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Abstract

We presert SOS++, a bioinspired method combining

evolution and learning, allowing the automatic design
of the controller of autonomous agerts, described as a
nite-state machine. The application of this method to
well-known problems, for example the follow-up of a trail

or the resolution of a maze, led to the emergenceof some
behaviors we could qualify asintelligent. Moreover, it is
possibleto usethe method in a hierarchical way in order
to obtain complex behaviors starting from a set of basic
actions. We have usedan algorithm which is a variation

of reinforcement learning with a reward adapted to the
degreeof uncertainty of the performed prediction.

Intro duction

According to Brooks' work (Brooks 1999), the best way
to program an autonomous robot is to provide it with
a set of basic behaviors and to let more complex behav-
iors emergeby interactions between the robot and the
environment.

The robot's creator must designthe body, thus choos-
ing a set of possiblebasic actions and perceptions: the
actions are implemented by actuators (motors, for exam-
ple), and the perceptionsof the environment are acquired
by sensors. The designerthen implements some sim-
ple behaviors as a sequenceof basic actions commanded
by a controller, generally a neural network. More com-
plex behaviors appearin an autonomousway, by learning
and/or ewolution of the cortroller while interacting with
the ervironment. This sameprinciple can be applied, in
a more generalway, to the designof autonomousagerts.

In this paper we presen another approach, using -
nite state machines (FSM) to implement the cortroller.
As in the precedingcase,the FSM cortrolling a complex
behavior is the result of an autonomousprocessof inter-
action with the environment, using bioinspired methods
of ewolution and learning.

After a section explaining the bioinspired basis of our
approach, we presert a rst method using a variation
of reinforcemert learning illustrated by a solution of the
well-known Sarta Fe trail problem (Koza 1992). Evo-
lution is not always important for this rst method (a

solution for the Sarta Fe trail is found during the rst

generation,for example)and, in fact, provesto be unable
to provide solutions to more complex problems (the Los
Altos Hills trail (Koza 1992), for example). In the next
section,we present a secondmethod, using two hierarchi-
cal levels of FSM: we added a set of FSM-implemented
macroactionsto the basic simple actions. This method
nds a solution to the problem of Los Altos trail, but the
designerhasa more important cortribution: the rst hi-
erarchical level of FSM, implementing the macroactions,
is the result of her work and not the result of evolu-
tion or learning. We then presert a third method, where
ewolution plays a greater role, that nds very interesting
solutions for complex problems such as the Los Altos
trail or the Wiering and Schmidhuber maze (Wiering

& Sdmidhuber 1997) using only the set of basic actions
(e.g.,our method is ableto nd sequence®f actions that
can be reusedat di erent times, thus providing an au-
tomatic de nition of macroactions and consequetly of
hierarchical behaviors). We nish with a concluding sec-
tion and an outline of our future work, using real robots
as examples.

Biological Inspiration

Evolution has provided ead animal specieswith a set
of basic actions which make it possiblefor its members
to interact with their ervironment. From one speciesto
another onecan nd similar actions but their implemen-
tation diers: ewolution hasfound dierent solutions in
ead case. The execution of one of these actions, us-
ing seweral organs of the animal's body, is commanded
by its nervous system (the brain for the more complex
animals).

The realization of a giventask implies the execution of
seweral actions in a given sequence:it is a behavior. In
this case,learning can play a greaterrole than evolution.
The sequenceof actions can be culturally transmitted to
an individual during its life time, without needto wait
seweral generationssothat it getsgenetically codedin its
DNA (thus being transformed into an additional basic
action).

This body-brain duality, (organs of the action)-
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(command of the action), exists alsoin digital systems,
as the pair (data path unit)-(control unit). In these
cases,the data path unit contains all the elemerns of
storage and data processing,while the control unit is a
FSM responsible for sequencingthe operations carried
out in the data path unit.

In the caseof an autonomous robot, the duality is
clearer: the various sensorsand actuators play the body
role and its controller plays the brain role. The design
of the robot's body is not left to ewolution, asthis would
take an unbearably long time. Therefore, in the large
majorit y of casesdt is the task of an engineer: the design
of the robot always includesthe choice of its sensorsand
actuators. Although this task is far from being easy it is
a problem within a good engineer'sreach. On the other
hand, the design of the brain (the robot's cortroller) is
much more di cult, particularly when one wants to see
it carrying out complex\intelligent”, behaviors. For a
living being, intelligence is the capacity to individually
nd the behavior to respond to an excitation of its envi-
ronment or to solve a complex problem.

As with our analogy of living beings, it is common
to use neural networks to implemert the controller of
autonomous agerts. For these kind of networks, there
are seweral well-known and tested learning algorithms,
thus making the designeasier: the designerchoosesthe
starting network structure and the task is executed by
self-organization, following a given learning algorithm.
A more recen variation of this methodology uses ge-
netic algorithms to ewolve the neural network structure
or somelearning parameters(Nol & Floreano 2000).

Our approad is quite dierent, oriented towards a
hardware implementation of the controller: the body of
the agert, an autonomousrobot for example,is designed
by traditional methods, while we considerthe controller
asa FSM, commandingthe possibleactions of the body.
A FSM is fully described by two elemeris: the set of its
states and the transitions betweenthem. In a Moore
FSM, an action is assciated to ead state (Sandcez
1998). We use a genetic algorithm to nd the set of
states-actions pairs used by the learning algorithm. A
variation of the reinforcemert learning, a learning algo-
rithm well known in the eld of neural networks, is used
to dynamically build the interconnections between the
states. Someof the learning parameters are also calcu-
lated by the genetic algorithm.

To designa cortroller starting from its FSM descrip-
tion is a classicproblem for digital systemsengineers.In
addition to the easeof implemenrtation, this represena-
tion givesa much higher level of interpretabilit y when
compared to neural networks. Indeed it is much eas-
ier to explain and interpret a behavior starting from its
FSM represertation than of that of the neural network.
The possibility to understand the way the solution works
can help us when designing new systemsor optimizing
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existing solutions.

First Metho d: SOS, A Variation of
Reinforcemen t Learning

Reinforcemert learning (Sutton & Barto 1998)is an it-
erative mathematical method rendering an agert able to
learn how to carry out a giventask while interacting with
its environment by the meansof rewards.

At ead instant t, the agert receivesa represenation of
the state of its ervironment, st. According to this infor-
mation, the agert carries out an action selectedamong
those which it is able to realize (this selection can be
seenas a prediction). At the next momen, it receives
a reward of value rt and the ervironment passesto a
new state s'*'. To correctly carry out a given task,
i.e. to correctly learn it, the agert must seekto maxi-
mize the sum of the obtained rewards: in other words, it
must minimize the temporal-di er ence error, calculated
as the di erence betweentwo predictions at successie
momerts.

For the choice of the action, the agert usesa value
function, generallyimplemerted asa lookup table, where
ead line correspondsto a state of the environment and
ead column to a possibleaction of the agert. Each en-
try in the table corntains an action value Q(s;a), giving
the maximum reward that an agert can hope to receive
when, being at state s, usesaction a. Learning implies
correctly updating the values of the lookup table, as a
function of the rewards obtained. This update is calcu-
lated using the following equations:

- rt + Q(St+1 ;at+1)

Q(s';a")
Q(sh;a') Q(sha') +

where is the temporal-di erence error, rt is the reward
obtained at time t, and and arelearning parameters.

With this method, the agen is able to correctly learn
atask only if the state of the ervironment givessu cien t
information: the state coding thus hasa great in uence
on the learning quality. Our approad is completely dif-
ferent: we do not code the state of the ervironment but,
quite simply, we usevaluesfrom someof its parameters
(those which are accessiblego the input organsor sensors
of the agert). Theseinputs of the agert (perceptions)
will allow it to changeits internal state: we thus learn
the states of the agert's controller and not those of the
ernvironment. In this way, we useraw data from the ervi-
ronment, without needingto interpret them and to code
them as states.

The cortroller of the agert is seennow as a FSM,
where eath state summarizesall the knowledgean agert
needsto plan the continuation of its behavior. In addi-
tion, the transition betweentwo statesis doneaccording
to the perceived input. In the caseof a Moore FSM, an
action is assaiated to ead possiblestate. Consequetly,
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Figure 1: Lookup table of estimations of the state val-
uesT(Sm;On;Si), where Sy, is the current state of the
ernvironment, O, is the current obsenation of the envi-
ronment made by the agert, and S; is the next state.

the relationship (state of the environment)-(action of the
agert) of the traditional reinforcemert learning now be-
comesa relationship (current state of the agert, input)-
(next state of the agert). In other words, to learn now
meansto nd the appropriate transition between two
states of the agen for a given input.

FSMs are generally represenied as state diagrams or,
in an equivalent way, aslookup tables called state tables.
We usea table inspired by state tables to replacethe ta-
ble of state-action valuesQ(s;a) in our method. Figure
1 shows the format of such a table: there is a line per
given state Sy and m columns (next statesS;) per input
O;. To ead one of thesetriplets (an entry of the table)
is asswiated a value T (S; O;; S;), giving the maximum
reward that the agert can hopeto receive when, beingin
the state S, and perceiving the input O;, it choosesS;
asthe next state of S¢. Likein traditional reinforcemert
learning, to learn meansto update the table. Thus, the
equationsfor learning becomein our case:

=r+ T(s10%s%)  T(s;o0;8)

T(si0;8)  T(s;0;89) + @

wherer, and hold the samemeaning as previously

The preceding equations perform the adaptation of a
state-value function implemented by the T(Sn;On;Si)
table. There is no action selectionmechanismin our sys-
tem. Instead, there is a single action assa@iated to eah
state, asthis is the casefor a Moore FSM. Therefore, we
must supposethat the state-action assaiations are the
right ones. Indeed, we achieve this by using a genetic
algorithm, aswe will soon explain.

An individual (agent) of the population usedby the ge-
netic algorithm (Michalewicz 1996;Vose1996) is repre-
serted by a xed-size genome,containing asmany genes
as S states (note that the genomeencadesa xed max-
imum number of states, it is learning which further re-
ducesthis number). The value of a geneis an integer in-
dicating the action assaiated to the corresponding state.
For example,the genome212indicatesthat we work with
a FSM containing a maximum of three states, and that
state Sg is assaiated to action 2, S; to action 1, and
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S, to action 2. At ead generation, the less adapted
% of the population is replaced by new individuals re-
sulting from the crosswer of the remaining third (the
elite, the ttest). The parents of these new individuals
are selectedby roulette wheel, and the o springs may be
modi ed by mutation. The crosswer operation is done
by cutting the two genomesin a single point, and al-
ways at genes'border. The mutation, carried out with a
probability PMUT, randomly givesa new valid value to
a gene. It is signi cant to notice that not all the genes
of an individual are necessarilyusedin the solution of
a problem: the learning will be given the responsibility
to interconnect neededstates, leaving the other states
without connection.

To solve a given problem, we start by creating a ran-
dom population. Then, the tness of ead individual is
calculated as a function of its learning capabilities. This
value is then usedto determine the individuals autho-
rized to reproduce. During its life, ead individual thus
usesthe reinforcemert learning method described previ-
ously, formalized in the following way, under the name
of SOS (State-Observation-State) algorithm (Sancez &
Perez-Uribe & Mesot 2001):

1. Initialize the table. 8s808s®: T(s;0;s%) = ¢ wherec
is a constart equal to the maximum possible reward
(optimistic initialization).

2. Place the agert at the initial position: dene s = Sy
and obsene the input o corresponding to the position.

3. Choose s such that T(s;0;39 =
maxizo;jsjf T (S;0;Si), where S is the set of the
states. If sewral future states are possible,take that
with the smallestindex i.

4. Go to the state s°, carry out the action corresponding
to this state (given by the genome)and recover the
reward r.

5. Obsere the input o® corresponding to the new
position and choose s% such that T(s%ad%s% =
max;z o:jsj; T(s% 0% Si). Again, if seweral casesare pos-
sible, choosethe smallestindex i.

6. Update the value T(s;0;s9, using the equation:

=r+ T(sh0%s%)  T(sios)

T(s;0;89)  T(s;0;8Y +

7. Let s= s% s= s% o= o®and goto 4 aslong asthe
end condition is not reached.

The Santa Fe Trail

The rst problem onwhich wetested our algorithm is the
Sarta Fe trail, proposedby Christopher Langton (Koza
1992). An articial ant is placed on a grid of 32 32
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cells, of which some contain food (black cellsin gure
2). The goalis to collect, in a limited number of steps,
the greatest quantity of food, starting from the top left
position. The ant \sees" only one cell in front of it:
at ewery step, it receives an input of value 1 if there
is food in the cell and O if not. At ead step of the
course,the ant can perform one of four possibleactions,
corresponding to the following genes:0 (NOP), 1 (turn
left), 2 (turn right) and 3 (move ahead a step). With
ead unit of collectedfood, the agert receivesa positive
reward (r = 1); in all the other casesthe reward is null
(r = 0). The problem isto nd a strategy enabling the
ant to follow the trail in the most direct possibleway, in
spite of the trail's discortin uities.

We used our algorithm with the parameters given in
the following table:

POP | SMAX | STEPS | TRIALS | PMUT
100 | 10 | 500 | 400 | 5%

where POP is the size of the population used, SMAX
is the maximum number of states (i.e. the size of the
genomes),STEPS determines the maximum number of
actions which the agert is authorized to make in order
to achieve the task, and TRIALS speci es the number
of learning iterations (i.e. the number of times that the
agert is placedbadk at the starting point and that a new
chanceis givento it to nd a good strategy). Finally,
PMUT indicates the probability of genome mutation.
In addition, the learning parameters use the following
values: = 0:6 and = 0:9. For the ewlution, the
measuremen of tness more strongly supports the indi-
viduals who accunulate maximum units of food, rather
than those which have a minimum of states, and, nally ,
those which use a minimum of actions. Therefore we
compute the tness accordingto the following equation:

asp) (2)

where a;ey is the sum of all rewards obtained by the
agert, ag is the number of used states and agy, is the
number of steps neededto go all over the trail. These
values are those computed during the last trial of the
agert on the trail. For this problem, the weights w; are
set as follows: wy; = 10°, w, = 10° and w3 = 1. Thus
individuals with good tness will tend to collect asmany
foods pellets as possible, using the smallest number of
states and steps.

In lessthan 10 generations, our algorithm is always
ableto nd asolution requiring only 5 states, after about
30 learning iterations. One of the minimal solutions
very often obtained is preseried in gure 2. By tak-
ing a glanceat this solution, someremarks can be made.
Firstly, the ewlution action can be regarded as unim-
portant: indeed, good solutions are always obtained af-
ter lessthan 10 generationsand, in certain cases,even

f = wiarew + W2(jS]  ast) + W3(STEPS
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@ (b)

Figure 2: a) The Sarta Fe trail and b) the best state
diagram found by the SOSalgorithm. The numbers on
the arrowsindicate the input value (0: no food, 1: food),
the numbers on the circles indicate the state and the
assaiated action respectively (0: NOP, 1: turn left, 2:
turn right, 3: move ahead of a step).

at generation 0. This implies that we are dealing with
an easyproblem sincethe learning can usevirtually any
genomein order to obtain a solution, provided that it
contains at leasttwo actions. Secondly only two actions
out of four are used: turn right (2) and move ahead of
a step (3). Last but not least, the FSM represeration
rendersthe solutions highly understandable. Indeed, the
analysisof the state diagram of gure 2 enablesusto eas-
ily understand the behavior of the agert: ead time the
ant perceives an input of value 1, it passesto state 5,
whereit carriesout the action 3 (move aheadof a step).
Not perceiving food forcesit into a cycle of exploration,
turning ead time to the right (action 2) to seekfood.
If food is not found after a full rotation, the ant moves
straight ahead. In short, trail discortinuities are always
in straight lines with food and their end can be deter-
mined by a simple rotation of the ant.

Second Metho d: SOS+, Learning with
Hierarc hical Actions

The simplicity of the Sarta Fe trail led usto test another
problem: the Los Altos Hills trail, proposedby Koza
(Koza 1992). This trail is in fact an extension of the
Sarta Fetrail, sinceeight deviations wereaddedthere in
its nal portion (see gure 3). Among these additions,
four are deviations no longer presering any direction
guide (as in the Sarta Fe case): inside a discortin uity,
the agert cannot determine the direction to follow simply
by turning on the spot.

Los Altos Hills

Initially , our SOS algorithm did not nd a solution to
the problem, even by using great values for parameters
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Figure 3: The Los Altos Hills trail

STEPS and TRIALS (2000 and 1000 respectively): no
agert was able to collect the totalit y of the 157 units
of food. This obsenation led us to suppose that this
problem is too complex to be ertirely solved with the
basic actions NOP (0), turn left (1), turn right (2) and
move ahead of a step (3). This is the reasonfor which
we brought two new actions (in fact, Koza had also
beenobliged to add other actions for his solution). Our
approad is hierarchical: the two new actions, called
macroactions,arein fact other FSMs usingthe four basic
actions. The two following paragraphsgive a description
of the behavior assaiated with ead of the two macroac-
tions we added.

Action 4 With this action, the agert is able to move
aheadtwo steps, to turn on itself, then to return to its
initial position but in the direction opposedto that which
it had at its departure. If during this action a unit of
food is found, the macroaction stops and the machine
goesto the next state corresponding to an input equal
to 1. If the macroaction comesto an end, the next state
is selectedaccording to the value of the input at this
time. The sequenceof the actions corresponding to this
macroaction is asfollows: 331112 33.

Action 5 This action is similar to the precedingaction,
but with an intermediate exploration: after a stepahead,
the agert turns on itself \to obsene" if at this stage
there is not already a unit of food showing the way to
be followed; if this is not the case,it still movesaheada
step, then turns on itself and nally returns to its initial
position, but in the direction opposedto that which it
had at its departure. The principle of connection and
end of this action is the sameone as that of action 4.
The sequenceof the actions carried out is as follows: 3
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Figure 4: The best state diagram found by the SOS+ al-
gorithm for Los Altos trail. Actions 4 and 5 are macroac-
tions.

11113111233.

The parametersof the algorithm usedfor this problem
are givenin the following table:

POP | SMAX | STEPS | TRIALS | PMUT
500 | 15 | 10000 | 500 | 5%

The values of the learning parameters and  are still
0.6 and 0.9, respectively. The tness is computed using
the equation 2, where the weights w; are set as follows:
wi = 107, wp, = 10° and ws = 1.

After lessthan 10 generations,and lessthan 100learn-
ing iterations, the SOS+ algorithm nds an agert which
collects all 157 units of food in 963 actions, by using 5
states out of the 15 available in the genome. Figure 4
shows one of the solutions obtained: it required only 17
learning iterations, and 8 generations.

As expected, this solution is very similar to that of
Sarta Fe, with a more thorough exploration obtained
thanks to the useof macroactions4 and 5. If the number
of states seemsvery small (5), it should not be forgotten
that macroaction 4 breaks up in fact in 8 simple states
and macroaction 5 in 12: indeed, at the lowest level of
hierarchy, the number of statesis equalto 41 (i.e., taking
into accourt only the simple actions used in our rst
method).

Third Metho d: SOS++, Adaptiv e
Rewards plus Evolution of Learning
Parameters

Although the macroactions previously described make
it possibleto solve the problem of Los Altos Hills, this
approach presers se\eral disadvantages. First of all,
the macroactions must be de ned by the designer,who
thus takesa very signi cant part in the resolution of the
problem. Then, their presencein the solution can imply
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a signi cant increasein the number of basic states, and
the understanding capability gained by their addition is
obtained with the detriment of this number.

These disadvantages led us to more thoroughly ana-
lyze the failure of the rst version of algorithm SOS,
and therefore try to improve our method once more. A
rst reasonto this failure comesfrom \over-learning":
indeed, as more of the rst half of Los Altos Hills prob-
lem is identical to the Sarta Fetrail, our method quickly
obtains an agert able to e cien tly traversethis part by
receivinga very great reward. It then becomesvery di -
cult to make the agert changeits strategy for the second
part. The following subsectionpreserts a solution to this
problem.

In terpreting

To cortrol this \over-learning" problem, our rst ap-
proach wasto analyzethe role played by the two learning

parametersof the SOSalgorithm, that of more partic-
ularly.

Rewriting equation 1 as:

T(s;08) (1 )T(si0:8)+ [T(5:0:8) + ]

allows us to note that the updated value of T(s;0;s9
is composed by the sum of two expressions. The rst,
(L ) T(s;0;9Y, is the current value of the table for the
transition (s;0;s%, weighted by a factor (1 ). The
second, [T(s;0;sY) + ], represerts the value corrected
by the learning for the sametransition, weighted by a
factor . In other words, indicatesthe percertage that
the correctedvalue represers in the update of T (s; 0;s9).
Consequetly, it becomesobvious that the value of
very strongly determinesthe learning quality and that it
must be therefore adjusted according to the problem to
solve. This is why it appearednecessaryto usto include

and in the genomeof an individual. The genome
of an agert will be thus composedby a certain number
of integer values(the actions assaiated with the states)
and by two oating point values (the two parameters
and ).

Island Evolution

Another modi cation was introduced in the algorithm
in order to be able to processgenomesof di erent size:
the total population is now distributed in seweral islands,
the inhabitants of eadh island having all the samesize of
genome,di erent from that of the other islands. Regu-
larly, after a given number of generations,a given num-
ber of the bestindividuals of an island emigrate towards
another island, thus exchanging their advantages. The
sizesof the migrant genomesmust adapt to that of the
destination island: if it is smaller, the genomesare cut;
in the other case,random genesare added. In all the
cases,all the individuals of an island presene the same
size.
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Adaptiv e Reward

In the rst versionof our SOSalgorithm, the exploration
of new solutions is limited by way of choosing the next
state when se\eral casesare possible,i.e. when all cases
preseri the same maximum value of T(s;0;s9. In this
case,one selectsthe state s° that presers the smallest
index as the next state, and the other states will never
be visited (unless the corresponding values change, of
course).

In order to succeedwith this limitation, we assignto
ead possibletransition a uniform probability to be used:
if there are n valid transitions, ead one is assigneda
probability of % This probability will be employed to
modify the reward granted to the agert after the choice
of the next state. A negative reward (punishmernt) must
be lesssigni cant if at the time of the choice of the tran-
sition there were seweral possibilities than if there was
only one of them (i.e., a certainty should be punished
more than a doubt, when it provesto be incorrect). In
an equivalent way, a good choiceof transition is rewarded
more if there were seweral possibilities than if there was
only one of them.

To quartify this uncertainty, we usethe Shannonen-
tropic measuremeh (Shannon 1948):

X
H = pi
i=1
where p; is the probability of the ith choice.
As in our casethe choicesare equiprobable, one has
pp=p= % wheren is the number of choices. This leads
to a simpler formula for the entropy:

log(pi)

H= log % = log(n)

According to the assumptionsformulated previously,
the reward r must be proportionally weighted with the
entropy if r > 0, and corverselyif r < 0. To model this
fact, we useweighting (n), de ned by:

8
< 1+ log(n) ifr>0

(n) =, 1+ |09(1+ Nmax n) ifr<oO (3)
0 otherwise

where nmax is the maximum number of possiblechoices,
i.e. the maximum number of states.

The nal versionof the learning SOSalgorithm, called
SOS++, is now:

1. Initialize the table. 8s808s®: T(s;0;s%) = ¢ where c
is a constart equal to the maximum possible reward
(optimistic initialization).

2. Placethe agert at the initial position: de ne s = Sp,
r = 0 and obsene the input o corresponding to the
position.
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3. Choose s° such  that T(s;0;39) =
maxiz o;jsjf T (S;0;Si), where S is the set of states;
if sewral states are possible, choose one of them
randomly.

4. Calculate ; = (n) using equation 3, where n is the
number of possiblechoicesat the precedingstage.

5. Go to the state s° apply the action assaiated to this
state (given by the genome)and recover the reward r.

6. Observe the input o° corresponding to the new
position and choose s sudh that T(s%a%s% =
maXiz [0;jsj[ T(s%d%S;); again, if seweral casesare pos-
sible, chooseone of them randomly.

7. Calculate , = (n) using equation 3, where n is the
number of possiblechoicesat the precedingstage.

8. Update the value T(s;0;s% using the equation:

= gr+ T(%%sY  T(s;0;89
T(s;0;89  T(s;0;89) +

9. Lets=s%s°=s%o=0° ;= ,andgoto 5aslong
as the end condition is not reached.

Los Altos Hills

Two tests were carried out on the problem of Los Altos
Hills, using the islands model in both casesfor the evo-
lution and ewolving the learning parameters. However,
in the rst test, the agert usedour rst SOSalgorithm
for learning, whereasin the secondtest, SOS algorithm
with adaptive reward was used. For the two casesthe
agert has only the 4 basic actions: NOP (0), turn left
(1), turn right (2) and move ahead of a step (3).

For the rst test, the valuesof the parametersare as
follows:

NISL | ISLPOP | NGBM | NEMIG
9 | 00 | 5 | 3

STEPS | TRIALS | PMUT | PREP
2000 | 1000 | 5% | 75%

In the rst table, NISL is the number of islands, ISLPOP
is the number of individuals per island, NGBM is the
number of generationsbefore migration, and NEMIG is
the number of emigrants. In the secondtable, STEPS,
TRIALS and PMUT have the samemeaning as before
and PREP givesthe percertage of individuals replaced
at eat generation.

For this test, the islandswere populated with genomes
of size40, 50, 60, 70, 80, 90, 100, 30, and 20 (one sizeper
island). The tness of eadh individual is computed using
the equation 2, where the weights w; are set as follows:

Life VII1, Standish, Abbass, Bedau (eds)(MIT Press)2002. pp 264{273 7

Figure 5: The best state diagram found by the SOS++
algorithm for Los Altos trail, without adaptive reward
and with the NOP action.

w; = 107, w, = 10* and w3 = 1. The best solution was
obtained on island number 6, after 6 generations. It uses
only 12 of the 100 available states, making the courseof
the entire trail in 999actions and using only 283learning
iterations of the 1000 available. The end values of the
learning parametersfor this solution were: t 0:38and
t 0:98. The state diagram obtained is givenin gure
5.

An analysisof this graph enablesusto understand the
behavior of the agert. It beginswith state O (move ahead
of a step) and it remainsthere aslong asit perceivesan
input 1; assoon asit is no longerthe case,it erntersin an
exploration cycle starting at state 76. This cycle leadsit
to carry out the actions sequencel 0311332232,
which correspondsto explore a cell on the left (1031
1 3), then a cell on the right (3 2 2 3), then to return to
the initial orientation (2). This behavior is very similar
to the macroactionswhich we previously de ned for the
sameproblem, except that hereit is found by learning.
If, during this cycle, the agent perceivesan input 1, it
returns to state O to move straight ahead,until next dis-
continuity. It is interesting to note the presenceof an
action NOP (even if this action has not been useful in
our experiments, we left it to respect the original speci -
cation of the problem. Interestingly, it had always been
eliminated by the learning and ewolution algorithm). In
fact, for learning, action NOP is asvalid asthe actions
turn left or turn right, sinceall three generatea null re-
ward; it is thus the ewolution's responsibility to select
better individuals, i.e. individuals not including in its
genomethe action NOP. However, an individual collect-
ing all of the 157 units of food with only 12 states, as it
is the casein our solution, has an enormousadvantage
over its colleagues. With such a large advantage, it is
unlikely to be dethroned before many generations.
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Figure 6: The best state diagram found by the full
SOS++ algorithm for Los Altos trail, without the NOP
action.

For the secondtest we removed the state NOP. The
parametersusedwerethe sameasthose of the rst test,
but with 10islands populated of genomesof size 100, 90,
80, 70, 60, 50, 40, 30, 20, and 15 (one size per island).
After only 3 generations,on island number 6, an individ-
ual was found able to traversethe trail in 679 actions,
using only 10 states out of the 40 of its genome. This
solution, which required 472 learning iterations, is given
in gure 6.

In spite of the low number of states used, this solu-
tion remains neverthelessinterpretable and preseris a
behavior quite surprising by its \in telligence". Indeed,
the state diagram of gure 6 can be broken up into two
sub-FSM;the rst, composedof the statesO, 39, 8, 33, 2,
34,7, and the secondof the states34, 7, 10, 12, 20, which
corresponds to the two parts of the trail: that identical
to the Sarta Fe trail and that addedlater by Koza. Our
method wasthus able to di eren tiate betweenthesetwo
parts, nding a solution for eac one and interconnect-
ing them. For the rst part, the agert leavesstate 2 and
carries out the sequenceof actions2 32 2 3 (2) 3: when
it is facing a discortinuity, it exploresa cell to the right
(2 322 3) and, if its still does not perceive anything
(input 0), turns right (2) and movesstraight ahead (3).
This behavior makesit possibleto navigate the complete
Sarta Fetrail. To changebehavior, the agert must nd
the breaking point with Sarta Fe, i.e. where the trail
added by Koza starts. The strength of this method is
shown when, in a surprising manner, this characteristic
is actually found at the point of the rst contour added
by Koza. When it arrivesthere, the agert movestowards
the south and is in state 33, with an input 0. This con-
guration leadsit to turn right (state 2), then to move
ahead (state 34). At this point, the agert is directed
towards the west and perceives an input 1, which en-
ablesit to know that it engagesn the secondpart of the
trail (state 12). Here, it moves ahead, then turns left,
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soasto move towards the south, and oscillates between
the states 12 and 34, which both make it move ahead.
When the agert arrives at the following contour, it is
at state 34 and perceives an input 0, turns right (state
7), then passessuccessiely through states 10, 12 and
34 which make it move towards the next discortin uity.
When it reachesthat point, it is at state 34 with an in-
put 0 and comesback to the rst sub-FSM, which leads
it to move backwards (actions 2 2 3), going back a cell
(2 3) and turning to the west (2 3). At the end of this
set of actions, the agert is at a cell below the discorti-
nuity (on the gray cell). As input O is perceived on this
site, this leadsthe agert to perform this set of actions
for a secondtime, enabling it to nd the trail, i.e. to
have an input 1 whenit is at state 2. A passagethrough
state 33, then through state 2, enablesit to be directed
towards the south; then, the return to state 33 enables
it to reach the next di cult y. The latter is passedin the
sameway as the precedingone,i.e. by exploring a cell
on the right while going down, but this time the agert
is at state 34 when it nds the trail. The nal part of
the trail is carried out thanks to the secondsub-FSM.
The last dicult y is then overcomeby using the same
exploratory behavior usedin the previous discortin uity.

Wiering and Schmidh uber Maze

Reinforcemen learning works particularly well for the
trail problems becausea reward is possibleat almost all
the stepsof the problem. It is much moredicult to use
this learning method if the reward is given only at the
end, when the task is successfullyaccomplished. This is
the caseof the Wiering and Schmidhuber maze(Wiering
& Scmidhuber 1997) (gure 7), a well-known problem
in literature, for which traditional reinforcemen learning
doesnot give a solution.

Here, starting at the point S, the task of the agernt
is to arrive at the point G while following the shortest
possibleway. To accomplish this task, it can move in
the four cardinal directions, with actions coded in the
following way: 0 (west), 1 (north), 2 (east) and 3 (south).
The knowledge of its ervironment comesto it from 4
sensorsplacedin the 4 directions: the value of the input
(obsenation) is thus the sum of the 4 sensors,weighted
by 1 (west), 2 (north), 4 (east) and 8 (south). Thus, for
example, walls in the west and the south of the agert
generatean input 1+ 8 = 9. In addition, the agernt
obtainsareward of 1(r = 1)whenit runs up against
awall, of 10whenit achievesthe goal, and of 0 otherwise.
In the ewolution, the tness rewards individuals reaching
to the goal more than those using fewer operations to
do so, and nally those using fewer states. Therefore,
using the equation 2, we set the weights w; as follows:
wi = 10°, wp, = 1 and w3 = 10%.

The ewolution and learning parameters used in our
tests are as follows:



in Arti cial

H
H
|
n
]
1]
H
|

(@) (b)

Figure 7: a) Wiering-Schmidhuber mazeand b) the best
state diagram found by the SOS++ algorithm. The
numbers on the arrows indicate the input value com-
puted as a function of its four sensors(e.g., 0: no ob-
stacle, 1: obstacleto the right, 2: obstacleto the north,
6: obstacleto the north and to the west, etc.), the num-
bers on the circlesindicate the state and the assaiated
action (0: west, 1: north, 2: east, 3: south).

NISL | ISLPOP | NGBM | NEMIG
9 | 200 | 5 | 3

STEPS | TRIALS | PMUT | PREP
250 | 1000 | 5% | 75%

The ewolution usesnine islands, populated by genomes
of size 20, 15, 10, 9, 8, 7, 6, 5, and 4 (one size per is-
land). After 548 generations, our algorithm found an
agert passingthrough the shortest way (28 actions) and
using only 4 statesamongthe 8 available in its genome,
after 662learning iterations, with  t 0:24and t 0:93.
The state diagram corresponding to this solution is given
in gure 7. It isinteresting to note that although the op-
timal solution required 548 generations, other solutions
are also obtained in the rst generation, only by learn-
ing. These latter solutions generally use the shortest
way, but none have lessthan 7 states. This result is
very signi cant since,astold previously, the traditional
reinforcemen learning never solvesthis problem.

Conclusions

The useof FSMs to realize the cortroller of autonomous
agerts is preferableto the use of neural networks, when
planning to producea hardwareimplementation: indeed,
this method is the most commonly usedwhen designing
digital systems. Moreover, FSMs have the advantage of
their \legibilit y": it is easierto understand a behavior if
it is described in this form than asa neural network, for
example.
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Our method allows the automatic synthesis of the be-
haviors which an autonomous agert can perform with
this type of cortrollers. Thesebehaviors emergeby evo-
lution and learning from the simple list of basic actions
with which the agert was equipped at its \birth", and
from the interactions betweentheseactions and the envi-
ronmert. In addition, we can generalizethe found solu-
tions: the FSM producedby the solution of the Sarte Fe
problem, for example, can be usedto correctly navigate
through a whole family of other trails without additional
learning (those wherethe trail discortinuities are always
in straight lines with food and their end can be deter-
mined by a simple rotation of the ant).

Evolution, usedin atraditional way, allowsoneto nd
good individuals who are able to achieve the expected
behavior simply by learning. A very fast ewlution is
achieved thanks to the very small size of the genome,
made up simply of a list of actions assaiated with the
possiblestates of the FSM and two learning parameters.

Our learning method, derived from classicalreinforce-
mert learning, modi ed by the useof an ewolution of its
two learning parameterstogether with a reward adapted
to the uncertainty of the prediction performed, proved
very powerful. Indeed, learning can solve simple prob-
lems without ewolution, nding a solution at the rst
generation. In addition, problems for which traditional
reinforcemert learning could not obtain any solution
were solved.

The discrete character of the valuesusedfor the obser-
vations of the environment could be regardedas a disad-
vantage if one wants to usethis method with real prob-
lems, such as the control of autonomous robots. How-
ever, it is possibleto considerour basic actions as FSMs
processinghe lowestlevel of perception, and our method
can deal in these caseswith higher level behaviors. In
fact, we are currently implemerting the experiments de-
scribed in this paper with a real Kheperarobot: a Im
with these new results is viewable on the Web page of
our Laboratory (http://Islwww.epf I ch).
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