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ABSTRACT
Relational reinforcement learning is a promising new direc-
tion within reinforcement learning research. It upgrades re-
inforcement learning techniques by using relational repre-
sentations for states, actions and learned value-functions or
policies to allow more natural representations and abstrac-
tions of complex tasks. Multi-agent systems present a good
example of such a complex task and are often character-
ized by their relational structure. In this paper, we show
how relational reinforcement learning could be a useful tool
for learning in multi agent systems and study this approach
in more detail on one aspect of multi-agent systems, i.e.,
on learning a communication policy for cooperative systems
(e.g. resource distribution). We perform a number of ex-
ploratory experiments that highlight the conditions in which
relational representations are beneficial.

Categories and Subject Descriptors
I.2.11 [Computing methodologies]: Artificial intelligence—
Distributed artificial intelligence; I.2.6 [Computing method-
ologies]: Artificial intelligence—Learning

Keywords
Reinforcement Learning, Multi-Agent Systems, Relational
Reinforcement Learning

1. INTRODUCTION
In recent years, relational reinforcement learning (RRL)

has emerged in the machine learning community as a new
promising subfield of reinforcement learning (RL) (see for
instance [6, 3, 21, 25]). It offers to RL a state space rep-
resentation that is much richer than that used in classical
(or propositional) methods. More precisely, states are repre-
sented in a relational form, that more directly represents the
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underlying world and as such better facilitates the represen-
tation of complex real world tasks. This leads to a serious
state space reduction, allowing to better generalize and infer
new knowledge. See e.g. [3] for examples.

So far, most of the work in RRL has focused on single
agent situations, i.e., environments in which only one agent
operates and learns, some exceptions are discussed in Sec-
tion 2.2. Because multi-agent problems contain, besides a
complex environment, a dynamic intermingle of relations
between the agents, it is reasonable to assume this new
paradigm can also contribute to the Multi-agent Systems
(MAS) domain. Two problems stand out in Multi-agent re-
inforcement learning (MARL). First, the huge state space
caused by a complex environment, and second, the addi-
tional uncertainty caused by the presence and influence of
other agents. It is mainly this second issue which distin-
guishes multi-agent from single-agent learning. These char-
acteristics make the problem of MARL non-markovian and
as such the transition from a one-agent system to a multi-
agent system is very hard.

So far, different approaches have been introduced to solve
this multi-agent learning problem ranging from joint action
learners to individual local Q-learners. To our knowledge,
almost all of these different techniques have been used so far
in combination with a state space which is in propositional
form, where by no means relations between different features
or agents are expressed or exploited. Moreover, no method
has tried to model the dynamic intermingle of relations be-
tween agents to simplify the learning of specific tasks for a
specific agent. As an example of the potential of the lat-
ter consider defensive players in robot soccer. Clearly, such
agents have to be good at many different tasks, i.e., tak-
ing a defensive position when the team is not in possession
of the ball, capturing the ball, starting an attack, sending a
long pass etc. When dealing with such problems, current ap-
proaches have not explored in depth the possibility of agents
learning from each other, simply by observation and com-
munication. If an agent knows or has an estimate of the
intermingle of relations, he can exploit that knowledge to
more easily learn his own task.

In this paper we examine how we can employ RRL in
MASs so that agents learn with whom to communicate. For
this purpose we examine an abstract coordination task. In
this setting we consider a population of agents that each



have to learn how to solve a number of tasks. The agents
can have some prior knowledge about some tasks and have
the possibility to consult other agents for advice. Hence,
they can learn to solve a task not only by finding a solution
themselves but also by asking an agent that already knows
how to solve a certain task. Therefore, it is important that
agents have a good idea of who is good at which task, and
as such get a good impression of the intermingle of agent
relationships.

Our results illustrate the advantages of using RRL in MAS
to deal with the second problem, i.e. the intermingle of
relationships between agents. More specifically, we will show
that when using a relational approach, agents can gain a
learning speedup through advice seeking. We will also show
that using RRL, the agents can better deal with uncertain
communication and that advice seeking is still beneficial in
situations where the agents have no or little prior knowledge.

The remainder of this paper is structured as follows. Sec-
tion 2 introduces relational reinforcement learning, Section
3 gives an overview of relevant existing work and introduces
the multi-agent RRL task. The experimental evaluation can
be found in Section 4. Finally, we conclude and present some
directions for possible future work in Section 5.

2. SINGLE AGENT RELATIONAL
REINFORCEMENT LEARNING

2.1 Reinforcement learning
Reinforcement learning offers a general framework, includ-

ing several methods, for constructing intelligent agents that
optimize their behavior in stochastic environments with min-
imal supervision. The problem task of RL [20] using the dis-
counted sum of rewards as the optimization criterion is most
often formulated as follows: Given a set of possible states
S, a set of possible actions A, unknown transition proba-
bilities t: S × A × S → [0, 1] and an unknown real-valued
reward function r : S × A → R, find a policy π : S → A
which maximizes the expected discounted sum of rewards
V π(st) = E

`P∞
i=0 γ

irt
´

for all st ∈ S, where 0 ≤ γ < 1 and
the rewards rt are received by executing actions according
to the policy π.

In this setting, at every time step t, the learning agent is
in one of the possible states st ∈ S and selects an action
at = π(st) ∈ A according to his policy π. After executing
action at from st, the agent will be in a new state st+1 (this
new state is chosen according to the transition probability
t) and receives a reward rt = r(st, at).

A drawback of most work on RL, which uses a proposi-
tional representation1, is the difficulty to represent states
that are defined by the objects present in the state and the
relationships between these objects. For example most MAS
environments contain objects which exhibit certain proper-
ties and are related to each other. Moreover, agents can
be viewed as objects with varying properties that also share
a number of relations between them, i.e. they intermingle.
To apply RL in such complex environments, a structural or
relational representation is needed.

To illustrate the use of (and the need for) such struc-
tural representations, consider a cooperative MAS where

1In propositional representations a fixed length feature vec-
tor is used with an attribute for every property of the agent’s
environment.

agents can join forces to deal with tasks more efficiently.
In such an application, the world consists of a (possibly
large) number of agents that can be grouped together into
teams of different numbers of agents, possibly including a
team structure dependent on their exact task and number.
In principle, the world can consist of an infinite number
of agents and a varying number of tasks. The task of the
— in this example, single agent — RRL learner could be,
for instance, to form these cooperative teams as new tasks
arrive. It is impossible to represent such an environment
using a propositional representation without an explosion
of the number of states. Using first-order logic, a MAS-
state can be represented as a conjunction of predicates, de-
scribing the relations between the agents, the teams and
the tasks as well as the possible internal team structure,
e.g. {belongsTo(agent,team), worksOn(team,task), su-

pervises(agent1,agent2), ...}. The actions could also
be represented using first-order predicates such as, e.g. as-

sign(agent,team).

2.2 Relational Reinforcement Learning
Relational reinforcement learning combines the RL set-

ting with relational learning or inductive logic programming
(ILP) [16] in order to represent states, actions and policies
using the structures and relations that identify them. These
structural representations allow abstraction from and gener-
alization over specific goals, states and actions. Because re-
lational reinforcement learning algorithms try to solve prob-
lems at an abstract level, the solutions will often carry to
different instantiations of that abstract problem. For ex-
ample, resulting policies learned by an RRL system often
generalize over domains with varying number of existing ob-
jects.

Although, RRL is a relatively new domain, several ap-
proaches have been proposed during the last few years. One
of the first methods developed within RRL, was relational
Q-learning [6]. This is a Q-learning system that employs
a relational regression algorithm to generalize the Q-table
used by standard Q-learning algorithms into a Q-function.
The most important difference with a standard Q-learning
agent is the agent’s representation of the current state, ac-
tion and learned value-function. In relational reinforcement
learning, this representation contains structural or relational
information about the environment.

Inside the learning agent, the information consisting of
encountered states, chosen actions and the connected re-
wards is translated into learning examples. These examples
are then processed by a relational learning system that pro-
duces a relational value-function or policy as a result. The
relational representation of the Q-function allows the RRL-
system to use the structural properties of states and actions
when assigning a Q-value to them. The Q-function is repre-
sented and learned using an incremental relational regression
algorithm. So far, a number of different relational regression
learners have been developed2.

Other techniques that combine the RL setting with rela-
tional learning include the work by [7] that uses Approx-
imate Policy Iteration (API) to learn abstract policies di-
rectly by sampling episodes and upgrading techniques from
dynamic programming to a relational setting, e.g. [13, 1, 9,
8]. We refer to [25] for a full overview. However, since most
of these technique require some sort of knowledge about or

2A thorough discussion and comparison can be found in [3]



control over the environment, we will not employ them in
this paper.

So far, all work on RRL has focused on the single agent
case. To our knowledge, there is almost no existing work on
applying relational reinforcement learning in a multi-agent
system. Earlier, van Otterlo et al. [24] already mentioned
the possible benefits of using RRL in (multi-) agent sys-
tems. They state that cognitive and sapient agents espe-
cially need a learning component where the reinforcement
learning paradigm is the most logical choice for this. Since
these agents are (usually) logic-based, RRL is indicated as
a very suitable learning method for intelligent agents. Letia
and Precup [?] present a system where multiple agents —
represented by Golog programs3 — act in the same en-
vironment. The Golog programs can supply initial plans
and prior knowledge. The agents however can not communi-
cate. There also exist a game-theoretic extension of Golog
that can be used to implement different agents and compute
Nash policy pairs [?]. Hernández et al. [?] use logical de-
cision trees to add a learning factor to BDI (Belief, Desire,
Intension) agents. Only Croonenborghs et al. [?] present
an approach of using RRL in multi-agent systems. They
show that when using a relational learner, agents can in-
duce knowledge by observing other agents. They however
do not consider the issue of communication between agents.
As we consider communication to be one of the crucial as-
pects of MARL, we will focus in this paper on using RRL
to learn with whom to communicate.

3. RELATIONAL MULTI-AGENT
REINFORCEMENT LEARNING

During the 90’s multi-agent systems have become a very
popular approach in solving computational problems of dis-
tributed nature as for instance load balancing or distributed
planning systems. They are a conceptually proved solution
method for problems of this nature. However, designing
a cooperative multi-agent system with both a global high
utility for the system and high individual utilities for the
different agents is still a difficult problem, e.g. [22, 10, ?, ?].
The general goal is thus to have a good system performance
where all individual agents in the MAS contribute to some
part of the collective through their individual actions.

Several approaches have been proposed, ranging from joint
action learners [11] to individual local Q-learners. All of
these approaches have as well their own merits as disadvan-
tages in a multi-agent context. In the first approach, i.e., the
joint action space approach, the state and action space are
respectively defined as the Cartesian product of the agent’s
individual state and action spaces. More precisely, if S is the
set of states and A1, ..., An the action sets of the n different
agents, the learning will be performed in the product space
S × A1 × ... × An, where each agent has a reward function
of the form: S × A1 × ... × An → R. This implies that the
state information is shared amongst the agents and actions
are taken and evaluated synchronously. It is obvious that
this approach leads to very big state-action spaces, and as-
sumes instant communication between the agents. Clearly
this approach is in contrast with the basic principles of many
contemporary multi-agent applications such as distributed
control, asynchronous actions, incomplete information, cost
of communication, etc. In the local or selfish Q-learners set-

3a logic programming language based on situation calculus

ting, the presence of the other agents is totally neglected,
and agents are considered to be selfish reinforcement learn-
ers. The effects caused by the other agents also acting in
that same environment are considered as noise. In between
these approaches we can find examples which try to over-
come the drawbacks of the joint action approach, examples
are e.g. [14, 2, 17, 23, 18, 19]. There has also been quite
some effort to extend these RL techniques to Partially Ob-
servable Markovian decision problems and non-Markovian
settings [12].

The complexity of designing a MAS and even more when
trying to learn behaviors of agents within a MAS, stems from
three important sources. First, agents in a MAS can inter-
fere with each other’s actions, plans or even goals. Second,
partial observability is all but unavoidable in MAS because
even if the environment is fully observable, the intentions
and plans of other agents cannot be assumed to be known,
especially when multiple agents in the MAS are updating
their behavior through learning. Third, communication be-
tween agents can be required for agents to optimize their
decision making process but the inherent costs (e.g. delayed
or lost communication messages) add a layer of complexity
to the optimality of behavior of the agents.

3.1 Interference between Agents and
Relational Learning

One of the major difficulties encountered when moving
from single agent learning problems to multi-agent learning
problems is the explosion of the action space. The possible
number of joint actions, grows exponentially with the num-
ber of agents in the system. One quick and dirty method to
solve this is not to deal with the joint action space, but try
and optimize agent behaviors individually. This becomes
problematic however when actions of agents can interfere
with each other, i.e. when agents influence the environ-
ment of other agents. Of course, since this interference is
the whole point of creating a multi-agent system, one needs
to take these external influences into account when opti-
mizing locally. The problem then translates into learning
which other agents to keep in mind when optimizing ones
own behavior. For example, when operating in traffic, it
would be wrong to disregard all other agents in the envi-
ronment, but it is also not necessary to keep track of every
traffic participant in the city. This problem boils down to
the determination of a sphere of influence of agents which
can then be used to limit the joint action space that needs
to be studied.

We believe that relational representations can be of great
help when trying to define (and eventually learn) these spheres
of influence in multi-agent systems. Because of the inherent
abstraction that must be used with relational representa-
tions, the agents can themselves decide which region of the
state space to focus on. Relational representations allow the
agents to define their environment both using a structural
abstraction, i.e. focusing on the existence and relations be-
tween observed objects to define their current state, and a
deictic abstraction, i.e. focusing on how these objects and
relations are related to themselves. Therefore, we believe
that the use of a relational representation for states, actions
and policies makes expressing the sphere of influence of ob-
jects in the environment easier. However, we do not regard
this as a topic of the current paper, but consider it as im-
portant future work.



3.2 Partial Observability and Relational
Generalization

Another problem common to multi-agents systems is the
almost inherent partial observability. Using multiple agents
instead of a single, all-encompassing agent makes more sense
if the MAS system does not require all agents to have access
to all details of their combined environment. Local decision
making, and therefore inherently partial observability, is a
key requirement to make MAS expandable both in the num-
ber of agents and in the size of the environment they work
in.

We are convinced that relational representations are ben-
eficial when dealing with partial observability because they
allow the agent to abstract away details of the environment
which are unimportant to the decision making process and
focus their attention on the state-defining structures they do
want to base decisions on. This said, partial observability
can lead to a large number of difficulties — such as for ex-
ample the symbol grounding problem occurring in partially
observable environments that must be solved before one can
try to use structural and relational information — that we
do not want to address in this first attempt at multi-agent
relational reinforcement learning.

3.3 Communication and Relational Reinforce-
ment Learning

Another cornerstone of MAS, one that is linked to both
interference between agents and partial observability is the
need for or opportunity for communication between agents.
Communication can be used to limit the influence of par-
tial observability or to avoid unwanted interference between
agents. However, in MAS communication is often assumed
to be either unreliable or costly. Consider for example the
situation where agents can only communicate with agents
that are located within a certain range or the cost could be
dependent on the distance between agents. Hence, deciding
when to communicate with whom adds a layer of complexity
to the behavior of agents in a MAS. Therefore, we consider
the communication strategy of agents a good starting point
to introduce relational reinforcement learning into MAS.

Combining multi agent systems and relational reinforce-
ment learning combines two complex domains. We believe
that, in order to study the integration of these both settings,
one should take care not to make the learning task too com-
plex at once, as a mix up of the many different effects playing
a role in both domains could make (especially experimental)
results difficult to interpret. Therefore, we try to limit the
influences of agent interference and partial observability in
this paper.

4. EMPIRICAL EVALUATION
In this section, we will empirically investigate the benefits

of using relational reinforcement learning for communication
between agents in MASs. More specifically, we will investi-
gate the influence on the learning performance when allow-
ing agents to seek advice, both in a relational and propo-
sitional system. Furthermore, we will vary the quality of
the prior knowledge of agents (i.e., agents may not always
have the right answer), limit the communication capabil-
ities of agents and finally vary the number of agents and
task difficulty in our system. We will also apply relational
communication to a challenging multi-state task which can

be seen as a first step toward multi-state dispersion- and
cooperation games.

4.1 Learning Task
The learning task of the agents consists of learning how

to solve a number of different tasks. Tasks and agents can
be characterized by a number of properties.

In a first series of experiments, every agent is assigned
to a random task in the beginning of an episode. Every
agent receives a positive reward if he solves his task and the
episode is ended when all agents solved their tasks.

The number of actions (henceforth called primitive ac-
tions) an agent can execute during a certain task can vary
from task to task. To solve a task the agent has to exe-
cute the optimal action, a single action from the possible
primitive actions for that task.

Some agents have a priori knowledge about certain tasks,
these agents are called experts for that task. A pure expert
only has access to the task’s optimal action, and therefore
has no need for exploring the action space for this particular
task. We do not only consider pure experts but introduce
different levels of expertise: agents may have some knowl-
edge about the task at hand, i.e. they know that the optimal
action is in some subset of all primitive actions for that task
and consequently only need to explore a constrained part of
the action space. Non-experts must learn a policy to solve
the task. Determining if an agent is expert for a task can
be done in many ways. For example, we can define an agent
as being expert if a certain property, or all, match for both
task and agent.

Agents have the possibility to communicate with each
other. More specifically they can seek advice from other
agents. Agents can ask other agents which action they would
execute according to their current policy in the current task
of the inquirer. Therefore, the action space of an agent for
some task consists of the number of the primitive actions for
this task and the “advice”-actions, one for every agent in the
environment.

Since we would like to study the effects and benefits of
efficient communication, we do not consider the aspects of
agent interference and partial observability in our test envi-
ronment. Hence, all agents are working on their own task
without the possibility to interfere with each other. Not only
is this still a challenging problem, an isolated study of the re-
lations between the agents and methods that gain maximally
from this, are necessary to tackle more complex problems in-
volving communication and especially interference between
agents as for instance in multi-state coordination tasks.

4.2 Experimental setup
All agents are relational Q-learners that use the incremen-

tal relational tree learner RRL-TG [5] to learn a generalized
Q-function. To guide this tree building a declarative bias is
specified. This declarative bias contains a language bias to
specify the predicates that can be used as tests in the tree to
partition the state and action space. For all agents this lan-
guage bias contains predicates that identify the task and the
action taken by the agent. Furthermore, it contains predi-
cates that check certain properties of the task at hand and
properties of the other agents.

In the basic setting, we used a multi-agent system con-
taining 10 agents and 10 different tasks. The tasks all have
a different difficulty: In the first task their are only 5 prim-



itive actions available, for the second task this is doubled to
10 primitive actions and so forth until 2560 actions for the
tenth task.

During learning, the agents follow a boltzmann explo-
ration policy. Each agent is maximally allowed 100 actions
per episode. Each agent receives a reward of 1.0 if he solves
his task and neither reward nor punishment otherwise. Ev-
ery 100 episodes, the learned policies are tested by freezing
the Q-function approximation following a greedy policy on
100 test-episodes to check for optimality. Unless mentioned
otherwise, all results are averaged over 5 runs. In the ba-
sic setting, each agent is an expert for a certain task if he
shares a property with that task. The experiment is set up
in such a way that every agent is (a pure) expert for exactly
one different task and hence there is exactly one expert for
every task.

To determine the influence of the task difficulty and the
number of agents, we extended the number of properties:
We provide both agent and task with 3 properties, with re-
spectively 4, 3 and 2 possible attributes. Therefore, a total
of 24 different agent- and task types can be assembled. More
precisely, agents and tasks all have a color (with attributes
green, red, yellow or blue), shape (square, cube or sphere)
and size (small or large). The attributes for tasks have a
weight value associated with them that determine the dif-
ficulty of a task. For example, a blue task is 4 times more
difficult compared to a yellow task (i.e., has 4 times more
possible actions). We vary the task difficulty by setting a
minimum and maximum number of allowed actions. Agents
are considered expert when the color matches with that of
the task. Experts know a priori how to solve the task. We
sample agents and tasks with a uniform distribution, i.e, all
24 types have an equal chance of being sampled. Note that
in this setting it is possible that for certain tasks no experts
may exist in the population.

As a more complicated environment, we limit both the
quality of prior knowledge of agents and move to a multi-
state task. Now tasks have to be solved by sequentially solv-
ing a number of subtasks (an analogy can be made with an
agent moving through a 1-dimensional grid-world to reach
a certain goal location). When all subtasks are successfully
solved, the agent is rewarded with a reward of 1.0. The lat-
ter can be seen as a first step towards multi-state dispersion-
and cooperation games and is a similar environment as the
one used in [?]. Similar to previous experiments, we sam-
ple random tasks and agents out of the 24 types. Whereas
in the previous setting experts were defined by their color
only, now all properties are taken into account. A pure ex-
pert (i.e., an agent that can immediately solve the task)
must have all properties matched with those of the task. If
only a subset of the properties match, the agent will have
a certain degree of expertise, depending on the number and
type of properties. If an agent is, let’s say 80% expert of
a task, the agent only needs to explore 20% of the action
space. Off course, if no properties match, the agent has no
expertise at all, and must explore the whole action space for
this task. Again, in this setting it is possible that no, or
very few experts are generated for the tasks at hand.

4.3 Experimental results

4.3.1 Seeking advice
We want to investigate if RRL can generalize over agent

and task properties, and therefore can quickly discover ex-
perts in the population (if any), so they can communicate
(i.e, seek advice) with these experts. We expect this can
potentially accelerate the learning process. To empirically
validate this claim, we compare the average learning per-
formance for agents in two situations, namely (1) learning
with and (2) without means for communication. The learn-
ing task without advice boils down to selecting the optimal
primitive action for a task. If we add advice actions to the
action space, agents don’t necessary need to learn a policy
for each task, it may be much better to seek advice from an
expert.
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Figure 1: Communication vs No-Communication.

Figure 1 presents the result for the basic setting. It clearly
shows the gain that agents with the capability of communi-
cation have over agents without this capability. The graph
shows two different results for agents with communication.
For the relational one, the agents use the language bias as
described in the previous section. The propositional one
uses a restricted language bias to simulate a propositional
tree learner. From Figure 1 it can be concluded that the gen-
eralization of relational learning is essential to take optimal
advantage of the added communication.

Influence of prior knowledge.
Next, Figure 2 shows the influence of the prior knowledge

that agents have4. To investigate this, we extended the pos-
sible actions the agents can execute in a task when they are
expert for that task. In the setting ‘no experts’, the agents
have no prior knowledge, i.e. the possible actions for the
agents are all primitive actions and advice actions. In the
setting ‘optimal + advice’, the experts can only execute the
optimal action as primitive action, but they can also ask
for advice and hence they still have to learn to select the
primitive action instead of asking for advice. We also in-
vestigated two intermediate settings where a subset of all
primitive actions is selected, namely 50% resp. 75% of the
possible primitive actions. One can clearly conclude from

4The results of the pure experts and the agents without
communication are repeated for clarity



Figure 2: The influence of prior knowledge

the graph that when using relational learning communica-
tion aids the agents even when prior knowledge is limited. In
the early stages of learning, the extra possibility of seeking
advice does not hurt the agent, only in the very beginning
the performance is slightly worse due to the bigger action
space. On the other hand, once some agents learned to
solve some tasks, this knowledge is distributed through the
population resulting in a performance gain.

Influence of restricted communication.

Figure 3: Influence of restricted communication

We also investigate the influence of restricted communi-
cation on the performance of the agents. Figure 3 shows the
result when agents can no longer communicate with every

other agent. The percentages indicated in the labels re-
flect the percentage of possible advice actions at every step.
The uncertainty of communication causes a drop in perfor-
mance, but due to the generalization in the agents’ policy,
the possibility of communication still has a beneficial effect.
Currently, the agents do not learn from advice-actions, i.e.
they learn when to ask whom for advice, but they do not
update their policies according to the proposed action by
the expert. We will address this issue in future work so that
agents can seek advice in the beginning of the learning task
(certainly with restricted communication) and then use the
proposed actions to learn from so that they do not have to
keep consulting the expert.

Influence of the difficulty of the tasks.
We also performed experiments with increasing task com-

plexity (this shifts the balance between advice and primitive
actions). For these experiments, we used the setting where
agents and tasks have multiple properties.

Figure 4: Influence of the task difficulty.

In Figure 4 we see that for learning without communica-
tion (the experiments denoted with ’NC’, the number follow-
ing this represents the maximum number of actions for this
task), agents are steadily moving towards an optimal policy
as the number of episodes increases. The convergence rate
is determined by the difficulty of the randomly generated
tasks. We can also see that experiments with advice (de-
noted with ’C’) perform better, in particular in situations
where agents are faced with more complex tasks. It seems
that when tasks are relatively easy, it can be at least as
efficient to learn to solve the task individually, rather than
seeking advice. From the graph it is also clear that progress-
ing to more difficult tasks has a bigger impact on experiment
without communication.

Influence of the number of agents.
Here we increase the amount of agents compared to tasks

(this way we increase the likelihood of finding an expert
in the population, but also increases the number of advice



Figure 5: Influence of the number of agents.

actions). Figure 5 shows the results for different sizes of
the agent population using the same setting as in the pre-
vious paragraph with the maximal number of actions set to
200. The number of agents is denoted by the number behind
‘NC’ (no communication) or ‘C’ (communication). The plot
shows that the number of agents is irrelevant to the learning
performance of the setting without communication. This
was expected since agents are learning individually and can
not benefit from the knowledge of others. When we allow
agents to seek advice, we see much faster learning in partic-
ular when many agents are present in the system. A likely
explanation is that more agents increases the likelihood of an
expert in the population, no matter what task is randomly
generated.

4.3.2 Multi-State Task
In the last series of experiments, we will show that the

earlier discussed results also apply for more difficult envi-
ronments by using multi-state tasks. Figure 6 presents the
result obtained for a multi-state task consisting of four sub-
tasks. It can be noted that when using RRL, communication
clearly helps the agent to learn a better policy faster.

5. CONCLUSIONS
In this paper we introduced the novel idea of cross-fertilization

between relational reinforcement learning and multi-agent
systems to solve complex multi-state dynamic planning tasks.
By using RRL we try to extend this work to more difficult
multi-agent learning problems. More precisely, we proposed
to use a relational representation of the state space in multi-
agent reinforcement learning as this has many proved bene-
fits over the propositional one, as for instance handling large
state spaces, a rich relational language, modelling of other
agents without a computational explosion, and generaliza-
tion over new derived knowledge.

We started this paper with a short introduction to rela-
tional reinforcement learning and multi-agent learning. Then

Figure 6: Multi-state task

we proceeded to describe our view on multi-agent relational
reinforcement learning. Although this is still work under de-
velopment, we believe that these ideas can greatly enhance
the application of multi-agent reinforcement learning. Fur-
thermore, we investigated the positive effects of relational
reinforcement learning when agents can seek advice.

In our future work, we plan to gradually extend our ap-
proach to more complex and realistic settings, e.g. includ-
ing more communication, a cost model, interference between
agents, . . . Also, it would be interesting to investigate to
which extent an agent can benefit from collecting and ex-
ploiting different types of information about other agents in
a relational database.
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[17] A. Nowé, J. Parent, and K. Verbeeck. Social agents
playing a periodical policy. In Proceedings of the 12th
European Conference on Machine Learning, p 382 -
393, Freiburg, 2001.

[18] S. Sen, S. Airiau, and R. Mukherjee. Towards a
Pareto-optimal solution in general-sum games. In in
the Proceedings of the Second Intenational Joint
Conference on Autonomous Agents and Multiagent
Systems, (pages 153-160), Melbourne, Australia, July
2003, 2003.

[19] P. Stone. Layered learning in multi-agent systems.
Cambridge, MA: MIT Press, 2000.

[20] R. Sutton and A. Barto. Reinforcement Learning: An
Introduction. The MIT Press, Cambridge, MA, 1998.

[21] P. Tadepalli, R. Givan, and K. Driessens. Relational
reinforcement learning: An overview. In Proceedings of
the ICML’04 Workshop on Relational Reinforcement

Learning, 2004.

[22] K. Tumer and D. Wolpert. COllective INtelligence and
Braess’ Paradox. In Proceedings of the Sixteenth
National Conference on Artificial Intelligence, pages
104-109., 2000.

[23] K. Tuyls, K. Verbeeck, and T. Lenaerts. A
selection-mutation model for Q-learning in
Multi-Agent Systems. In The second International
Joint Conference on Autonomous Agents and
Multi-Agent Systems. ACM Press, Melbourne,
Australia, 2003.

[24] M. van Otterlo. A characterization of sapient agents.
In International Conference Integration of Knowledge
Intensive Multi-Agent Systems (KIMAS-03), Boston,
Massachusetts, 2003.

[25] M. van Otterlo. The Logic of Adaptive Behavior:
Knowledge Representation and Algorithms for the
Markov Decision Process Framework in First-Order
Domains. PhD thesis, Department of Computer
Science, University of Twente, Enschede, The
Netherlands, 2008. may, 512pp.


