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Abstract The am of this work is to present a method that helps tuning the reinforcement function parametersin a
reinforcement learning approach. Since the proposal of neural-based implementations for the reinforcement
leaning paradigm (which reduced leaning time and memory requirements to redistic values) reinforcement
functions have become the critical components. Using a particular definition for reinforcement functions (RF), we
solve, in this case case, the so-called exploration versus exploitation dilemma through the careful computation of
the RF parameter values. The proposed algorithm computes, during the exploration part of the learning phase, an
estimate for the parameter values. Experiments with the mobil e robot Nomad 200vali date our proposals.
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1. Introduction

Reinforcament learning (RL) dates back to the erly
days of cybernetics and work in statistics, psychology,
neuroscience and computer science In the last five to
ten years, it has attracted rapidly increasing interest in
the machine learning and artificia intelligence
communities. Its promise is beguling - a way of
programming robds by reward and punishment
without nealing to spedfy how the task (i.e., behavior)
is to be achieved [Kaelbling, 199¢. Reinforcement
learning synthesizes a mapping function between
situations and actions by maximizing a performance
measure of the desired behavior. The reinforcement
signal provided by the reinforcement function (RF)
evaluates the entered stuation relative to the desired
behavior. In reinforcement learning, the behavior is
synthesized by using as a unique source of information
a scalar, the so-called reinforcement, which evaluates
behavior actions: the roba receves either positive or
negative reinforcements according to the utility (i.e.,
desirahility) of the situation entered as a conseguence
of the performed action. It promotes learning of
relevant asociations. There is no separation between a

learning phase and a utilization (or test) phase.
Reinforcament learning alows one, a least in
principle, to bypass the probems of building an
explicit model of the behavior to ke synthesized or a
meaningful learning base neeled for supervised
learning. Models of the environment or of the desired
behaviors are not required.

There has been alot of research related to the isaues of
convergence  [Dayan, 1994; generalization
[Mahadevan, 1997; exploration [Thrun, 1993,
[Zhang, 1996; and memorization [Lin, 1993. A
major milestone in the @urse of RF development has
been the proposal of neural-based implementations,
which reduced learning time and memory
requirements to realistic values, alowing true RL
applications [Sehad, 1994. Therefore, the RF has
become the aitica component. Despite al the
ongoing research, there have been few efforts (if any)
to propose a methodology or define a robust set of
heuristics for the design of RFs. Authors usually report
the building of the RF as an emergent process
involving lots of trialsand errors.
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In sedion 2, we introduce a general definition for a
RF. In sedion 3, we propose an algorithm to compute
during the learning phase the parameter values. In
sedion 4, simulations and experiments involving the
synthesis of avoidance obstacles are mnducted with a
mohile roba (Nomad 200. Finally, we discuss and
conclude the obtained results and future work.

2. A Definition of the RF

A RF should always imply positive, negative, and null
reward [Touzet, 1997]. If there is no positi ve reward,
the evaluation function built during the learning phase
will have "0" as maximum value and the policy cannot
seled effedive actions. If there is no negative reward,
the roba can remain in a dead-end situation forever. If
thereis no null reward, the evaluation function will be
non-continuous at the frontier between positive and
negative situation-action pairs. Thus, a desired ratio of
positive and negative rewards over time during the
exploratory part of the learning phase is mandatory.

Let us consider the foll owing RF expresson, which
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has only one parameter per case (positive and negative
rewards). (Sl,...,su) is the output readings of the

sensors, g1( ) and gy( ) are any kind of functions.

Ei-l if g(s,-...8,) >86,
RF(S,....5,) = O-Lif g,(s,....8,) < 6.
otherwise

For the neal of illustration, we take the @ase of an
obstacle avoidance behavior synthesis for a mobile
roba. How should we define the value of 8+ (res. 6-)
so that it respeds the desired ratios? As down on
figure 1, the sum of the rewards over the number of
moves value varies between 0.0 and 0.7. If B+ is snall,
theroba receves lots of positive rewards, and then the
sum of the rewards will be large. The extreme @se is
when 6+ is 0. As we increase 8+, the total amount of
positive rewards diminishes. It must not reach 100Q
otherwise, the roba would never receve positive
rewards. The same reasoning appliesto 6-.
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Figure 1. Each point of the graphs was ohtained by performing 500successve
moves at random (using a random action generator for the mohil e roba):
al Sum of positive rewards over the number of moves versus the value of 6+ [0 .. 1000].
b/ Sum of negative rewards over the number of moves versus the value of 8- [0 .. 2000].

3. Dynamic Estimation of Parametersin RF

We have derived an algorithm to dynamically compute
during the exploration part of the learning phase the

parameter values. Let us assume that the functions g4(
) and gy( ), that associate the input situation to the RF
value, are non-linear but monotonous. For the sake of



pedagogy, we assime here that g4( ) is deaeasing and
go( ) isincreasing (as $own on fig. 1). Let us call the

variables P+ and p_the desired values or ideal ratios
(for example 0.2 for bath values) that the real
observations of the behavior of (r;. and r_ over time)
should match. The problem is to adjust dynamically
the threshold parameters of the positive and negative
rewards (6+ and 6- ) so that we observe the
convergences of the real observations (r,. and r_ over

time) towards the desired ratio (P+ and p_).

Initi ali zation:

Define €, At k, k; andk, (0<ky,k, <1)
Define the values of p,. and p_,

Choase some initial value for 8, and 6_ ,

Set the initial step for AB, and AB_ .

1. Compute #r+At and #r2 as

t
wi= Y 5()
i=t—At
t
#rlt = > 5(rt1_])
i=t-At
if x=
where d (X,Y) = % otherv>\:ise

p At n
2. 1f (Ar, - p, )G~ ~ p, K O then
0 At 0
A8, =k,N6,
(o p )= o
If (Ar_ — p_)3——-p_-[KO0th
P O At P 0 =
AB_ = K,08_
At 0
. I+
3. S = + -
6, =6, ggné%E P+ %&&,
At 0
s 8. =6, - sqnie - p_ a6,
S|gnD A p L
4. Update:
#rit #rit
Ar, _ cAr__
= At = At

5. If not terminate, then goto 1.

Figure 2. Update Parameters Algorithm.

The principle of the Update Parameters Algorithm
(UPA) as described in figure 2 is to estimate the value

of the real observations r,. and r_ over time. To this
. At At :

end, two variables #I=  and #r-" are defined. They

are the number of positive rewards ocaurring in the

A t
last At iterations (#rfr = Y 6@11) , where
i=t—At

if x= .
o (xy)= % Other\zise) (resp. negative rewards

ocaurring  in the last At iterations

t
#ri= 3 6(rt,—1) ). At is caled the
i=t—At
integration window. (Step 1 of UPA).
Each iteration, the values of #r+At and #r2 are

updated. (Step 4 of UPA).
rAt

If the value is greater than P, then we have

to modify 6, to oltain in the next iterations a value of

#r it
At
relation (gq( )) between #r, and 0, has been defined

closer to the desired value p,. Since the

here (arbitrarily) as monotonoudy deaeasing, an
increment value (A8, ) is added to 6, . In the opposite
At

Iy
case ( At

is snaler than p,), then a deaement

value (AB, ) is sibstracted to 6, . (First part of step 3).

At
If the value

is greater than P_, then we have

modify 8- to oltain in the next iterations a value of

#r-At
At

relation (gp( )) between #r_and O_ has been defined

closer to the desired value p_. Since the

here (arbitrarily) as monotonoudly increasing, a

deaement value (AB.) is substracted to 6_. In the



At

. #
opposite @se ( A

is snaller than p_), then an

increment value (AQ.) is added to 6_. (Sewnd part

of step 3of UPA).
We may have aossed the optimal value for the
threshold O, (resp. 6.) in which case the product

(Ar+ - Ps )El— - Ps iS negative  (resp.
At

(Ar_ - p_)El—— p_L is negative). Each time
O At

this crossng ocaurs, the absolute value of AB, (resp.
AB_) is diminished by a factor kq (resp. ky). (Step 2

of UPA).
The stop conditi ons are given by:
) #r <t #r <
i - an - p-
At P a P

during k iterations, (0 € <1),0r
ii) if the exploration phase has terminated. (Step
5 of UPA).

4. Experiments

We have used the Nomad 200roba (figure 3) in an
experiment of synthesizing an obstacle avoidance
behavior using itsinfra-red (IR) sensors.

Figure 4. One of the arenas used in our experiments.

The typical arena is sown on figure 4. The Nomad
200roba is represented inside the arena. The roba has
16 sensors uniformly distributed around its body.

Figure 3. The Nomad 200mohil e robd.

The value returned by an IR sensor is 255 when there
is nothing in front and O with a nearby obstacle
(however, each value is coded on only 4 hits). The
compl ete definition of the RF function is:

+1if it isavoiding,
-1if a collision aceurs,

or 0 atherwise

The sensor values measure the distance to the
obstacles (the greater the value, the farther the
obstacles). Theroba is avoiding when the airrent sum
of sensor values is greater than the previous one, the
difference being greater than 6+ and a colli sion ocaurs
when the sum of the 8 front sensors is lessxr than
6-.This RF can berewritten as:.



OHLif g((s eSye) Sy, ) > 6,
RF((Sy--+:S;9) {Sp--sSys) ) = OLIf 0,(Sy,e-.S,5) <6
ED  otherwise

where g,((Sys++1S15) Sy ++1S16) ) =(0,(Sy --S10) + Z 1) —(0,(Sy -9+ Zsf"l)

4 16
t _ t t
Oo(S,86) =) Si+ ) Si
i=1 i=13
we ignore some of the sensors (5,6,10,11,12) because they forbid the achievement of good learning performances.

Figure 5 shows the learning curve for 6+ and 6- bath). At the end of the UPA phase, the values for 6+
during the exploration part when UPA is active. The and 6- are 3900 and 11500 (respedively). The
initial values for 8+ and 6— have been set to 0.0 and behavior of r+ and r- during the 500 UPA iterations is
10000, € =0, kq= kp=0.99, At=20, AB, = AB_ = displayed on figure 6.
1.0. The desired ratio o r+ and r- to resped is 0.2 (for
0+ A 0- A
1180 [ .
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Figure 5. 6+ and 6— values during the 500iterations of the UPA phase.
Theinitial values are set randomly to 0.0 and 10000, respedively.
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Figure 6. Values of r+/At and r-/At  during the 500 UPA iterations. The oscill ations are due to the limited size
of the integration window (here At = 20 time steps) and the non-uniform distribution of the encountered
situations. The ojediveisaratio of 0.2 for r+ and r-.



After the 500 UPA iterations, Q-learning started the
pure synthesis of the behavior using a self-organizing
map implementation for memorizing and generalizing
[Touzet, 19979. During the learning phase, the
neurons of the self-organizing map approximate the
probability density function of the inputs. The inputs
are situation, action and the assciated Q value (figure
7). Thelearning phase asciates to each neuron of the
map a Stuation-action pair plus its Q-value. It is a
method of state grouping involving syntactic simil arity
and locality. The number of neurons equals the
number of stored associations. The neighborhood

property of the Kohonen map allows to generalize
across $milar situation-action pairs.

The salf-organizing map is used in the foll owing way:
the best action to undertake in a world situation is
given by the neuron that has the minimal distance to
theinput situation and to a Q value of value +1 (figure
8a). The seleded neuron corresponds to a triplet
(dituation, action, Q value). It is this particular action
that should offer the best reward in the world situation
(fig. 8b).
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Figure 7. The sdf-organizing map implementation of the Q-learning.
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Figure 8. Sdledion of the best action to perform in the world situation.
The Kohonen map is used as an associative memory: information is probed with part of it.
al Theworld situation and a Q value of +1 are given asinputs.
b/ The answer is a seleded neuron which weights give situation, Q value and the associated action.

The learning algorithm updates the Q value weight
and, also, the situation and action weights. The neuron
corresponding to the situation and the action
effedively performed is sleded. The distance used is
different from the exploration process It includes the

Situation and action vedors, but nothing concerning
the Q value. Together with the seleded neuron, the
neighbors are also updated. During the learning, the
influence on the neighbars deaeases inversdy
proportionally to the number of iterations. The



properties (locd representation d the probability
densities) of the self-organizing map allow to predict
that, if a corred behavior islearned (i.e., only positive
rewards are eperienced), then all neurons will code
positive Q values.

In our experiments, there were 16 neurons, a
neighborhood of 4 and 18inputs (16 IR sensor values,
1 action value, 1 Qvalue). Figure 9 shows the
evolution of r+/ t and r-/ t during the experiments.

During the initial 200 iterations, we @n see the
increase of r+/ t and the @rresponding dminution of
r-/ t, representative of a good learning phase. The
remaining 100iterations are used to verify the level of
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Figue 10 dsplays an “ohjedive’ measure of the
performance of the behavior: The distance to the
obstacles. The only combination allowing a distanceto
the obstacles greater than a random move seledion
behavior corresponds to the threshold configuration
given by the UPA, meaning that the used RF
parameters (6+ and 6-) are accurate for this task.
There are 200 learning iterations, after which there is
no more learning for the last 100 iterations. We see
that the learned behaviors avoid obstacles from a
greater distance

re/it.
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Figure 9. Graphs of r+/ t and r-/ t during the 200learning + 100test iterations.
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Figure 10. Distanceto the obstacles vs. number of obstacles encountered during the 3001earning iterations.
(a) isohtained by arandom move seledion behavior (no learning involved),
(b) isthelearned behavior corresponding to the values given by UPA (8+ = 390, 68— = 1150),

(c) correspondsto (6+ = 195, 68— = 2300),
(e) correspondsto (6+ =195, 68— = 1150),
(h) correspondsto (6+ = 390, 68— = 2300) ,

(d)
(f)
(i)

corresponds to (6+ = 780, 6— = 575),
corresponds to (6+ = 780, 6— = 1150),
corresponds to (6+ = 390, 6— = 575).



5. Conclusion

In this paper, we propose to solve in a particular case
the so-called exploration/exploitation problem. Based
on the asaumption that the reinforcement function can
be epresed has a congraint involving only one
threshold parameter per case (8+ - r+, 08— - r-), the
proposed Update Parameter Algorithm (UPA) allows
one to compute during a pure eploration part an
estimation of the RF threshold values. We test the
tuned values using a mohile Nomad 200 roba on a
task of synthesis of an obstacle avoidance behavior.
The performance of the learning was evaluated along
two indexes: Ratio o positive and negative rewards
over time (r+ and r-) and dstance to the obstacles.
Self-organizing maps were used to implement the RL.
Several experiments have been made with values of
the parameters in the RF definition bath closeto o far
from those obtained with the UPA. The results sowed
the validity of the RF thresholds olbtained, suggesting
that further experiments are cetainly needed to really
measure the impact of thesefirst stepsin RF design.

The UPA use has been restricted here to a pure
(without learning) exploration phase. It would
certainly be interesting to be able to use the UPA
during the learning phase as well. However, the non-
uniform distribution of the rewards during the
learning phase imposes modifications of the algorithm
previously described. It is our desire to address this
issein the near future.
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