their data collection methods. Regarding the time period
over which the data was collected, none of them mentioned the date. However, even if the date is not
mentioned, the time frame between conducting the research and publishing a paper is usually
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relatively small. Thus, one can have the year when the article was published as a reference. Lastly,
the number and the length of each data collection session were mentioned in four papers [39,40,43,44].

The dependability criteria address the issue of reliability, which entails a technique showing that
if the work were repeated, in the same context, with the same methods, and with the same
participants, similar results would be obtained. In qualitative studies, this is problematic, as one of
the inherent characteristics of this kind of study is that the researched phenomena can quickly change.
Describing how the study was conducted, what was done to ensure reliability in the findings, and
the effectiveness of the methods is one way of addressing the problem.

Regarding the research design and its implementation, it has been discussed earlier. The
reflection on the methods used will be discussed in the next section, and finally, the data gathering
will be analyzed. Surprisingly, all the papers have used Content Analysis as the data analysis method,
defined as “a term that refers to a variety of methods for analyzing text, usually, in a quantitative way that
involves counting, coding, comparing, contrasting, and categorizing the elements (most typically words)
forming a corpus of textual data” [46]. But none of them explicitly mentioned it.

Table 9. Summary of data collection methods used in the selected qualitative studies.

Data Collection Paver Details Method of
Method P Recording
Tuck L li
uckereta 253 participants via Amazon Mechanical Turk Online
[39] answers
26 participants via Amazon Mechanical Turk. .
: . N Online
Miura et al. [41] The only requirement for participation was the ANSWers
ability to read English.
. 26 participants
Onl
nine survey Consisting of undergraduate and graduate
Woodward and Is:;jsr;ts ;2?§izng in age from 18 to 31 with a Online
Wood [42] & ) answers

Four of the participants were randomly selected
for the “human robot” role, leaving for the
“teacher” role.

61 participants

from a higher-education military school in the = Online
United States answers
14 women, 39 men, age range: 18-23

Wang et al. [43]

114 participants from Prolific, an online

participant recruitment platform

37.7% female, 59.6% male, 1.8% nonbinary;

median age between 25-34 years.

[40] . _answers
At the end of the study, an open-ended question

for feedback on participants” partners.

Online survey +
Questionnaire

Strouse et al. Online

14 participants

Participants were randomly divided into two
Observational study Buehler etal.  groups, one started with an assisted trial, the = Recorded
+ Questionnaire [44] other started unassisted. actions

The participants had no prior experience with

the task

Confirmability is the last criterion that ensures trustworthiness, which focuses on objectivity,
researcher’s biases, method limitations, and the audit trail, i.e., a detailed methodological description.
Concerning the choice of methods, only one paper [43] mentions why they chose specific data
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collection and analysis approaches. Regarding the audit trail, all papers give a thorough description
of their method, which was embedded in one of the inclusion criteria for selecting a study for analysis.

Table 10 briefly outlines the limitations that were either mentioned in the studies or identified
in the literature analysis. One paper briefly mentions some limitations within the methods used [41].
Most limitations concern the overall process of conducting the study.

Table 10. Summary of limitations in the selected qualitative studies.

Paper Limitations (Mentioned or Identified)

Inadequate analysis

Tucker etal. [39] Lack of verification of human judgments

Strouse et al. [40] Inadequate analysis

It is not always possible to significantly improve legibility over policies
maximizing underlying rewards.

Their initial evaluations are limited to MazeWorld instances using BST
belief update

Miura et al. [41]

Inadequate analysis

Woodward and Wood Lack of full explanation of how to collect data

[42] . )
Lack of full explanation of the test scenario

Wang et al. [43] Lack of full explanation of how to collect data

Inadequate explanation of the questionnaire
Buehler et al. [44] Lack of full explanation of how to collect data
Lack of full explanation of the test scenario

4. Discussion

Following the analysis of the selected qualitative and quantitative studies, a reflection on some
interesting insights that have emerged will continue, along with finding relevance between the
methods that have been defined with one’s possible future research in the field of MARL or other
similar fields. Lastly, a broader reflection on the research area, its societal impacts, and how it aligns
with different scientific conventions will be discussed as well.

4.1. Insights from Analyzing the Quantitative Studies

By reviewing quantitative papers, we found that in the field of “learn to communicate with
MARL”, two goals are implicitly and generally pursued. Some learn to communicate while
performing another group task, while others seek to understand what is exchanged between agents
as a message. However, none of the papers [28-37] explicitly state not only this goal but also the
research question. But fortunately, most of them have stated their specific goals so well. For example,
in [36] we can understand that the purpose of the paper is to develop a targeted communication
architecture for multi-agent reinforcement learning, where agents learn both what messages to send
and whom to address them to while performing cooperative tasks in partially observable
environments.

Moreover, in [29,31,32,37] in addition to articulating a specific goal, by expressing their main
contributions, the authors of the papers have helped to clarify the purpose of the research. To be more
specific, mentioning the main contributions could be helpful to find the answer to some goal-oriented
questions in the mind of the reader such as; what are the authors researching? what are the authors
trying to discover, prove, or create? how do the authors plan to add value to their academic field?
etc.

Regardless of which main goal is considered, special attention has been paid to recurrent neural
networks in these articles [28,29,31-33,35-37]. This is important because it is much easier for the
reader to verify the proposed methods based on pre-known models, and on the other hand, the
validity of the results can be more valid.
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However, this alone is not enough, and to fully understand the proposed method, the authors
need to give a full explanation of their approach. Unfortunately, this has not been the case in all
papers, as in [31,33,37], for example, the proposed algorithm has many ambiguities that make it
difficult to re-implement the proposed method. On the other hand, the authors in [28] fully describe
their proposed method, so as to ensure the possibility of reproducing the results.

In the case of [30] and [34], although they have proposed a new method which, at first glance,
since it is not based on known models, leaves us with doubts about its reliability and validity, but
they explain their method in detail, in turn, eliminates this doubt and reassure the reader that their
proposed method can be replicated. All in all, it seems that researchers need to pay more attention to
fully articulating their proposed method, in order to gain both high reliability and validity by
reducing ambiguities.

Moreover, the studies have tried to gain validity criteria by using different performance metrics.
While most papers use well-known criteria in the field of RL such as normalized reward [28,32-34],
win rate [30,31,36], mean error [30], loss [31], and accuracy [37] to show the validity of their proposed
method compared to other works or other assumptions, authors in [29,35] define the custom criteria.
In addition to using the normalized reward, [34] uses a custom criterion depending on the simulation
environment selected for testing to increase validity, so that for the battle environment the criterion
of the number of kills and deaths, for the jungle environment the criterion of the number of attacks,
for the routing environment the criterion of the delay and throughput are used.

As another example, in [35] the authors evaluate their system using ROUGE-1 (unigram recall),
ROUGE-2 (bigram recall), and ROUGE-L (longest common sequence). As a result, researchers seem
to pay more attention to the simulation environment to define the performance criterion and are
somehow dependent on it. This can be a challenge when we want to confidently use their method in
another environment. On the other hand, other criteria may be considered when choosing a method,
such as algorithm execution speed and computational complexity, which have not been studied by
any researcher.

Other attempts to obtain a validity criterion relate to the use of different simulation
environments and performing experiments by considering various numbers of agents. While the best
way to reassure other researchers that the results are valid and that there are no biases in the results
seems to be many experiments, most papers, except for [30,36], focus on only one or two simulation
environments. Another point in this regard is to experiment with a various number of agents, which
in this regard there is an interesting gap between the works, which means that [30,34-36] have
investigated several numbers of agents (at least 3 different setups) and [29,31-33,37] consider only
one case that gives the reader no insight into the scalability of their proposed method.

On the other hand, the researchers, with the availability of data and code, as well as the
description of the experimental setup and doing comparisons with the state-of-the-art models, have
tried to achieve reliability. Generally, the easiest way of making the research reproducible is to make
their dataset and code open. However, by reviewing the papers, we find that there is no specific
pattern among researchers in terms of data availability. [30,34,36,37] typically use existing
environments that make it easier for the reader to reproduce the results. However, although the
authors in [28-30] have implemented a new environment, by making it available, they have been able
to defend their reliability.

Without accessing to code, we cannot make sure that the author did some additional works to
make their algorithm shown faster or modified the result without the real code. In terms of code
availability, like data availability, there is no specific pattern among the papers, which means that the
codes of half of the studies are not available [31-33,35,36], while the other half of the papers have
exposed their code in the GitHub to avoid any doubt in the re-implementation process [28-30,34,37].
Furthermore, it is worth mentioning that the authors of [28,37], in addition to making their codes
available, also help the reader to facilitate the understanding of their works with the help of putting
pseudo-code in the text. In future studies, attempts to make research more transparent, such as the
release of code, will have to continue to be reproducible.
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Moreover, the studies have tried to gain reliability criteria by doing comparisons with the state-
of-the-art models and giving the description of the experimental setup. Although the papers do not
follow a single standard in terms of the amount of explanation given about the test settings, and how
the data were collected (i.e., complete explanation in [28,30,34], relative explanation in [29,32,35,36],
poor explanation in [31,33,37]), all papers provide many comparisons that greatly help the reader’s
confidence.

To sum up, although no restrictions were mentioned in any of the papers, this area is still very
new and has serious shortcomings that need to be addressed. The most important problem is the lack
of a suitable simulation environment to examine the impact of communication learning as well as the
discovery and control of the protocol of messages exchanged between agents. As there are still no
appropriate criteria for assessing communication learning, it is expected that this issue will be
addressed in the future.

Also, existing algorithms for real-world use are far from conceivable. This is especially true of
algorithms that try to discover only one language between these agents without considering the main
task. In general, it seems that in the future, researchers are expected to find a way to optimize
algorithms so that both the agent seeks to learn the main task and seeks, at first, to learn how to
interact and communicate with other agents with real communication issues in mind, and then, to
interpret the behavior of agents with each other and with humans by defining an appropriate metric.

4.2. Insights from Analyzing the Qualitative Studies

By reviewing qualitative articles, we found that the context for learning to communicate through
MARL generally pursues two distinct goals from the objectives of quantitative articles. One of these
goals is to measure the interpretability and legibility of agent decisions from the human point of view,
and the second goal is to try to examine and improve meaningful cooperation between humans and
robots. Fortunately, both of these goals are more easily articulated than quantitative works, and their
separation is as follows: [41] to the first category and [39,40,42—44] to the second category. Specifically,
in [41] the goal is to investigate whether using legibility as an objective would improve the
interpretability of agents’ goals by humans. So, in general, in qualitative studies, the relationship
between humans and agents has been studied more and even this issue continues to the point that
the issue of multi-agent gives way to single agent.

Regardless of their purpose, in reviewing the articles, it was found that most of them use quasi-
experimental research as research design and most of them seek to examine one or more hypotheses
[39-43]. Paper [44], on the other hand, follows an experimental study as a research design.
Specifically, in [44], researchers consider the following hypotheses: A communicative assistance
concept based on the theory of mind improves joint task performance (H1). The decisions of their
communication assistant are similar to the wizard decisions (H2). Compared to alternative
communication concepts, their ToM-Com assistant supports a human partner more efficiently,
leading to fewer interruptions (H3). Then, to do a study, the 14 participants were randomly divided
into two groups, one started with assisted communication, the other started unassisted, which is
aligned with an experimental study although not explicitly stated. Note that the problem of not
explicitly mentioning the type of research design was seen in all papers. However, all of them have
used appropriate research design in their studies.

To evaluate the credibility and transferability of the studies, which are considered for
guaranteeing the internal validity and the external validity of a research study, respectively, the data
collection methods have been reviewed. While [39-43] have used an online survey, the authors in
[40,43,44] have used two sources of data collection, which supports triangulation as a provider of
credibility. On the other hand, the number of participants plays a key role in boosting credibility and
transferability. However, though the details of the participants have been stated in detail, except for
[39] and [40] with 253 and 114 participants, respectively, it seems that the number of participants
cannot guarantee credibility and transferability. Most of them, however, have used the online
answers method of recording data [39-43], which allows the presence of a large number of
participants easily and also helps to have transferability. In fact, this method, since it facilitates the
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data collection process and also does not require the physical presence of participants which leads
the presence of many participants from around the world to be possible, seems to make it very easy
to conduct qualitative studies, which will make it easier for future researchers.

As explained in the results section, to acknowledge and describe the boundaries of one’s study,
in addition to the number of participants and data collection methods, data collection sessions, and
the time over which it was collected are known as other ways of making the task more transparent.
However, although none of the papers mentioned the date on which the data was collected, the
number and the length of each data collection session were mentioned in four papers [39,40,43,44].
For instance, in [39], in the first data-gathering experiments, they asked participants to generate three
labels for images taken from the CIFAR10 dataset. They randomly selected 50 images from each of
10 classes and assigned those 500 samples to workers. In total, 51 unique workers completed the task,
resulting in 1257 valid annotations. They also have mentioned that the average completion time was
42 seconds [39].

However, it seems that researchers should pay more attention to external validity in their
studies. Regarding dependability criteria, which address the issue of reliability, though it is not
explicitly discussed in any of the papers, since the characteristics of their studies do not change with
time on the one hand, and on the other hand the way the experiments are done is well explained, the
works are reproducible.

All the papers have used content analysis as the data analysis method, but none of them
explicitly mentioned it [39-44]. For example, in [40], ANOVA is used to compare average team
deliveries for each agent partner and in [43], the authors conducted a general linear model analysis
with repeated measures and Bonferroni corrections. However, in general, it seems that the analyzes
have not been done enough and researchers should pay more attention to this point in the future.

As for confirmability, only the paper [43] mentions why they chose specific data collection and
analysis approaches. Also, only in [41], authors explicitly mention some limitations within the
methods used. However, all papers give a thorough description of their method [39-44]. Overall, the
most important factor preventing studies from being confirmed seems to be the limitations of the
overall research process, where, for example, [40] suffer from a lack of full explanation of how to
collect data and the test scenario. Therefore, it seems that more comprehensive and in-depth research
can be of great help to this field to create a broad insight.

One of the things that can be done in the future in this area is to try to combine the goals
mentioned in the quantitative articles with the goals mentioned in the qualitative articles. Specifically,
conducting a qualitative study when considering several agents that, in addition to performing the
main task, are interacting and communicating with each other and with humans, can link these two
parts.

4.3. Reflections

By reviewing 16 quantitative and qualitative papers, we can get the feedback from their study
that there is a lot of work to be done in this field and we are looking forward to new creative and
innovative researchers who can examine real goals in a real environment in the presence of many
agents. Personally, I feel that there is sloppiness in terms of the end goal in learning to communicate
through multi agent reinforcement learning, and one should continue to do more to clarify issues in
this area. The first step seems to be to provide a tidy, all-purpose framework for the field. And the
next step is to create a link between communication in terms of telecommunications networks and
communication in terms of interaction between users so that the situation can be closer to the real
environment.

4.4. Limitations

The scoping review has three limitations. First, there was no comprehensive search in which the
majority of databases were included. Second, it is suggested that scoping reviews involve multiple
researchers analyzing the data but given that this report was done by one person, it might have
induced some bias in the analysis. Third, the results of the review should be interpreted with caution
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since they are not provided by an expert in research methodology, but as a result of screening from
a researcher in the field of machine learning and reinforcement learning. Fourth, by now, the
researcher’s focus has been on federated learning [47-49] and single-agent reinforcement learning
[50-53], which may not encompass the entirety of multi-agent reinforcement learning (MARL). As a
result, the author may have limited experience in MARL.
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