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Abstract: Q-Learning is a popular non-supervised reinforcement learning (RL) technique that learns an optimal action-
value function characteristic of a learning problem. Due to the complexity of some problems, the number of training
episodes to reach the convergence of the learning problem can increase drastically. In order to fasten the learning speed
of an agent on a particular problem, researchers have been exploring interactive reinforcement learning (IRL), i.e. a way
to interact with an agent so that it does not learn to solve a problem only by itself. This paper proposes an interactive
reinforcement learning to try to fasten the learning speed of an agent. Especially, the combination of an agent asking
for advice and getting advice from supervisors was explored. A simple way to experiment this combination is an agent
evolving on a maze (a gridworld problem) trying to find its path to a fixed goal point. Experiments shows how an
interactive learning agent solve the problem compared to a classical learning agent.
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I. INTRODUCTION

Reinforcement learning methods [1] are quite popular
in the robotic field but classical reinforcement learning
does not work so good in many cases on real environ-
ment. In order to overcome this fact, new reinforcement
learning algorithms, such as policy gradient [2], have
been developed. Another idea was to transform clas-
sical reinforcement learning into interactive reinforce-
ment learning to speed up the learning of behaviors. In-
teractions have been stated in many terms like interac-
tions with a human teacher [3], [4], or incorporation of
advice [5].

There are of several kinds of interactive learning. The
interactions can come from an agent asking for advice
[6] — When it does not know what to do — to an ad-
visor that completely knows the environment. Another
one is a human advisor or a computed advisor that gives
advice to a learning agent to correct its behavior while
learning by giving variable amount of reward/penalty or
directly the action to perform [7], [8]. In multi-agent
systems, advice can come from the other agents as a way
of sharing experience by observing their actions [9], by
being able to evaluate the weight of the other agents ad-
vice [10], by requesting episodic advice to other agents
solving the same kind of problems [11], or by getting in-
formation from other agents about the environment that
the learning agent is not (yet) aware of [12]. On the
other hand, advice can be seen as a way of transferring
information from previous experience to a new similar
situation [13], [14], [15].

In all of those explorations in IRL, the learning was
fastened by the interactions between the learning agent
and the outside world.

In the following chapters, an overview of reinforce-
ment learning will be shown, followed by the presen-
tation of the interactive reinforcement learning method,

which is the proposed method in this paper. After pre-
senting the results of the experiments and their results,
we give the conclusions and future works.

II. OVERVIEW OF TRADITINAL
REINFORCEMENT LEARNING

1. Traditional reinforcement learning

A. Definition

Traditional reinforcement learning is the third mode
of learning where an agent learns to act by itself in an
environment by interacting with this environment and
getting feedback from it. The agent can choose to ex-
plore its environment by acting randomly or to exploit its
knowledge of the environment it got from previous ex-
periences through trial and error. In addition, the learn-
ing agent reinforces the knowledge it gets from experi-
ences by getting a numerical reward when doing a good
action or a penalty when doing wrong or forbidden ac-
tions. The learning agent, by iterating experiences, aims
at taking actions that maximize the sum of the rewards
over the time to find an optimal policy.

B. Algorithm

There exists many kind of reinforcement learning al-
gorithms such as Temporal Difference (TD) learning,
actor-critic learning, Q-Learning.

The basic reinforcement learning model is the follow-
ing one:

• A set of possible states of the environment

• A set of possible actions

• Transition rules to go from the current state to the
next state

The Sixteenth International Symposium on Artificial Life and Robotics 2011 (AROB 16th ’11), 
B-Con Plaza, Beppu,Oita, Japan, January 27-29, 2011

©ISAROB 2011 735



• Rules to determine when an agent receives a reward
or a penalty

Algorithm 1 shows a basic reinforcement learning algo-
rithm.

Algorithm 1 Basic RL algorithm
Initialize the value function arbitrarily
Initialize the policy to evaluate
repeat

Initialize x randomly
repeat

Choose action a from S given by the policy for
x
Take action a and observe r and x′ (the next
state)
Update algorithm’s value function
x← x′

until x is terminal
until

2. Q-Learning

A. Principle

Q-Learning is an online reinforcement learning tech-
nique where the agent evolve in a completely unknown
environment. In Q-Learning, the agent approximates the
policy function directly. Q-Learning algorithm is guar-
anteed to converge under some circumstances.

For this paper, the Boltzman distribution probability
was used for action selection. The Boltzman tempera-
ture factor T included in this distribution is used for the
trade-off of the exploration/exploitation rate.

B. Detailed algorithm

The value function of a state and an action is calcu-
lated by the following equation:

Q(x, a)← (1��)Q(x, a)+�(r+γmax
b∈A

Q(y, b)) (1)

when x is the state of the agent, A the set of possible
actions, a, b ∈ A an action, r the reward, � the learning
rate, and γ the discount rate. The probability of taking
an action is calculated by the Boltzman distribution as
follows:

px(a) =
exp Q(x,a)

T∑
b∈A exp Q(x,b)

T

(2)

At the end of each episode, the Boltzman temperature
factor T is divided by a fixed step, to decrease the explo-
ration rate. The algorithm is run in the following way:

Algorithm 2 Q-Learning
Initialize Q(x, a) arbitrarily
Initialize T at 0
repeat

Initialize x randomly
repeat

Choose action a from S using policy derived
from Q (here the probability action selection)
Take action a and observe r and x′ (the next
state)
Update Q
x← x

until x is terminal
Decrease T

until

III. INTERACTIVE REINFORCEMENT
LEARNING

1. Proposed interactive reinforcement learning
method

In this research, two types of interactive reinforce-
ment learning were combined: asking for advice mode
and getting advice mode.

A. Asking for advice

When the probability for a learning agent to take an
action is almost the same for all the possible actions,
an agent can ask for advice to an advisor. This advi-
sor is completely aware of the environment of the agent
and is considered to know the action that can lead to a
maximum reward. When receiving an answer from the
supervisor on what action to perform, the agent does the
advised action and updates its state-action value as if it
was its own decision.

B. Getting advice

While learning, an agent can receive advice from an
advisor agent that is resolving the same problem. The
supervisor agent can have different level of expertness:
BEGINNER, INTER., and EXPERT. The learning agent
acts differently in function of the expertness level of its
advisor.

C. Constraints

As being in possession of advice from several sources
at the same time may be confusing, to simplify the al-
gorithm it has been decided that an agent cannot ask for
advice and get advice at the same time, with the follow-
ing priority: asking advice is predominant over getting
advice. Moreover, in one episode, only one advisor can
observe an agent to avoid confusing advice.
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2. Overview of the framework

At each step the learning agent calculates the proba-
bility of taking an action. When the agent does not know
what to do, it asks for advice to an advisor, in this case
the A* algorithm, then the learning agent takes the ad-
vised action and updates its map of the state-action val-
ues. After calculating the probability of taking an action,
if the learning agent does not ask for advice, the learn-
ing agent chooses the action it performs. The advisor is
notified of the chosen action the learning agent wants to
perform, and from time to time decides to give an advice
knowing this action and the state of the learning agent.
Finally, when getting an advice, the learning agent acts
and updates its map of the state-action value in function
of the expertness level of the advisor giving the advice.

Fig. 1. System components

3. Details on the framework

To take into account the advice in its policy, a learning
agent gets a variable reward from its advisor every time
it receives an advice. The advisor agent that gives advice
to the learning agent is chosen at the beginning of each
episode randomly. An agent can receive advice only
from advisor agent whose level of expertness is equal
or superior to its own. An agent’s expertness level is
defined the following way:

• BEGINNER: success to resolve the problem <
33%

• INTER.: 33% ≤ success to resolve the problem
< 67%

• EXPERT: success to resolve the problem ≥ 67%

Knowing the expertness level of an advisor agent, the
learning agent acts the following way when getting an
advice:

• BEGINNER: the learning agent take the advised
action but does not update its state-action value.

• INTER.: the learning agent update the state-value
related to the advisor advice, but take its own de-
cided action.

• EXPERT: the learning agent take the advisor ac-
tion and update its state-action value as if it was its
own decision.

IV. EXPERIMENT

1. Maze problem

Fig. 2. Maze problem

A. Principle

For this research, IRL was applied to the grid world
problem. In the case of this research, the grid world is
a simple maze made of impassable walls. The principle
of this problem is the following one: an agent is posi-
tioned on a randomly chosen starting point on a maze,
and tries to find its path into the grid world to reach
the goal. The agent can perform four possible actions:
Direction={UP, DOWN, LEFT, RIGHT }. The follow-
ing rules are applied: the agent receives a reward when
reaching the goal and a penalty when trying to go on a
wall or outside of the maze, otherwise nothing. If the
selected action is a valid action (not a wall, or not the
outside of the maze),the agent performs the selected ac-
tion, otherwise it remains at the same place. The agent
updates its action-state values after each move. When
the agent reaches the goal the episode is interrupted and
the agent is ready to begin a new episode. During an
episode the maximum number of move is limited to the
number of squares of the maze, that is to say, the maze
width multiplied by the maze length.
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B. Parameters details

A transition is a pair of (agent-state, direction). An
advice consists of a reward or penalty and a transition.
To determine when an agent can ask for advice, instead
of asking randomly, it calls the advisor only when the
difference between the highest and the lowest probabil-
ity of taking a direction is lower than threshould δ. A
agent gives to a learning agent an advice the following
way: If the learning agent selected action correspond to
the agent highest state-action value, then it gives an ex-
tra reward to the learning agent for this action. If the se-
lected action correspond to the lowest state-action value,
it gives an extra penalty to the learning agent. Other-
wise, the agent gives the learning agent the next action
to perform with an extra reward. The framework has
been tested on different sizes of maze: 10x10, 15x15,
20x20, 25x25. The numbers of walls and their place
in the maze are set randomly. Three difficulty types of
maze were created. The simplest type of maze is cov-
ered by 0 to 25% of wall squares, the normal type by 25
to 50% of wall squares, and the most difficult one by 50
to 75% of wall squares.

The exploration rate was also tested by using different
coefficient steps to decrease the exploration rate during
the learning (step = 2, 5, 10).

Each mode has been run separately before being com-
bined as a base of comparison.

2. Evaluation index

The success rate of an agent to resolve the gridworld
problem is evaluated as the number of time an agent
succeed in reaching the goal from each possible starting
points divided by the number of possible starting points.
At the end of each episode, the success rate of the agent
is calculated by proceeding to an offline turn where the
action decision is greedy and where there is no update of
the state-action values. The evaluation index is defined
as the number of episodes it takes to reach a high success
rate. When the learning speed is high then the number of
required episode to reach the convergence point is low.
On the contrary, with a low learning speed, the number
of required episodes is high.

Fig. 3. Illustration of evaluation index

3. Case study

The performance of the proposed method is compared
with traditional Q-Learning method. The interactive
reinforcement learning with asking for advice method
and getting advice method was employed for the perfor-
mance evaluation.

A. Influence of size

The influence of the size was evaluated by increasing
the size of the maze. The results show that the proposed
method as well as the other type of interactive reinforce-
ment learning increases the learning speed of the agent
and that the success rate converge quicker than with tra-
ditional Q-Learning.

Fig. 4. Influence of the size on the success rate

B. Influence of difficulty

The influence of the difficulty of the maze was tested
by increasing the number of walls in the maze. The
results show that by increasing the number of walls,
the traditional Q-Learning agent needs more episodes to
converge to a 100% success rate, but with the proposed
IRL the learning speed remains higher than with clas-
sical Q-learning, at least at the beginning for the most
difficult mazes.

C. Size evaluation

We can observe that for the most difficult and biggest
maze after showing good results at the beginning of the
learning there is a decreasing peak in the success rate for
the proposed method and the ask for advice mode after
around a hundred of episodes. This phenomenon can be
considered as a loss of memory since the agent forgets
what he learned with its advisor.
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Fig. 5. Influence of the difficulty on the success rate

Fig. 6. Size evaluation for a small and difficult maze

V. CONCLUSION

A method combining two types of interactive rein-
forcement learning to speed up behavior learning was
proposed. The first one is an agent asking for advice
and the second one an agent getting advice from other
agent. According to the numerical experiments, the pro-
posed method showed good result at the beginning of
the learning but still has rooms to improve performance.
In future work, the following actions should be done:

• To have stable performance which does not depend
on the number of episodes, the proposed method
should be combined with other methods.

• The candidate complementary methods are col-
laborative reinforcement learning where several
agents on the same maze can spy on each other ac-
tions

Fig. 7. Size evaluation for a big and difficult maze
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