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Abstract. In many Multi Agent Systems, under-education agents investigate
their environments to discover their target(s). Any agent can also learn its
strategy. In multitask learning, one agent studies a set of related problems
together simultaneously, by a common model. In reinforcement learning
exploration phase, it is necessary to introduce a process of trial and error to learn
better rewards obtained from environment. To reach this end, anyone can typ-
ically employ the uniform pseudorandom number generator in exploration
period. On the other hand, it is predictable that chaotic sources also offer a
random-like series comparable to stochastic ones. It is useful in multitask
reinforcement learning, to use teammate agents’ experience by doing simple
interactions between each other. We employ the past experiences of agents to
enhance performance of multitask learning in a nondeterministic environment.
Communications are created by operators of evolutionary algorithm. In this
paper we have also employed the chaotic generator in the exploration phase of
reinforcement learning in a nondeterministic maze problem. We obtained
interesting results in the maze problem.

Keywords: Reinforcement learning � Evolutionary Q-Learning � Chaotic
exploration

1 Introduction

In a multi agent system it usually is demanded to discover or observe its environment to
attain its target. In a multi agent system, each agent has only a limited outlook of its
own locality. In these cases each agent tries to discover a local map of its environment.
It is useful for agents to share their local maps in order to aggregate a global view of the
environments and to cooperatively decide about next action selection (Vidal, 2009).

Multitask learning (Caruana, 1997) is an approach inmachine learning in that it is tried
to learn a problem together with other related problems simultaneously, by means of a
sharedmodel. This often results to an improvedmodel for the main task, because it permits
the learner to employ the commonality among the related tasks (Wilson et al., 2007).
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In reinforcement learning, agents learn their behaviors by interacting with an
environment. An agent senses and acts in its environment in order to learn to choose
optimal actions for achieving its goal. It has to discover by trial and error search how to
act in a given environment. For each action the agent receives feedback (also referred to
as a reward or reinforcement) to distinguish what is good and what is bad. The agent’s
task is to learn a policy or control strategy for choosing the best set of actions in such a
long run that achieves its goal. For this purpose the agent stores a cumulative reward
for each state or state-action pair. The ultimate objective of a learning agent is to
maximize the cumulative reward it receives in the long run, from the current state and
all subsequent next states along with goal state (Sutton et al. 1998; Sutton et al., 2007;
Kaelbling et al., 1996).

If the size of problem space of such instances is huge, instead of original rein-
forcement learning algorithms, evolutionary computation could be more effective.
Dynamic or uncertain environments are crucial issues for Evolutionary Computation
and they are expected to be effective approach in such environments (Jin et al. 2005).

In this work we found that by means of communications between learning agents
gets better the performance of multitask reinforcement learning. In order to apply
straightforward and efficient communications between the agents in a nondeterministic
environment, we have used genetic algorithm. Also, because of using genetic algo-
rithms, it is possible to preserve the past practices of agents and to trade experiences
between agents.

In the rest of the article, the literature review of the field can be presented in next
section.

2 Literature Review

2.1 Reinforcement Learning

In reinforcement learning problems, an agent must learn behavior through trial-and-
error interactions with an environment. There are four main elements in reinforcement
learning system: policy, reward function, value function and model of the environment.
The model of the environment simulates the environment’s behavior and may predict
the next environment state from the current state-action pair and it is usually repre-
sented as a Markov Decision Process (MDP) (Vidal, 2009). An MDP is defined as a
4-tuple < S,A,T,R > characterized as follows: S is a set of states in environment, A is
the set of actions available in environment, T is a state transition function in state s and
action a, R is the reward function. Taking the best action available in a state is the
optimal solution for an MDP. An action is best, if it collects as much reward as possible
over time.

In this case, the learned action-value function, Q : S� A! R, directly approxi-
mates Q*, the optimal action-value function, independent of the policy being followed.
The current best policy is generated from Q by simply selecting the action that has the
highest value from the current state.

Multitask Reinforcement Learning in Nondeterministic Environments 65



Qðs; aÞ  Qðs; aÞ þ a r þ cmaxa0 Q s0; a0ð Þ � Q s; að Þ½ � ð1Þ

In Eq. 1, s, r, α and Γ denote state, action, learning rate and discount-rate parameter
respectively. In this case, the learned action-value function, Q, directly approximates
Q*, the optimal action-value function, independent of the policy being followed.

Algorithm 1. Q- Learning.

Q-Learning Algorithm:

Initialize Q(s,a) arbitrarily 
Repeat (for each episode):
Initialize s
Repeat (for each step of episode):

Choose a from s using policy derived from Q
(e.g., ε-greedy)

Take action a, observe r, s’

)],(),(max[),(),( ''
' asQasQrasQasQ

a
−++← γα

'ss ←
Until s is terminal

The pseudo code of Q-learning algorithm is shown in Algorithm 1. One policy for
choosing a proper action is ε-greedy. In this policy agent selects a random action with a
chance ε, and the current best action is selected with probability 1 − ε (where ε is in
[0,1]).

Algorithm 2. Archive based EC. 

01 Generate the initialize population of x individuals 
02 Evaluate individuals
03 Each individual (parent) creates single offspring
04 Evaluate offsprings
05 Conduct pair-wise comparison over parents and offsprings
06 Select the x individuals, 

which have the most wins, from parents and offsprings 
07 Stop if halting criterion is satisfied. 

Otherwise go to Step 3

A large number of studies concerning dynamic or uncertain environments that have
been performed so far have used Evolutionary Computation algorithms (Goh et al.,
2009). The fitness function in EC algorithm is defined as total acquired rewards. The
algorithm is presented in Algorithm 2.
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2.2 Evolutionary Computations in RL

In a recent work Beigi et al. (2010; 2011) have presented a modified Evolutionary
Q-learning algorithm (EQL). Also, they have shown there the superiority of EQL over
QL in learning of multi task agents in a nondeterministic environment. They employ a
set of possible solutions in the process of learning of agents. The algorithm is exhibited
in Algorithm 3.

Algorithm 3. EQL.

01 Initialize Q(s,a) by zero  
02 Repeat (for each generation):
03 Repeat (for each episode):
04 Initialize s
05 Repeat (for each step of episode):
06 Choose a from s using policy derived from Q

(e.g., ε-greedy)
07 Take action a, observe r, s’

08
'ss ←

09 Until s is terminal
10 Add visited path as a Chromosome to Population
11 Until population is complete
12 Do Crossover() by CRate
13 Evaluate the created Childs
14 Do tournament Selection()
15 Select the best individual for updating Q-Table as follows: 
16 )],(),(max[),(),( ''

' asQasQrasQasQ
a

−++← γα
17 Copy the best individual in next population
18 Until satisfying convergence

2.3 Chaotic Methods in RL

Chaos theory studies the behavior of certain dynamical systems that are highly sensitive
to initial conditions. Small differences in initial conditions (such as those due to
rounding errors in numerical computation) result in widely diverging outcomes for
chaotic systems, and consequently obtaining long-term predictions impossible to take in
general. This happens even though these systems are deterministic, meaning that their
future dynamics are fully determined by their initial conditions, with no random ele-
ments involved. In other words, the deterministic nature of these systems does not make
them predictable if the initial condition is unknown (Kellert, 1993; Meng et al., 2008).

As it is mentioned, there are many kinds of exploration policies in the reinforce-
ment learning, such as ε-greedy, softmax, weighted roulette. It is common to use the
uniform pseudorandom number as the stochastic exploration generator in each of the
mentioned policies. There is another way to deal with the problem of exploration
generators which is to utilize chaotic deterministic generator as their stochastic
exploration generators. As the chaotic deterministic generator, a logistic map which
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generates a value in the closed interval [0 1] according to Eq. 2, is used as stochastic
exploration generators in this paper.

xtþ1 ¼ alpha xt 1� xtð Þ ð2Þ

Algorithm 4. CEQL.

01 Initialize Q(s,a) by zero  
02 Repeat (for each generation):
03 Repeat (for each episode):
04 Initialize s
05 Repeat (for each step of episode):
06 Initiate (Xcurrent) by Rnd[0,1]
07 Repeat 
08 Xnext=η * Xcurrent * (1- Xcurrent)
09 Until (Xnext - Xcurrent <ε)
10 Choose a from s using Xnext
11 Take action a, observe r, s’

12
'ss ←

13 Until s is terminal
14 Add visited path as a Chromosome to Population
15 Until population is complete
16 Do Crossover() by CRate
17 Evaluate the created Childs
18 Do tournament Selection()
19 Select the best individual for updating Q-Table as follows:

)],(),(max[),(),( ''
' asQasQrasQasQ

a
−++← γα

20 Copy the best individual in next population
21 Until satisfying convergence

In Eq. 1, x0 is a uniform pseudorandom generated number in the [0 1] interval and
alpha is a constant in the interval [0 4]. It can be showed that sequence xi will converge
to a number in the [0 1] interval provided that the coefficient alpha be a number near to
and below 4. It is important to note that the sequence may be divergent for the alpha
greater than 4. The closer the alpha to 4, the more different convergence points of the
sequence. If alpha is selected 4, the vastest convergence points (maybe all points in the
[0 1] interval) will be covered per different initializations of the sequence. So here alpha
is chosen 4 to making the output of the sequence as similar as to uniform pseudo-
random number (Morihiro et al., 2004).

3 Interaction Between Agents

An interaction occurs when two or more agents are brought into a dynamic relationship
through a set of reciprocal actions. During interactions, agents are in contact with each
other directly, through another agent and through the environment.
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Multi-Agent Systems may be classified as containing (1) NI- No direct Interactions,
(2) SI- Simple Interactions and (3) CI- Complex, Conditional or Collective Interactions
between agents (Ngobye et al., 2010). SI is basically one-way (may be reciprocal)
interaction type between agents and CI could be conditional or collective interactions.
In NI, agents do not interact and just do their activities with their knowledge. In such
models of MAS, inductive inference methods are used.

Some forms of learning can be modeled in NI MAS, in this case the only rule is:
“move randomly until finding goal”. Agents learn from evaluating their own perfor-
mance and probably from those of other agents, e.g. looking at other agents’ behavior
and how they choose the correct actions. Therefore, agents learn either from their own
knowledge or from other agents, without direct interaction with each other.

Basically, while the RL framework is designed to solve a single learning task, and
such a concept as reuse of past learning experiences is not considered inside it, there are
lots of cases where multiple tasks are imposed on the agents.

In this paper, we try to apply interactions between learning agents and use the best
experiences have achieved by agents during multi task reinforcement learning.

4 Implementation

4.1 Maze Problem

Suppose that there are some robots in a gold mine as workers. The tasks of robots are to
explore the mine to find the gold that is in an unknown location, from the start point.
The mine has a group of corridors which robots can pass through them. In some of
corridors there exist some obstacles which do not let robots to continue. Now, assume
that because of decadent corridors, it is possible that in some places, there are some
pits. If a robot enters to one of the pits, it may be unable to exit from the pit by some
moves with a probability above zero. If it fails to exit by the moves, it has to try again.
It makes a nondeterministic maze problem. The effort is to find the gold state as soon as
possible. In such problems, the shortest path may be not the best path; because it may
have some pit cells and it leads agent acts many movements until finding goal state.
Thus the optimum path has less pit cells together with shorter length.

The defined time to learn a single task is called Work Time (WT). In such non-
deterministic problem suppose that the maze is fixed in a WT. during a WT; agent
explores its environment to find the goal as many times as possible during learning.

In mentioned dynamic version of mine problem, assume that, it is possible to repair
the pits immediately even during a WT but some other pits may be generated in other
locations. It means that, in dynamic version of the problem, number of pits is fixed but
their locations may be changed.

It is necessary to have interactions between agents to exchange the promising
experiences achieved through trial-and-error exploring of the maze. A simple inter-
action approach can be modeled by evolutionary computations.
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4.2 Simulation

Assume that a number of robots are working in a mine and their task is to search for
gold from an initial point. The mine has a group of corridors which robots can pass
through them. In specific paths there exist some barriers which do not let robots to
continue. Now, suppose that because of decadent corridors, it is possible that in some
places, there could be some pits.

If a robot enters to such pits, it may be not to able exit from that pit with probability
above zero by some moves. If it fails to exit by the moves, it has to try again. The aim
of robots is finding the gold state as soon as possible. Note that the robots can use their
past experiences.

In such problems, the shortest path may be not the best path; because it may have
some pit cells and it leads agent acts many movement until finding goal state. Therefore
the optimum path has less pit cells and short length. So applying an evolutionary
version of Q-learning is more useful.

For validation of the proposed algorithm we turn to a modified version of Sutton’s
maze problem which is depicted in Fig. 1. The original Sutton’s maze problem consists
of 6 × 9 cells, 46 common states, 1 goal state and 7 collision cells (gray cells in Fig. 1).
An agent can occupy each common state. It can’t pass through collision cells. For each
agent, there are at most four actions in each state to take: Up, Down, Left, and Right.
The original Sutton’s Maze problem is a deterministic problem (Sutton and Barto
1998).

In nondeterministic version of the problem one adds a number of probabilistic cells
or holes (hachured cells in Fig. 1). An agent can’t leave each of the holes by its taken
actions certainly and it is probable for them to remain in their previous states. That is,
they have to stay the same cell with above zero probability; this probability is sampled
from Normal distribution with average = 0, and variance = 1. For example, if an agent
take Left action in a hole with transition probability according to Fig. 2a, next state may
be the same state with probability of 0.6.

Agents will gain a reward +1, if they reach goal state. All other states don’t give
any reward to agents. There is no punishment in the problem.

4.3 Actions

Each action of agent could be an MDP sample such as delineated in Fig. 2.
Right part shows certain case which in it agents move to next state by choosing any

possible action with probability equal 1. On the other hand left part reveals that it is
possible that the agents cannot move to next state by choosing any possible action and
it would remain in its position. For some do actions.

These MDPs presented to learning algorithm sequentially. The presentation time of
each problem instance is enough to learn. The problem is to maximize the total
acquired rewards for lifespan. Agents return to start state after arriving goal state.
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5 Experiments and Results

A set of experiments have been conducted in nondeterministic case. In the mentioned
circumstance, magnitude of PCs is set to 25 throughout all the experimentations.
A particular experimentation is created of 100 individual tasks. Each task represents a
valid path strategy of an agent from start state to goal state. It includes a two dimensional
array of the state-action pairs which the agent has tripped. A valid path is the track of
agent states starting from initial state and ending to goal state, if agent has achieved the
goal before the defined Max Steps. In other words, if an agent can discover the goal state
before it reaches the defined Max Steps, its trajectory is accepted as an individual; and
then it is inserted to initial population. Through these chromosomes, past obtained
experiences of agents is maintained. In this case Max Steps is designated to 2000. Each
individual has a numeric value which is calculated by Value Function.

Population size is set to 100. In every epoch, a two-point crossover method is used.
Truncation selection is applied to the algorithm.

Table 1 summarizes experiment results in nondeterministic mode. As it can be
inferred from the Table 1, by using interactions between agents and then applying the
best achieved experiences (instead of no interaction mode), results in considerably
improvement in all three terms of Best average, Worst average and Total average of
path lengths.

Usage of Evolutionary Q-Learning in Original Q-Learning results in a 5.09 %
improvement. It has shown that the usage of chaotic pseudorandom generator instead of
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S 

Fig. 1. Modified Sutton’s maze.
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Fig. 2. Actions MDP models.
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stochastic random generator results in a 6.85 % improvement. This isn’t unexpected that
usage of interactions and experience exchanges and in addition chaotic generator in
reinforcement learning algorithm can improve the results. Because it is explored in
(Morihiro et al., 2004) before and the superior of chaotic generator over stochastic
random generator in exploration phase of reinforcement learning has been shown. Also
as it is reported in (Jiang, 2007) the evolutionary reinforcement learning can improve
the average found paths significantly comparing with the average paths found by the
original version.

6 Conclusion

Learning during cooperating with environments and other agents is a general problem
in the context of multi agent system. Multitask learning lets some related tasks to be
together learned by means of a combined model. In this field, learners employ the
commonality among the tasks. Also reinforcement learning is a type of learning agent
concerned with how an agent should choose actions in an environment in order to get
the most of agents’ reward. RL is a useful approach for an agent to learn its policy in a
nondeterministic environment. However it is considered such a time consuming
algorithm that it can’t be employed in every environment.

We found that existence of interaction between agents is a proper approach for
betterment in speed and accuracy of RL methods. To improve performance of multi
task reinforcement learning in a nondeterministic environment, we store past experi-
ences of agents. By simulating agents’ interactions by structures and operators of
evolutionary algorithms, we explore the best exchange of agents’ experiences. We also
switch to a chaotic exploration instead of a random exploration. Applying Dynamic
Chaotic Evolutionary Q-Learning Algorithm to an exemplary maze, we reach signifi-
cantly promising results.

This can be inferred from experimental results that employing chaos as random
generator in exploration phase as well as evolutionary-based computation can improve
the reinforcement learning, in both rate of learning and its accuracy. It can also be
concluded that using chaos in exploration phase is efficient for both evolutionary based
version and non-evolutionary one.

Table 1. Effect of using interactions between agents in nondeterministic environment.

Without interactions With interactions
Algorithms OQL CQL* EQL CEQL* Improvement CEQL

to OQL

Best average of path
length

54.26 60.49 28.34 25.11 53.7 %

worst average of path
length

1600.00 1500.33 66.79 99.99 93.7 %

Total Average of path
length

449.11 418.33 42.47 40.30 91 %
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