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Abstract

Multiagent learning attracts much attention in the past
few years as it poses very challenging problems. Reinforce-
ment Learning is an appealing solution to the problems
that arise to Multi Agent Systems (MASs). This is due to
the fact that Reinforcement Learning is a robust and well
suited technique for learning in MASs. This paper pro-
poses a multi-agent Reinforcement Learning approach, that
uses coordinated actions, which we call strategies and a
voting process that combines the decisions of the agents,
in order to follow a strategy. We performed experiments
to the predator-prey domain, comparing our approach with
other multi-agent Reinforcement Learning techniques, get-
ting promising results.

1 Introduction

Reinforcement Learning (RL) [10], negotiates the prob-
lem of how an agent can learn a behaviour through trial and
error interactions with a dynamic environment. RL is in-
spired by the reward and punishment process encountered
in the learning model of most living creatures.

RL is an important technique for automatic learning in
uncertain environments. Though it has been applied to
many domains widely, the multi-agent case of it is not yet
investigated thoroughly. This is due to the difficulty of ap-
plying the theory of the single-agent RL in the case of multi-
agent. Additionally, other issues, like knowledge sharing
or its transmission among the agents, make the problem
harder.

The approaches that exist in the field of multi-agent RL
can be divided in two categories [1]. The first category con-
tains approaches in which the agents (or learners) learn in-
dependently from each other without taking into account the
behaviour of the other agents. These agents are called Inde-
pendent Learners (ILs). In the second category the agents
learn joint actions and they are called Joint Learners (JLs).

In this work we present an approach that belongs to both
of the above categories as the agents learn the joint action on
a small part of the state-action space. We define a number
of strategies as the coordinated actions that must be learned
from the agents. We then use a process of voting to combine
the decisions of the agents and follow a strategy to achieve
the goals. We compare our approach with other multi-agent
RL methods and a manual policy using the known predator-
prey domain. The results are promising as the proposed ap-
proach achieves good performance without spending a big
amount of time.

The rest of the paper is structured as follows. In Section
2 we give background information on RL. In Section 3 we
review related work on multi-agent RL. Section 4 presents
our approach and Section 5 describes the experiments we
conducted. In Section 6 we discuss the experimental results
and finally in Section 7 we conclude and give some direc-
tions for future work.

2 Reinforcement Learning

In this section we briefly provide background informa-
tion for both single-agent and multi-agent RL.

2.1 Single-Agent Case

Usually, an RL problem is formulated as a Markov Deci-
sion Process (MDP). An MDP is a tuple (S, A, R, T') where
S is the finite set of possible states, A is the finite set of
possible actions, R : S x A — R is a reward function that
returns a real value r that is received from the agent as an
outcome of taking an action @ € A in a state s € S. Finally,
T:S5xAxS — [0,1] is the state transition probability
function which denotes the probability of moving to a state
s’ after executing action «a in state s.

The objective of the agent is to maximize the cumulative
reward received over time. More specifically, the agent se-
lects actions that maximize the expected discounted return:



Z;O:O Y*ris ki1, where y, 0 < 7y < 1, is the discount factor
and expresses the importance of future rewards.

A policy 7 specifies that in state s the proba-
bility of taking action a is m(s,a). For any pol-
icy m, the action-value function, Q™(s,a), can be de-
fined as the expected discounted return for executing
a in state s and thereafter following m, Q7(s,a) =

E {ZZO:O VEripiilse = a,ar =a.

The optimal policy, 7%, is the one that maximizes the
the action-value, Q7 (s, a), for all state-action pairs. In
order to learn the optimal policy, the agent learns the
the optimal action-value function, Q* which is defined
as the expected return of taking action a in state s and
thereafter following the optimal policy 7*: Q*(s,a) =
E {T‘t+1 + ymaxg Q*<St+17a/)‘5t =s,a; = a}.

The optimal policy can now be defined as 7* =
arg max, @*(s,a). The most widely used algorithm for
finding the optimal policy is the Q-learning algorithm [13]
which approximates the Q function with the following
form: Q(s¢, ar) = rip1 +ymaxy Q(si41,0").

2.2 Multi-Agent Case

In this work we only consider the case where the agents
share a common goal which means that is a fully coopera-
tive environment. Another case could be a competitive en-
vironment in which the agents have contradictory goals. In
the cooperative case the agents share the same reward func-
tion. The multiagent Markov Decision Process is an ex-
tension of MDP and is a tuple (Ag, S, A, R, T) where Ag,
|Ag| = n, is the set of the agents and A = X;ca,4; the
set of joint actions. The transition function 7" expresses the
probability of moving to state s after taking the joint action
a in state s. Finally, the reward function R is the same for
all agents.

Alternatively, the reward function can be global,
R(s,a) = >_i", Ri(s,a), where R;(s,a) denotes the re-
ward that agent ¢ receives after taking the joint action a in
state s. In the second case the framework is called collabo-
rative multiagent MDP (CMMDP) [3].

3 Related Work

In this section we review work related in the field of
multi-agent RL and try to categorize it according to the ap-
proach that is used, that is IL or JL.

The IL approach has been used successfully in the past,
despite the lack of proof convergence, as each agent ignores
the existence of the other agents yielding to a non-stationary
environment (the transition model depends on the behaviour
of the other agents). Tan [11] proposed the use of agents that
learn independently of each other and communicate in order

to share information like sensations, policies or episodes. IL
also used in [9] where the agents do not share or exchange
any information. In [1] the authors have shown that inde-
pendent learners, which apply an RL technique, under some
conditions can converge.

In the case of JL the multi-agent system is treated as a
large single agent system and each individual agent mod-
els this system [12], [7]. The disadvantage of this approach
is that the number of the joint state-action space grows ex-
ponentially to the number of the agents. For this reason
methods that reduce the joint state-action space have been
developed.

More specifically, Guestrin et al. [4] proposed an ap-
proach in which the agents coordinate their actions only in
a part of the state space, while they act independently in
the rest. This is accomplished, by letting the agents inter-
act with a number of other agents and using coordination
graphs to specify the dependencies among the coordinated
agents. In [6, 7] the authors present an extension of the
above idea using a sparse representation of the value func-
tion by specifying the coordinated states beforehand.

An alternative approach that lies into none of the above
categories, is presented in [8]. The authors propose an
approach, in which each agent updates its value function,
based on the values of the vicinal agents. Each value is as-
sociated with a weight, proportional to the distance between
the agents.

4 Our Approach

In this work we propose an alternative approach for the
multi-agent RL problem. The main idea is to use a set of
joint actions and through a combination method to select
the appropriate joint action to follow.

The following description of the proposed method as-
sumes that the agents share a common goal and they are
able to communicate with each other.

4.1 Strategies

A key concept of the proposed approach is strategies.
We define 0 =Uj}_,0} to be the set of strategies that the
agents select to follow. A strategy o = {af|i = 1...n}
is a joint action where ¥ is the action that agent i performs
in strategy k. This joint action consists of a set of basic ac-
tions that the agents are capable to execute. For example, in
the predator-prey domain where two predators try to catch
a prey, a strategy could be the following: one predator re-
mains to a small distance relative to the prey and the other
predator moves along to the prey.

This feature adds two main advantages to the method.
First, it allows us to combine the individual actions of the
agents in a straightforward manner and to concentrate only



to the high level joint actions. The second advantage is the
reduction of the state-action space, as the agents share the
same high level joint actions, which are substantially fewer
than the whole joint action space.

It is important to note that the strategies are predefined
and that it is up to the user to construct good strategies. We
expect the quality of the strategies to affect the learning pro-
cedure and thus the overall performance of the system. A
way to alleviate the problem of defining good strategies is
to have numerous strategies and let the agents decide which
are good to keep. The rest can be discarded, as they harm
the overall performance. Alternatively, we could have a
number of initial strategies, which evolve through the learn-
ing process.

4.2 Multi-Agent Voting

The main idea of the proposed approach is to combine
the decisions of the agents in order to select a strategy that
will be followed by all the agents. This is achieved by
adding an intermediate phase to the learning procedure in
order to combine the decisions of the agents. More specif-
ically, we use methods from the area of Multiple Classi-
fier Systems or Ensemble Methods [2]. This area includes
methods and systems for the production and combination
of multiple predictive models. In this work, we use voting
as the combination method. Adapted to our needs, voting
mechanism proceeds as follows: each agent selects (votes
for) the strategy which believes that is the most appropriate
to be followed in the current situation and communicates
the vote. Then the votes are combined and the strategy with
the most votes is the one proposed by the ensemble. The
mathematical expression of the output is the following:

Oy = argmax Yo,
Ok

where o0, is the winning strategy and y,, is the number of
the votes of the k strategy:

n
Yo = Z dia';C
=1

where d;,, is the vote of the agent ¢ for the strategy o,. We
must note that one can use a weighted scheme of voting by
assigning a weight to each vote. In this work we don’t use
weights and the above rule is called majority voting.

The motivation of bringing this feature to the reinforce-
ment learning algorithm is due to the fact that each agent has
a partial perception of the environment and a partial knowl-
edge of how to accomplish the common goal. So, it’s better
to fuse the partial knowledge to coordinate the agents and
obtain better results.

Each agent ¢ in our approach maintains a separate table
Q@;. Similarly to [7] we distinguish the states in uncoordi-
nated and coordinated states. In uncoordinated states there

is no need for the agents to cooperate, so they act indepen-
dently. In these states the agents can follow a random or
a predefined policy and they don’t update their Q-values.
When the agents enter a coordinated state, each of them
selects a strategy according to their Q-values. Then the de-
cisions are combined using the method of voting as men-
tioned earlier. Finally, the reward function is defined only
for the coordinated situation. The reward is the same for all
the coordinated agents and is expressed as follows:

R(s,a) = Ri(s,a),V i,

The non-coordinated agents do not receive any reward.
Algorithm 1 depicts the proposed algorithm in pseudocode.

Algorithm 1 The proposed algorithm in pseudocode.

Require: A set of strategies (actions), an initial state sg

I: 8« Sp
2: while true do
3: if s is coordinated state then
4: select a strategy using € — greedy
5: communicate the strategy
6: receive other strategies
7: calculate the strategy to be followed using vot-
ing
8: execute strategy
9: receive reward
10: transit to a new state s’
11: update g-value
12: else
13: act randomly
14: end if

15: end while

At this point we must focus on two important issues:
when an agent is regarded to be in a coordinated state; and
in what way the procedure of voting is achieved.

Firstly, me must mention that a coordinated team is con-
stituted of at least two agents. Regarding the first issue, an
agent enters into a coordinated state or into an already coor-
dinated team, if it is close enough to another agent or to that
team. Another possibility is to assume that the agents are
coordinated, if they are close to their goal. The closeness of
the agents is defined according to the domain in which they
act. For example, in a real world robotic system the agents
may coordinate their actions if the relative distance between
them is smaller than a predefined threshold.

As for the issue of the voting procedure, two alternative
ways can be considered. We can assume that there is an
agent that plays the role of the leader of the team. This
leader collects the votes from the agents, outputs the final
decision and sends it back to the agents. The other way
is to circulate all the votes among the coordinated agents,



so as each of them can calculate the output locally. In this
work we use the second approach for performing the voting
procedure. We must mention that the agents communicate
with each other only when they are in a coordinated state.

There are two situations where the synthesis of a coordi-
nated team of agents may change. The first case is when an
agent meets the requirements to be coordinated and join a
team. The second is when an agent does not satisfy the con-
ditions to be in a coordinated state any more. Every time
these two situations arise the coordinated agents repeat the
procedure of voting in order to select a new strategy, as the
synthesis of the team has changed.

5 Experiments

In order to evaluate the proposed method we experi-
mented with the predator-prey domain and more specifi-
cally we used the package developed by Kok and Vlassis
[5]. The domain is a discrete grid-world where there are
two types of agents: the predators and the preys. The goal
of the predators is to capture the prey as fast as possible. The
grid is toroidal and fully observable, which means that the
predators receive accurate information about the state of the
environment. Figure 1 shows a screenshot of the predator-
prey domain. The predators are represented as circles and
the prey as a triangle.
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Figure 1. A screenshot of the predator-prey
domain.

We experimented with a 9 x 9 grid, and 1 prey. We used
three different cases for the number of predators: 4, 3 and 2.
The prey follows a predefined policy. It remains still with a
probability of 0.2 and with the rest probability it moves to
one of the four free cells. The predators receive visual infor-
mation within a distance of two cells around them. The prey
is captured when it occupies the same cell with a predator.

The state is defined as the x and y distance from the prey,
to the x-axis and y-axis respectively. For example in Figure
1 the predator at the bottom of the world is in state (1,1) as
the x-distance from the prey is 1 cells and the y-distance is 1

cells. Two or more predators enter a coordinate state when
the prey is in their visual field (2 cells around them). This
means that the coordinated predators are in a small distance
around the prey. Also, we set a default state when an agent
is not in a coordinated state.

As described in the previous section, each of the agents
communicates its vote to the coordinated agents in order
to perform the voting procedure. Along with the vote the
message that is sent from each agent includes the = and the
y distance from the prey so that each of the coordinated
agents knows the relative positions of the others.

In order to define the actions of the agents we use five
different fixed strategies (we make use of the Manhattan
distance):

o1 all predators go straight up to the prey

o9 the nearest predator moves along to the prey and the
rest stay at a distance of 2 from the prey

o3 all the predators go at distance of 3 from the prey

o4 the nearest predator remains still and the others move
along to the prey

o5 all predators go at distance of 2 from the prey

We must mention that in case of ties in the voting procedure,
the winning strategy is the one that proposed by the closest
to the prey predator.

In case of success each of the coordinated predators re-
ceives a positive reward of 40, while in case of collision
with another predator, they receive a negative reward of -
20. We penalize all the coordinated predators because they
all contributed to the decision of following the strategy that
led to the collision. In all the other cases they receive a
reward of -0.001. The uncoordinated predators receive no
reward.

During the training phase, the agents must stochastically
select actions (strategies) in order to explore the state space.
To achieve this aim we make use of the ¢ — greedy action
selection method, where an action « is selected according
to the following rule:

B { a random action with probability €
arg max, (s, a’) with probability 1 — ¢

with € = 0.4 which is discounted during the learning pro-
cess until it becomes zero, in order to fully exploit the ac-
quired knowledge. Also, we set the discount factor y to 0.9.

We compare the performance of our approach (RL-
Voting) against a pure IL approach, a JL approach and a
manual policy. In the IL approach each of the agents main-
tains a Q-table and learns an independent policy without
taking into account the behaviour of the others. The state is



defined as in our approach and the actions are the five pos-
sible movements (left, right, down, up, stay). The predator
that captures the prey receives a positive reward of 40, while
the rest receive no reward. When a collision happens, the
agents that participated receive a negative reward of —20.
In all other cases they receive a small negative reward of
—0.001. Additionally, we set the discount factor v to 0.9
and e to 0.4 in order to have a high exploration degree (dis-
counted during the learning process as in our approach). In
both RL Voting and IL we used Q-learning algorithm.

The JL approach we implemented, is the Sparse Tabular
Q-learning (STQ) [6]. As mentioned in our approach, the
states are distinct in coordinated and uncoordinated. Each
agent maintains a local Q-table for the uncoordinated states
and one shared table for storing the Q-values of the joint
state-action pairs. Two and more agents are regarded to be
in a coordinated state if the prey is in their visual field. The
state is defined as the Manhattan distance of the agents from
the prey and the possible actions are: go straight up to the
prey, stay still, stay at distance (Manhattan) 2 from the prey,
stay at distance 1 from the prey. Finally, the rewards and the
parameters are set to the same values as in the RL-Voting
and IL approaches.

In the manual policy (MP) the predators move randomly,
until they see the prey and then they move towards it.

We run the proposed approach as well as the IL, STQ
methods and the MP 10 times each and we average the re-
sults.

6 Results and Discussion

Figures 2, 3 and 4 show the average capture times (in
number of cycles) of the compared approaches for 2, 3 and
4 predators respectively, for the first 100000 episodes. As
we can notice the proposed approach achieves the best per-
formance in all cases.

Particularly, in the case of the 2 predators our approach
learns quite fast, while the IL method presents important
variations in its behaviour that clearly shows the weakness
of the method. That is the lack of taking under considera-
tion the behaviour of the other agents. Even a simple pol-
icy like MP is substantially better than IL. Additionally, the
curve of STQ decreases quicker than IL approach, which
signifies, that considering joint actions improve the learn-
ing procedure.

As for the proposed method, we can notice that it
achieves a good performance in a small number of episodes,
as it converges at about 20000 episodes, and thereafter it
shows a stable behaviour. This is, due to the reduction of
the state-action pairs that must be learned from the agents
through the use of strategies. Also this behaviour indicates
that the method converges to a single policy. With respect
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Figure 2. Average capture times in the case
of 2 predators.

to STQ, RL-Voting is more effective and shows a stable be-
haviour.
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Figure 3. Average capture times in the case
of 3 predators.

In the cases of the 3 and the 4 predators, Figures 3 and
4 respectively, RL-Voting is the best performing algorithm,
without requiring much time to converge. STQ converges
slower than in the case of the 2 predators, as the insertion of
extra agents increases the joint actions that must be learned
from the predators. In contrast, the proposed approach, is
not affected importantly by the expansion of the predators
number. Moreover, STQ shows rather unstable behaviour in
both cases, which shows that the predators alter their policy
often.

In Table 1, we compare the average capture times of
all methods, for the different numbers of predators. These
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Figure 4. Average capture times in the case
of 4 predators.

results derived from running 20000 episodes each of the
learned policies (IL, STQ, RL-Voting), as well as the man-
ual policy. We observe that the proposed approach improves
its overall performance at about 25.71% in the first situation
(2 to 3 predators) , and 13.21% for the second situation ( 3 to
4 predators). This can be explained by taking under consid-
eration the fact that the addition of agents makes the process
of voting more powerful. More agents (that means more
votes) can contribute from their perspective to the decision
of the whole ensemble. However, adding a great amount
of agents does not necessarily lead the ensemble to take a
correct decision. In this case, a good practise is to prune
(not take into account the votes) the agents that add noise to
the procedure of voting. For example, these agents could be
those that are distant from the target.

As for the STQ algorithm, we notice that when we add
an extra agent (2 to 3) the average capture time decreases
a little which may arises from an increase of the collisions
between the predators.

Table 1. Average capture times for the differ-
ent values of the predators parameter.

Predators | RL Voting STQ IL MP
2 20.48 25.55 4954 28.13
3 15.38 24.11 35.14 25.14
4 13.17 19.23 2872 20.84

Figure 5 shows the average capture time of the proposed
approach, with respect to the episodes of the different values
of the predators. We can observe that the best performance
is obtained in the case of the 4 predators. Also it converges
faster than the other two cases, showing the most stable be-

haviour. This signifies, that the procedure of voting keeps
the predators of the selection of an inappropriate strategy.
Moreover, as mentioned previously, the addition of agents
gives extra strength to the algorithm.
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Figure 5. Average capture time for the differ-
ent number of predators.

The case with the 4 predators converges faster than the
other two cases. This is due to the fact, that the addition
of extra agents does not increase the computational cost, as
the strategies (actions) are not influenced by the number of
the agents. This characteristic offers a great advantage to
the proposed approach. Also, it would be expected that the
more the agents are, the more the collisions will become
which subsequently lead to a slower learning procedure.
This is not happening which means that the agents through
the multi-agent voting, select good strategies to follow and
they avoid actions which may lead them to collisions.

7 Conclusions and Future Work

This paper presented a multi-agent RL approach for the
problem of coordinating a group of agents. In the pro-
posed approach we used strategies as the coordinated ac-
tions that must be learned from the agents, and we import
the feature of voting in the RL technique. Voting is used
as the mechanism to combine the individual decisions of
the agents and output a global decision (or strategy) that the
agents as a team must follow. We compared our approach
with two multi-agent RL techniques and a manual policy,
getting promising results. Also, the experimental results
shown that the proposed approach converges quite fast to a
single policy, achieving good performance. Another impor-
tant observation was the great improvement of the overall
performance of our approach when we add more agents in
the system.



For future work we intend to investigate the applicability
of our approach in real world domains, where the environ-
ments are highly dynamic and noisy. In such environments
we must alleviate the problem of communication, as it may
not be feasible to have any type of communication between
the agents. Additionally, when the agents have limited re-
sources, in robotic systems for example, the communication
may be a power consuming process. In these cases, an al-
ternative way must be followed in order to hand down the
votes among the agents. Also, an interesting extension is
to automatically learn the strategies as in this work they are
predefined and fixed. Having a number of basic strategies
during the learning process theses strategies could be modi-
fied automatically via an evolutionary methodology in order
to improve them.

So far, we assumed that the agents act in a collaborative
domain, where they share a common goal. An interesting
direction is to extend and apply the proposed approach in
competitive environments where the agents have contradic-
tory goals.
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