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Abstract Learning is an important component of an

agent’s decision making process. Despite many messages

in contrary, the fact is that, currently, in the multiagent

community it is mostly likely that learning means rein-

forcement learning. Given this background, this paper has

two aims: to revisit the ‘‘old days’’ motivations for multi-

agent learning, and to describe some of the work address-

ing the frontiers of multiagent systems and machine

learning. The intention of the latter task is to try to motivate

people to address the issues that are involved in the

application of techniques from multiagent systems in

machine learning and vice-versa.

Keywords Multiagent systems � Multiagent learning �
Machine learning � Distributed machine learning �
Reinforcement learning

1 Introduction

Learning is an important component of an intelligent sys-

tem. If this intelligent system is an agent, then there is little

doubt that learning—whether sequential or not—helps

agents make decisions. However, it is mostly likely that in

the multiagent systems (MASs) community, learning is

immediately ‘‘translated’’ into reinforcement learning

(RL), which is defined by Sutton and Barto as a method in

which an agent learns what to do (i.e., how to map

situations to actions) in order to maximize a numerical

reward signal. Contrarily to most forms of machine

learning, in RL the agent is not told which actions to take.

Rather, it must discover which actions yield the most

reward by trying them [58].

In the present paper, it is argued that such immediate

translation (of learning into RL) needs not or should not be

this way. Rather, interactions between MASs and machine

learning (ML) should be manifold. Indeed, this idea has

appeared as early as in the 1990s [8, 9, 20, 53]. Never-

theless, recent papers ([13, 55, 60] to quote a few ones) are

still making the point that multiagent learning (MAL)

should be more than multiagent reinforcement learning,

which seems to indicate that the 1990s ideas have not

materialized.

Henceforth the term MARLis used to denote multiagent

reinforcement learning in order to distinguish it from MAL,

whose use is reserved for any technique of learning in

MASs. This said, an open question is: what exactly is

meant with MAL?

If we go back to the ‘‘old days’’ (an expression borrowed

from [60]), the intended synergy between MASs and ML

was of a broader nature, and the motivations for and

questions around MAL were different. Brazdil et al. for-

mulated these motivations roughly as follows: ‘‘Two rather

different questions can be formulated in the context of

studying ML in multi-agent systems. First, how can multi-

agent systems benefit from machine learning. Second, how

can machine learning benefit from considering multi-agent

set-up. As multi-agent systems are by nature complex,

machine learning techniques may be the only way to

achieve a robust and versatile system’’ [8].

What has happened in these (roughly) 20 years? In

practice, one may say that RL has indeed turned MASs

more robust and versatile. But, since RL was not explicitly
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mentioned in the just mentioned paper by Brazdil et al., it

seems that, when referring to ML in MASs, they meant

something more comprehensive than just employing tech-

niques of RL in MASs. Many people seem to agree with

this view. For instance, the discourse shows that the old

days’s motivations and agenda remain broad: ‘‘Multiagent

learning is the field that integrates machine learning tech-

niques in multiagent systems, and studies the design of

algorithms to create adaptive agents.’’ (Tuyls and Weiss

[60]). However, Tuyls and Weiss also say that ‘‘the most

commonly studied technique for MAL is reinforcement

learning.’’ Therefore, one may say that in theory people

still recognize the need of using a broad spectrum of ML

techniques in MASs; in practice however, RL dominates.

Indeed the MASs community has adopt what we can call

the RL and MARL path (see Sect. 2). On the other hand, it

seems that the initial agenda of the 1990s ([8, 9, 20, 53])

was not adopted by the MASs community (at least not as

main stream). Hence, the ML community1 is pushing for-

ward that agenda, as part of what is now known as dis-

tributed ML (addressed here in Sect. 3). Can these two

paths converge again?

This paper intends to provide some points for reflection

about whether these paths should and can converge. To this

aim, it revisits the ‘‘old days’’ motivations for MAL

(Sect. 2), and describes the literature that has been

addressing the frontiers of MASs and ML (Sect. 4). Con-

clusions and challenges are discussed in Sect. 5.

2 Related Work: Other Compilations and Reflections

on Multiagent Learning

Besides the aforementioned paper by Brazdil and col-

leagues, other well known researchers in the MASs com-

munity have outlined research agendas for MAL,

addressing not only RL, but also a variety of techniques to

learn about and from other agents. Back in 2000, Stone and

Veloso [55] have surveyed the existing MAS techniques,

emphasizing the use of ML approaches and the potential

for extensions. According to them, many existing ML

techniques could be directly applied in multiagent scenar-

ios, either by delimiting a part of the domain that only

involves a single agent, or by focusing on learning issues

that arise because of the multiagent aspect of a given

domain. They have listed learning approaches for some

classes of problems along two dimensions: homogeneity

and communication.

It is remarkable that back in the ‘‘old days’’ there was far

more diversity regarding the underlying learning tech-

niques listed. Next, these techniques are classified, not only

along the two original dimensions, but also regarding

whether they deal predominantly with RL (marked as RL)

or not (NRL):2,3

– homogeneous non-communicating agents:

– NRL: stigmergy; local knowledge; game theory;

(limited) Recursive Modeling Method (RMM)

– RL: environment independent reinforcement accel-

eration (EIRA); Q-learning for foraging

– heterogeneous non-communicating agents:

– NRL: genetic programming; genetic algorithms;

case-base reasoning; game theory; competitive co-

evolution; team, roles, and social reasoning

– RL: multiagent RL for adaptive load balancing;

Q-learning; Minimax-Q

– homogeneous communicating agents:

– NRL: distributed sensing; communication of inter-

nal states and goals

– heterogeneous communicating agents:

– NRL: explanation-based learning; learning social

behaviors; cooperative co-evolution; Bayesian

learning; coalitions

– RL: multiagent Q-learning

In short, [55] listed a large number of techniques that were

associated with MAL before 2000. However, right after

this, the interest of the MAL community seems to have

turned to RL and MARL. Indeed, in his Computers and

Thought paper of 2007, Stone [56] mentions that ‘‘from the

point of view of autonomous agents, it is the relatively

recent development of RL algorithms, designed to learn

action selection from delayed reward in sequential decision

making problems, that is most significant.’’ He goes on to

explain that ‘‘Unlike classical supervised and unsupervised

learning where the learner must be supplied with training

data [...], the premise of RL matches the agent paradigm

exactly: the learner gathers its own training data by inter-

acting with the environment so that it can learn a policy

mapping states to actions. An RL agent repeatedly takes

actions that both move it to a new state in its environment

and lead to some immediate reward signal. The learner

must explicitly trade-off between exploration and

1 Henceforth, with some abuse, I use the term ML to designate

supervised and unsupervised ML techniques. I do so because this is

the view taken by most of the computer science community, not to

mention other communities.

2 It should be noted that back in 2000, game theoretic approaches

were not necessarily combined with RL.
3 In this paper, details about RL and MARL, as well as Markov

decision processes, stochastic games, and Q-learning are omitted. The

reader is referred to[10, 27, 40, 60].
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exploitation in an effort to maximize the long-term reward

that it will receive.’’

This is clearly true. But it does not entirely explain why

the ‘‘old days’’ agenda (with its diversity) has been nar-

rowed down. Perhaps the answer can be found in the same

paper by Stone [56] when he mentions that ‘‘the existence

of a general purpose toolkit that can be used without expert

knowledge of the underlying algorithms suggests that

supervised learning methods are mature enough for use in

robust, complex systems. That is not yet the case for RL.’’

Based on this, one can speculate whether the adoption of

game theory (GT) in general and stochastic games (SGs) in

particular would not have been caused exactly by the need

to have a less ad-hoc formalism to model some application

domains of MARL. Otherwise how to explain the growth

of works based on SGs? Clearly, SGs do not solve all

problems but they seem to have arisen in the MAL agenda

in general and in MARL in particular for at least two

reasons.

First, the SGs formalism appeared concurrently with the

necessity of modeling the opponent when this has become

very important in the MASs agenda. This is natural given

that many scenarios in MASs deal with self-interested

agents. When this connection was made with GT, a natural

way to represent these agents, the road was paved for

focusing on Markov decision processes (MDPs), SGs, and,

this way, on RL. Second, as put by Shoham et al. [52],

‘‘There are several different agendas being pursued in the

MAL literature [...]; the result is that it is hard to evaluate

and compare results.’’ In short, one could speculate that the

MAL community saw in SGs a possible unifying formal-

ism, making some well-known games (IPD, coordination

games) play the role that the UCI machine learning

repository (http://archive.ics.uci.edu/ml/) plays in ML.

Although this may look exaggerated, the fact is that using

those games (and also mazes and prey-predator scenarios)

as benchmarks, the various approaches were rendered

comparable, whereas this was not the case with the ‘‘old

days’’ learning techniques.

Soon however, it became clear that not all MARL

research can be characterized within SGs terms, and, in

particular, partially observable MDPs fall short of scaling

to RoboCup [57], for instance. Thus, other ML techniques

were being considered, as, e.g., classifying opponent

actions as belonging to one of a set of predefined behav-

ioral classes [46], or action prediction using models gen-

erated using C4.5 and advice [47].

But are these techniques all that ML can offer to MASs?

Probably not. Indeed, supervised and unsupervised ML

techniques could make (and, to some extent, have made)

their way into the MASs research, as described later.

Besides, there seems to be a need for more ML. Two

specific cases are provided by Stone. First, when referring

to RL, he mentions the need of expert knowledge or

intuition, and manual intervention in order to make deci-

sions about representation of the problem at hand (e.g.,

space of states). Second, quoting him, ‘‘As the number and

variety of agents increases, methods for agent modeling

will only become more central to enabling agent autonomy.

Whether through [...] knowledge of the other agents’

internal states; via observation of the other agents’ actions;

or somewhere in between, there will continue to be a need

for methods that enable prediction of other agents’ future

actions.’’ In both cases one can see opportunities for

combining RL with other ML techniques, and even with

optimization, bio-inspired algorithms, and meta-heuristics.

This would be useful for enabling agents to make predic-

tions about future actions of other agents, or for solving

other tasks.

Despite these arguments, the current situation (2012) is

as put by Tuyls and Weiss [60]: ‘‘Today the MAL field is

dominated by work on reinforcement learning and, spe-

cifically, by research conducted at the intersection of

reinforcement learning and game theory. Approximately

90 % of the multiagent learning research presented at the

last three AAMAS conferences (’09, ’10 and ’11) is

situated at this intersection.’’ Indeed, it is unclear why

there has been just few works published at AAMAS,

which address the use of agents in the context of dis-

tributed ML, as for instance (in chronological order) [1,

32, 36, 38, 39, 59]. The reverse direction of the inter-

action, namely using ML in MASs, has received even

less attention (at least at AAMAS). Some examples of

works are [18, 26, 31, 33].

Tuyls and Weiss (as before them also Stone in [57]) are

for a broadening of the scope of MAL. They mention two

paradigms that they consider particularly appropriate:

transfer learning and swarm intelligence. However, these

two would fit more the cooperative learning aspect of

MAL, and, as such, are not alternatives to SGs. MAL needs

to open up to a even broader range of paradigms, eventu-

ally revisiting the 1990s agenda.

More intersection between the path followed by the ML

community (distributed ML, see next section) and MASs is

needed. This seems to have been the motivation for Cao

et al. [13] to start an agenda on the interaction and inte-

gration between agents and data mining in 2007. I remark

that, although I prefer the term ML (because the focus here

lies on algorithms, not on the mining task itself), I keep

Cao et al. term data mining when referring to their work,

and also when this term was originally used by the authors

of specific works. Roughly, the term data mining should be

used to mean a process for extraction of knowledge from

data, using ML algorithms at several stages. However, in

practice, sometimes the term data mining is used to mean

ML algorithms.
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Cao et al. divide the research related to that agenda in

two main classes: agent-driven data mining, and mining-

driven agents. In [13], a systematic view of the evolution

and development of agent-mining interaction and integra-

tion was presented, including works to that date. One of the

conclusions of that review was that ‘‘The interaction and

integration between agent and mining can greatly com-

plement and strengthen each side of both communities.

Some difficult challenges in either community may be

effectively and efficiently tackled through agent-mining

interaction’’. Here, it is again possible to see the old mes-

sage of the 1990s: data mining has the potential to

empower agents and MASs.

Additionally, Cao et al. mention that agent technology

has the potential to enhance data mining, especially

regarding mining data from distributed sources and dis-

tributed learning in general. More recent publications on

this agenda appear in [11, 12]. These papers tend to con-

centrate on publications in the scope of the workshop

‘‘Agents and Data Mining Interaction’’. As mentioned, not

much work in this frontier between agents, MASs, and ML

has been published at the AAMAS conference series. It

should be noted though that other communities have been

publishing similar works (most notably meetings on com-

putational intelligence and swarm intelligence).

3 Distributed Machine Learning: Motivations Related

to Multiagent Systems

As mentioned before, the ML community (the reader is

reminded that, here, this means predominantly supervised

and non-supervised ML) seems to have pushed the agenda

of the ‘‘old days’’ (or at least part of it) along a path that

goes beyond RL. This agenda is known in this community

under distributed ML. This section briefly discusses some

methods that are common in the area of distributed ML, as

well as opportunities for agents and MASs techniques.

Data mining, in which ML algorithms play a significant

role, has received considerable attention in the recent

decades due to the increase of information available not

only in the web but, more recently, due to mobile devices

using and producing data. Hence, this area faces increasing

challenges. To mention the three most evident ones, now-

adays data mining tends to involve a large amount of data,

data that is distributed over many locations, and privacy

issues. Whereas the first is less related to MASs, distribu-

tion and privacy issues are opportunities for the interaction

between agents and ML. In fact, this meets the agenda on

the integration of agent technologies and data mining,

discussed in Sect. 2. Readers interested in the large-scale

aspects of ML, data streaming and sampling methods are

referred to [42, 44, 45]. In the present paper, it is noted only

that one of the techniques proposed to address large-scale

learning is partition of data [45]. This is again an area

where agents could be handy.

A recent survey on methods for distributed ML, cover-

ing especially the case in which the data is naturally dis-

tributed, appears in [42]. These scenarios are turning more

and more important with the advent of cloud computing.

For ML techniques in particular, this means that these have

to deal with data partition that can be either horizontal

(learner has access to all the features of a given instance,

but not all the instances) or vertical (learner knows all the

instances, but not the complete set of features that describe

them).

Algorithms for distributed learning have their founda-

tions in ensemble learning, whose original idea was to

build a set of classifiers, e.g., by training each one on

different subsets of data and later combining them. Thus,

ensemble learning suits well a distributed environment,

especially regarding horizontal partition. The following

characteristics of ensembles can be valuable for distributed

ML: (1) use of different learning processes to train clas-

sifiers with different learning biases (diversity of methods);

(2) combination of different answers for the same problem

(diversity in solutions); (3) ability to deal with large and

distributed data sets (partitions of data can be allocated to

different processors); (4) profit from distributed expertise

(diversity in data). Algorithms for ensemble and distributed

ML are described in [42] in more details. Virtually all of

them are based on some kind of integration or combination

mechanism that operates on the partial results found by the

distributed actors, as, e.g., classifiers. For this, arbiters and/

or broadcasting of the local classifier (in case of classifi-

cation tasks) are frequently employed.

For the integration of MASs and distributed ML, two

particular points are important. First, each ML algorithm

has a bias that causes it to hold a preference for certain

generalizations over others. Second, different ML tech-

niques use different representations of the attributes; it is

hardly possible to have a common representation (at least

not without losing information).

Regarding the first point, taking the example of

classification tasks, agent-based solutions might be

applied to reach the ‘‘ensemble effect’’ in problems

tackled by ensemble learning. Agents can have differ-

ent expertise or have access to different data, they

might decide to work together towards a consensus

(and perhaps more reliable) prediction. This strategy of

combining different algorithms has been increasingly

common in the field of ML. As a result, different ML

techniques applied to the same dataset hardly generate

the same outcome and none of the algorithms performs

best in all possible domain. Thus, the ensemble effect

comes as a way to mitigate the uncertainty related to
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the performance of classifiers for a new, unknown

dataset.

Regarding the second point, it has been noted that it is

preferable to merge the outputs of classifiers using an

abstract representation, such as hypothesis over classes.

This addresses not only the impossibility of having a

common representation, but also privacy issues once the

agents do not need to exchange raw data, but only the

outputs.

At this stage it is worth mentioning that agent-based

distributed classification differs from ensemble learning

methods. In these, predictions of multiple independent

learners are combined using, for instance, a majority voting

strategy in order to improve predictions accuracy, i.e., yield

the ‘‘ensemble effect’’. Nonetheless, this approach fails

when the target concept is not expressible by the individual

learners themselves.

Examples of applications that could profit from agent-

based ML are all those dealing with heterogeneous and

distributed data, and data where ethical and privacy issues

arise: medical data (diagnosis, treatment details, laboratory

data, among others, which are provided by multiple and

independent sources), fraud detection in financial organi-

zations, etc. Under these constraints, distributed ML

requires distributed data analysis with minimal data com-

munication among sources [30]. Generally, distributed ML

is performed by first generating local models based on the

distributed data analysis, and then adopting a strategy to

combine them into a composite, global model.

As discussed next, many research papers have already

proposed agent-based solutions for distributed ML (in

particular, distributed classification tasks), some of which

rely on collaborative learning. This means that agents share

information and perform negotiation among themselves

while managing to devise a coherent global model.

Whereas the generation of individual (agent) models is

essentially an ML method, the second step—combination

of solutions—is where MASs techniques have more room

to be applied.

4 Panorama: A View of Works in the Frontier

of Multiagent Systems and Machine Learning

This section presents a non-exhaustive list of works that

address the frontier between MASs and ML. As in the

surveys conducted by Cao et al. [11–13], these works are

divided in two main classes: those proposing agent-based

ML, and those proposing the use of ML techniques in

MASs. Further, I classify them according to the ML

techniques used (mostly classification and clustering). In

Table 1 they are also associated with their application

domains. Works that use or combine other techniques

(mostly based on swarm intelligence) are also added

because techniques based on local interactions can natu-

rally fit the agent-based paradigm.

4.1 Agent-Based Machine Learning

The majority of the works classified as agent-based ML

uses agents encapsulating ML algorithms in order to

enhance data mining in applications such as credit card

fraud detection system, intrusion detection, market seg-

mentation, sensor networks, customer profiling, bioinfor-

matics, etc. Mostly, they use classifiers or clustering

algorithms, as shown next.

4.1.1 Agent-Based Classification

The earliest applications of agent-based classification

appeared in the 1990s. As an example, [54] proposed JAM

(Java Agents for Meta-learning), based on classifier and

meta-learning agents in charge of distributed database.

Table 1 Summary and Classification of Works

Agent-based ML ML in and for MASs

Issues Issues

Heterogeneous and/or self-interested

agents: [30, 35, 59]

Heterogeneous agents:

[6, 7, 37]

Exchange information during

learning: [5, 16, 36, 49, 62]

Negotiation: [26]

Privacy: [19, 35, 36, 54] Opponent modeling: [26]

Feature and parameters selection: [3,

64]

Negotiation: [16, 23]

Techniques Techniques

Diversity of algorithms

(classification): [30, 35]

Classification / regression:

[23, 50]]

Diversity of algorithms (clustering):

[17]

Nearest neighbors: [31]

Hierarchical clustering: [29] Clustering: [7, 25, 38, 41,

43]

Cluster ensemble: [1] Multi-objective clustering:

[21]

Biologically inspired: [2, 22,

33]

Bayesian learning: [26]

Applications Applications

Intrusion detection: [54] Intrusion detection / web: [2,

6, 7]

Bioinformatics: [4, 35] Traffic / trajectories / maze:

[24, 33, 37, 61]

Tracking / trajectories: [64] Sensor networks: [43]

Supply chain management /

TAC: [31]
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Agents share meta-information, thus preserving privacy as

it avoids direct access to the data sets.

Kargupta et al. [30] developed the BODHI system , a

non-collaborative agent-based system designed to work in

heterogeneous environments. The difference of this system

when compared to previous approaches is that BODHI

aims at finding globally meaningful pieces of information

from each local site and use them to build the global model,

instead of combining incomplete local models.

Caragea et al. [14] have outlined the first steps toward

the development of a theoretical framework for the speci-

fication and analysis of learning problems that involve

knowledge acquisition from multiple, distributed, autono-

mous data sources. A family of learning operators was

introduced for distributed and incremental learning algo-

rithms with provable performance guarantees. They also

pointed out the need of the elucidation of the necessary and

sufficient conditions that guarantee the existence of exact

or approximate cumulative multi-agent learning systems in

terms of the properties of the representation of instances

and hypothesis, as well as properties of the learning and

communication operators, as well as knowledge require-

ments of agents.

Modi and Shen [36] have proposed two decentralized

algorithms based on collaborative learning for distributed

classification tasks. Despite some algorithmic differences,

in both of them agents learn their models individually

based on a set of local features, collaborating with each

other by exchange of information during the learning

process in order to refine each others model. Agents’ pri-

vate data is never revealed: communication about indi-

vidual training instance is performed in terms of their ids.

At the end of the process, agents vote to decide the group’s

prediction. Modi and Shen do not explore variation of

algorithms among agents. They argue that whenever syn-

chronization is unfeasible, simply choosing some agent in

advance as the designated predictor has results that are

comparable to the voting approach. Later, it was shown

[35] that this strategy does not produce efficient results

when dealing with heterogeneity at the level of algorithms/

agents, i.e., when the MAS is heterogeneous.

Diversity among agents was partially explored by San-

tana et al. [48], whose work proposes an agent-based neural

network classifier, in which agents communicate among

themselves in order to classify a new, unlabeled instance.

Despite the fact that all agents have the same basic func-

tioning, agents hold some slight differences concerning

method’s parameters. Thus, a confidence-based negotiation

among agents was implemented during the learning phase;

the agent with the highest confidence at the end of this

process is said to be the most suitable to classify an unla-

beled instance. The authors try to decentralize the combi-

nation step with the hope of producing less biased results.

However, it seems that their mechanism of negotiation,

which is asynchronous only to some extent, may be highly

affected by the order with which agents try to negotiate and

choose their negotiation partners.

To address the partial drawbacks in [36] and [35, 48]

proposes that agents encapsulate distinct classifiers in order

to learn an individual model independently, and then

construct a consensus by means of social choice functions

(Borda count, Copeland function and Footrule function

were used). These social choice functions outperform the

plurality voting method. This method is able to deal with

classification when the training data is distributed among

different sources, and in particular with vertical data par-

tition (each classifier has access to only part of the features

set).

In [5], MADT (multiagent induction of decision trees) is

proposed, where several agents cooperate to solve a clas-

sification problem using data that is distributed. A distinct

characteristic is that the classification is combined with RL,

where the state is determined by the values of the attributes

of the new instance to be classified, and the actions are the

possible values of the target class. The main idea of this

approach is that each agent receives a model provided by a

classifier, and uses this model when seeing further instan-

ces. This way, the agent is able to propose a class for each

instance. After each proposed classification, a reward sig-

nal is given depending on whether the proposed class was

correct or not. Parallel to this, a quality of the model is

maintained so that when this quality reaches a minimum

threshold, the agent knows that it is time to obtain a new

model. This can be obtained either by re-building the

classifier, or by asking other agents to send their models

(that have obtained better quality) so that the best of these

models can replace the one that has proven not so accurate.

Classification is also the focus of [62] but here it is

combined with argumentation from experience for the

combination step: a group of agents argue about the clas-

sification of a given case according to their experience as

recorded in individual local data sets. In the proposed

framework, both agents operating in groups (coalitions) or

migrating between groups are allowed.

4.1.2 Agent-Based Clustering

Clustering is widely used in data mining to separate a data

set into groups of similar objects. One issue with most of

the standard methods is that they rely on central data

structures. However, the use of the Internet (with issues

like distribution of data, privacy, etc.) requires new ways of

dealing with data clustering. Also, similar to classification

algorithms that have different biases, clustering methods

differ not only in many of their basic properties, such as the

data type handled, but also in the form of the final
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partitioning, in the assumptions about the shape of the

clusters, and in the parameters that have to be provided.

The motivation for agent-based clustering is thus that

there is no clear, general purpose, best clustering algorithm

suited to all data. It has been suggested that an agent-based

approach may provide better solutions because each agent

can deal with a specific criterion. Another motivation is

privacy. Many of the works described next have in com-

mon the fact that the privacy of data is preserved since

solely high-level information derived from data analysis is

shared among agents.

Already in 1997, Kargupta et al. [29] have proposed an

agent architecture, PADMA, to deal with distributed data

sources and hierarchical clustering.

In [19], an agent-oriented (distributed) clustering algo-

rithm for privacy-preserving clustering is proposed and

applied in the domain of sensor networks.

Tozicka et al. [59] outlined a generic framework that is

able to deal with interaction between heterogeneous and/or

self-interested learners. As illustration, a distributed clus-

tering of data on vessel tracking is shown.

Clustering in which a collection of agents collaborate to

produce the best cluster configuration is the object of [17].

Three clustering agents were included, each with a distinct

clustering algorithm: K-means, K-nearest neighbors (KNN)

and DBSCAN. Because it is not trivial to define what the

best clustering is, the authors propose two measures that

are based on the total distance within a group and the total

distance between groups. In a later paper [16] they propose

a framework composed of two phases. In the first one,

clustering agents bid for records in the input data and form

an initial cluster configuration, whereas in the second phase

there is a negotiation in which agents pass individual

records to each other to improve the initial configuration.

A clustering model integrating finite mixture model and

expectation-maximization is proposed in [64]. There are

two types of agents: (1) a clustering agent that implements

the clustering analysis and generates results including dif-

ferent clusters and measurements of clustering perfor-

mance; and (2) the agent that selects values for parameters

for cluster analysis. The application is tracking of tropical

cyclones in part of the Pacific.

Clustering is combined with decision trees in [3], where

agents do feature selection and use domain knowledge to

generate the decision tree.

Other works deal specifically with multi-objective

clustering and/or with cluster ensemble. Notice that cluster

ensemble is different from clustering. It is a subset of the

clustering task, which combines multiple clusterings,

formed from different aspects of the same data set, into a

single unified clustering. The goal is to create a single

clustering that best characterizes a set of clustering, with-

out using the original data points already used to generate

the clusterings. The motivation for both is that sometimes it

is necessary to combine different aspects of the same data

set. The basic idea of the multi-objective approach is to

optimize more than one objective in the same clustering.

Using this approach we can find different shapes and sizes

of clusters and different types of structures in a data set.

Thus this is one of the most interesting scenarios for using

agents.

MACC (multi ant colony clustering) [21] is inspired by

ant colony optimization and multi-objective clustering. It

simultaneously uses several ant colonies, each one aiming

to optimize one particular objective.

Agogino and Tumer [1] propose an approach to compute

an ensemble of clusters without using the original data

points that were used to generate these sets. They use the

concept of difference utilities to maximize the global utility

of the clustering task.

4.1.3 Other Agent-Based Approaches and Combination

of Approaches

Apart from agent-based classification and clustering, there

are other works that: (1) either address these tasks without

explicit use of agents but have similar motivations (most

notably, swarm intelligence based approaches); (2) or

combine diverse techniques. Some of these are mentioned

next.

Several biologically inspired algorithms have been

introduced to solve the clustering problem [28, 34, 51, 63].

These algorithms are characterized by the interaction of a

large number of simple agents that interact in a multiagent

system. These agents can perceive and change their envi-

ronment locally and they are inspired by ant colonies,

flocks of birds, swarms of bees, etc. For example, the

algorithm presented in [51] relies mainly on pheromone

trails to guide ants to select a cluster for each data object,

while a local search is required to randomly improve the

best solution before updating pheromone trails. In this

algorithm, ants visit data objects one by one in a sequence

and select clusters for data objects by considering phero-

mone information. Pheromone deposition depends on an

objective function value and on an evaporation rate.

Works that combine ML methods in the domain of

bioinformatics appear in [4].

4.2 Use of Machine Learning in Multiagent Systems

The number of works using ML in MASs seems to be

smaller than those using agents to enhance ML. Also, the

former tend to be more recent, with the exception of [9].

The majority of these works aim at helping agents to pre-

dict behaviors of other agents or characteristics of the

environment in which the agent acts. Also noteworthy is
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the fact that here, the ML techniques used are more diverse

than in the case of agent-based ML (Sect. 4.1), and they

frequently appear in combination with other AI techniques,

as discussed next.

In [37], Nunes and Oliveira investigate how heteroge-

neous groups of learning agents can improve their learning

skills by communicating with members of other groups that

are solving similar problems in different areas. Different

types of agents use various ML techniques (Q-learning,

neural networks) as well as heuristics. information from

several sources during learning is used in a simplified

traffic control problem.

An expectation-maximization algorithm is used to build

a Gaussian mixture model to learn characteristic trajecto-

ries of mobile agents in [61]. On top of this, agents’ tra-

jectories, expressed as sequences of the components of the

mixture model, are subsequently used to train hidden

Markov models, which are employed to predict or detect

anomalous trajectories.

For an application in decentralized decision-making of

vehicles regarding route selection in city traffic, Fiosins

et al. [24] use bootstrap-based cumulative sum test for

change point detection.

Regression is used by Şensoy et al. in [50] to discover

patterns of interactions among agents in order to estimate

trustworthiness.

Emele et al. [23] proposed decision trees extended with

ontological reasoning, argumentation, and use of domain

knowledge to support the learning of policies. Here, agents

can autonomously reason about the policies that others are

operating with, in order to make informed decisions about

to whom to delegate a task.

The majority of the works applying ML to MASs use

clustering or combine it with other techniques, as follows.

In [41] clustering is combined with KNN for labeling of

items in collaborative tagging systems and recommender

systems. Association rules and clustering (K-means com-

bined with another popular technique, DBSCAN) are used

for dealing with intrusion detection, where agents collect

and analyze the network connections [7]. Clustering of

agents in groups that allow them to better work together is

another popular motivation for using ML. For instance,

clustering of agents of similar objectives or data in a

decentralized fashion is presented in [38]. Garruzzo and

Rosaci [25] suggest clustering of agents based on similarity

value that has lexical, structural and semantic components.

Piraveenan et al. [43], proposed a predictor for conver-

gence time of cluster formation in a decentralized and

dynamic cluster formation in a scale-free multiagent sensor

grids. Bekkerman et al. [6] proposes multiagent heuristic

web searching algorithms for web page clustering agents.

Apart from standard clustering, techniques from swarm

intelligence were used to cluster agents in various domains.

For instance, [2] present a clustering method based on

particle swarm intelligence for grouping similar web usage

sessions into clusters.

The metaphor of bees dance is used in [22] to propose a

clustering algorithm that is used to group agents in the

domain of the RoboCup Rescue, where tasks with different

characteristics must be allocated to agents with different

capabilities.

Finally, the task prediction to improve the performance

of an agent using an evolutionary approach is presented in

[15].

5 Conclusion and Challenges

This paper has revisited the ‘‘old days’’ motivations for

MAL, and described selected works that have been

addressing the frontiers of MASs and ML, focusing on

those that do not deal with RL. The point was made that

distributed ML and MASs have several similarities that

could be explored further, and that eventually the MASs

and ML communities should converge in order to improve

their symbiosis. This may happen in some distinct ways but

perhaps one would be to start discussing challenges that are

common. In the following, some challenges that have

arisen from the study of the works described here are

highlighted.

As it was the case in Sect. 4, here too the chal-

lenging issues are discussed in terms of agent-based

ML, and in terms of ML in and for MASs. Regarding

the former, some of the open issues are as follows.

Data sources tend to be more and more distributed and

partitioned. Due to fault-tolerance, multiple copies of

data may be stored in parallel, redundant ways. This

makes the task of accessing data harder, not to mention

the tasks associated with the learning phase itself (e.g.,

inducing a decision tree based on partial data, be it in a

vertical or horizontal partition), and with the combi-

nation step.

The applications reported in Sect. 4 deal both with

the learning phase as well as with combination of what

was learned by the various agents. However, combina-

tion provides perhaps more interesting opportunities for

applying techniques that were developed in the MASs

area. For example, more sophisticated voting techniques

could be used instead of the simple plurality voting,

which is widely used in the area of ensemble learning.

One less investigated problem refers to agents that are

not necessarily collaborative and/or have autonomy to

decide when and how to share information in order to

come out with a global solution for the problem at hand.

Very few works in fact deal with self-interested agents

in this context.
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Privacy is another big issue. Here too the MASs com-

munity has provided some techniques that can be useful,

such as the study of trust and reputation.

Another issue that was hardly tackled is how to

empower agents so that they go beyond simple exchange of

information and decide to what extent they may share

information. It would be desirable that they reason about

their own learning mechanisms, eventually sharing them in

order to exchange meta-reasoning information to improve

their learning mechanisms and performance.

Regarding the case of ML techniques in and for MASs,

perhaps the biggest challenge is to endow agents with

learning capabilities that go beyond the RL and stochastic

games. This is not an easy task because the use of, for

instance, supervised ML techniques requires labeled data

and this is not easy to get. Maybe a start would be to use

domains that are known in the MASs community such as

the trading agent competition (TAC) and the RoboCup in

order to get data that can be collected during the compe-

titions themselves, in order to create a kind of benchmark

or at least datasets that can be used to compare approaches.

In both cases (agent-based ML and ML for MASs), a

challenge is to address further application areas and reach

the stage in which the synergy between MASs and ML is

deployed in real-world applications.
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