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Abstract learning algorithm task is to improve the
cumulative reward over time. Despite all

This paper is concerned with the improvemengfforts, it happens too often that the resulting
of reinforcement learning through the use of€havior maximize rewards, but does not
forbidden sequences of actions. A givergXpress the expected behavior. In this case, the
reinforcement function can generate mu|tip|eusual_ solution is to modified the reinforcement
effective behaviors. Each behavior is effectivdunction so as to introduce a new constraint
only considering the cumulative reward overelated to the behavioral aspect to express. It
time. It may not be the behavior expected bynay also be impossible, in particular if the
the designer. In this case, the usual solution ®€havior must take into account long
to modified the reinforcement function so as teseéquences of actions. Alternatively, we
introduce a new constraint related to théropose not to modify the reinforcement
behavioral aspect to express. Alternatively, wdunction, but to add to the learning an external
propose not to modify the reinforcementmodule containing generic forbidden
function, but to add an external moduleSequences of actions.

containing generic forbidden sequences of . ) ) o .\
actions. Experiments with the real miniatureln this paper, we will only discuss a "simple
robot Khepera in a task of learning an obstacléask: the learning of an obstacle avoidance
avoidance allow to confirm the interest of thisPehavior for the miniature robot Khepera. The

approach. reinforcement function has been given in [1].
It does not express any constraints on the
Key Words covered distance. A self-organizing map

implements the Q-learning. Other

Reinforcement learning, obstacle avoidance/€inforcement learning methods, like AHC [2]

sequence, self-organizing map, autonomouday be more effective on the chosen task, but
robotics we are only looking for an illustration of the

use, and of the interest, of forbidden sequences
. in the improvement of the matching between
1. Introduction expected and obtained behavior.

This paper is concerned with the application oDur general methodology is the following.

reinforcement learning to the control of a reakirst, we select a real environment, a robot and
robot that acts in a real environment. Lots of target behavior that we want the robot to
references are available for improving theexhibit in the environment. Then, we design a
performance of the learning algorithm, but fewreinforcement function that is the same for all
works have been done on the design of thexperiments. Finally, we execute a number of
reinforcement functions. Reinforcementexperiments to see whether the expected

functions are usually hand-tuned and emerggehavior emerges and we analyze the effect of
after lots of experiments. The reinforcement



forbidden sequences of actions on the robot's
behavior.

In this paper, we present the results of a
research aimed at improving reinforcement
learning through the use of forbidden
sequences of actions. In section 1, the tool and
environment of our experiments is presented,
in particular the miniature robot Khepera.
Section 2 presents the reinforcement function
used here for the learning of an obstacle
avoidance behavior.. In section 3, a self
organizing map implementation of Q-learning.
gives results that will serve us as benchmark.
Results of the learning are reported in two Fig. 1 The robot Khepera

different ways: evolution of the Q-values and

performance over time. The resulting3 The reinforcement function

behaviors, presented in section 4, exhibit a*

great diversity of covered distances.thq 45k Khepera must perform is to move

Explanations are reviewed. Section 5 proposégyard when possible and avoid obstacles.
the use of forbidden sequences of actions t

- ; Pwo behaviors are involved. One, with a
force the learning of the expected behavior. "F]igher priority, moves forward and a second
section 6, several experiments allow t '

. . Oproposes avoidance actions. The first behavior

demonstrate the interest of forbiddens oo 'simple; i. e. move forward when nothing

sequences of actions. Concluding remarks aig€ jetected by the sensors, that it is of no

given in section 7. interest here. On the contrary, the second
.. involves knowing how much to turn and in

2. The miniature robot KHEPERA which direction so as to avoid the obstacles.
) o ) The environment is an arena of A4 size.

Khepera is a miniature robot [3] having aObstacles are film cans or whatever is suitable

diameter of 6 cm and a weight of 86 g (Fig. 1)(lipstick, eraser, etc.). Obstacles are put in the

Two independent wheels allow the robot toarena at the beginning of the experiment or

move around. The number of possible actionguring the learning phase.

is reduced to four hundreds. Eight infra-redThe ~ robot receives the following

sensors help the robot to perceive itgeinforcement signals for avoiding:

environment. The detection range is between 5 I -

and 2 cm. Sensor data are real values between *+1Iif itis avoiding, or

0.0 (nothing in front) and 1.0 (obstacle -1 if a collision occurs, or

nearby), each data is coded on ten bits. All the O otherwise.

measurements depend largely on variou . -

factors like the distance from the obstacle, thjhe robot is avoiding when the present sum of

color, the reflectance, the vertical position, etcS€Nsor values is smaller than the last one, the

The computational power of the robot isdifference been superior to 0.06. Acollision

equivalent to a M68030. Energy autonomy i€2ccurs when the sum of the six front sensor
th?rty minutes. 4 y values is superior to 2.90 or the sum of the two

back sensor values is superior to 1.95.
Threshold values like (0.06, 2.90, 1.95) have
been determined after extensive experiments.

4. Experiments with a self-organizing
map implementation



of the Q-values of all the neurons during the
A self-organizing map (SOM) [4] is used tolearning phase: the global performance of the
store the Q-values. The learning phaseobot is increasing.
associates to each neuron of the map a

situation-action pair plus its Q-value. The 1

number of neurons equals the number of

stored associations. After some experiments, a 0,5 g
size of sixteen neurons is selected. There are s _u-n"

176 connections (11 x 16). ot+—+—+—+—+—++-

12345102050
In all experiments, Khepera uses a random
number generator to control the randomness d¢fig. 3 Mean Q-values of all neurons during the
action selection. The randomness decreaseslearning phase. The global performance is
proportionally to the inverse of the number of increasing: the resulting behavior is correct.
iterations. It is a crude strategy for active The number of iterations has to be multiplied
exploration, but sufficient for our experiments. by 10.

5. Diversity of the obtained behaviors
Results

_ However, despite positive Q-values for all
The usual way of presenting the performancections, the obtained behavior does not always
is to plot the cumulative reward over time. It ISexpress the expected behavior. For example,
the number of correct actions performed fromhe |earned behaviors show a large distribution
iteration 1 to iteratiort divided by the number of covered distances. Fig. 4 displays four
of iterations {) [5]. An action is considered cyrves corresponding to four different
COI‘I’eCt if it doeS not generate a.C0”|$|0n.experiments_ Behaviors may d|Sp|ay a
US|ng Only the re|nf0rcement funCt|0n g|Venpredi|ection for forward moving, or for

above, Fig. 2 displays three different trials:packward moving, or for small movements, or
after 500 |eamlng Iiterations the behaV|0r |Sor Change in their po”cies during the

correct. experiment.
Reinf.ﬁt.4 Distance
1.0
0.9 5000 A
08 4000
0.7 3000
0.6 2000
0.5 1000 -
0.4 0 4
r T T T Ll B
0 200 i) 60 80 -1000

Iterations 2000 1
Fig. 2 Three self-organizing map learning
curves. The first 500 iterations correspond to  -3000 7
the learning phase. -4000 . , , — -
0 200 400 600 :
The topology preserving mapping property of lterations
the self-organizing map allow to verify that the
behavior is correct. During the learning, the Q Fig. 4 Distances covered by Khepera during
values become positive for all the neurons: the four different experiments of learning an
actions undertaken in the encountered obstacle avoidance behavior. Behavior (a)
situations are correct. Fig. 3 displays the meagisplays a predilection for forward moving, (b)




prefers backward moving, (c) prefers small
forward movements, (d) changes its policy atAll these sequences modify the exploration
the end of the learning phase (500 iterations)function. The effect is to suppress the

eligibility of actions in a given situation (and a

There was also another possible behavior, bgfiven historical context). On the SOM
it was so annoying that we have prefer tamplementation, the second closest neuron is
forbidden it mechanically. It is moving selected instead of the first.
forward to an obstacle, stop before the sum of
the sensor values is superior to the threshold, Experiments
and then moving backward, and doing it all
again and again. This sequence of actions -, ered
maximizes rewards, but it is too far from an distance
obstacle avoidance behavior. 100001 -
It is quite impossible to modify the
reinforcement function so to take into account
things like: not doing an action and then its 8000
opposite, or not doing too many small
movements, or not doing only backwards gooo
avoidance. This comes form the fact that ther¢
IS no concept of state in the SOM
implementation of Q-learning. The only way 4000
to deal with time delay is due to the Q-learning
[6] updating equation (1), but this equation 2000
solves only part of the temporal credit
assignment problem. Its efficiency is limited
on a large sequences of actions.

QK, a)new =Q(x ,a)old + B( +y.Max  -1000 ! . . . . g

Q(x’, a)-Q(x ,a)old) (1) 0 200 400 600 800 1
Number of iterations

wherea is an actionx is the input statex' is
the state after executing in x, r is the Fig. 5 displays the covered distances of four

immediate reward, R andequals 0.5 and 0.9 experiment (a, b, c, d) . They are different,
respectively. depending on the initial random conditions.

6. Forbidden sequences of actions

We propose to improve the learning with the

use of a set of forbidden sequences of actions.
We indicate for the three mentioned problems
the corresponding sequences of actions to
forbid.

1/ Moving back and forth-> Alternated
sequences of actions having the same absolute
values.

2/ Small movements> long sequences of
actions having small absolute values.

3/ Backward avoidance> Long sequences of
actions having negative values.




be difficult to tune the reinforcement function,

Nb. of forbidden so we have add an external module containing
sequences generic forbidden sequences of actions. It is a
4 way for the combinational implementation of
60 |- Q-learning to deal with time delay.
Experiments with the real miniature robot
50 |- Khepera in a task of learning an obstacle
avoidance confirm the interest of this
approach.
40 |
Our experiments involve no speed-up
20 |- techniques other than generalization of the
self-organizing map. It would be interesting to
test the impact of forbidden sequences on
20 | other methods like experiment replay, action
models, teaching [7], Dyna model [8],
10 | generalization with Hamming distance or
clustering [9], etc.
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Fig. 6 shows the number of forbidden
sequences used per experiment. Not all
experiment need a large implication of this
module, but it can be necessary, i. e.
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