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Abstract

Reinforcemen t learning has b een applied recen tly more and more for the optimisation of

agen t b eha viours. This approac h b ecame p opular due to its adaptiv e and unsup ervised learning

pro cess. One of the k ey ideas of this approac h is to estimate the v alue of agen t states. F or

h uge state spaces ho w ev er, it is di�cult to implemen t this approac h. As a result, v arious

mo dels w ere prop osed whic h mak e use of function appro ximators, suc h as neural net w orks,

to solv e this problem. This pap er fo cuses on an implemen tation of v alue estimation with a

particular class of neural net w orks, kno wn as self organising maps. Exp erimen ts with an agen t

mo ving in a \gridw orld" and the autonomous rob ot Khep era ha v e b een carried out to sho w

the b ene�t of our approac h. The results clearly sho w that the con v en tional approac h, done b y

an implemen tation of a lo ok-up table to represen t the v alue function, can b e out p erformed in

terms of memory usage and con v ergence sp eed.

Keyw ords: self organising maps, reinforcemen t learning, neural net w orks
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1 INTR ODUCTION 1

1 In tro duction

In this pap er w e discuss the credit assignmen t

problem, and the reinforcemen t learning issue

asso ciated with rew arding an agen t up on suc-

cessful execution of a set of actions. Figure 1 il-

lustrates the in teraction b et w een an agen t and

its en vironmen t. F or ev ery action, the agen t

p erforms in an y state s

t

, it receiv es an imme-

diate reinforcemen t r

t

and the p ercepts of the

successor state s

t +1

. This immediate reinforce-

men t dep ends on the p erformed action and on

the new state tak en as w ell. F or example, an

agen t searc hing for an exit in a maze migh t

b e rew arded only if this exit is reac hed. If

this state is found, it is ob vious that all for-

mer states, whic h con tributed to this success,

ha v e to b e rew arded as w ell.

Reinforcemen t learning is one solution for the

credit assignmen t problem. The idea of rein-

forcemen t learning grew up within t w o di�er-

en t branc hes. One branc h fo cused on learning

b y trial and error, whereas the other branc h

fo cused on the problem of optimal con trol. In

the late 1950s Ric hard Bellman in tro duced his

approac h of a v alue function or a \optimal re-

turn function" to solv e the problem of optimal

con trol (Bellman 1957). Metho ds to solv e this

equation are no w ada ys kno wn as dynamic pro-

gramming. This pap er fo cuses on a generaliza-

tion of these metho ds, kno wn as temp or al dif-

fer enc e metho ds, whic h has b een in tro duced in

1988 b y Ric hard Sutton (Sutton 1988). These

metho ds assign, during an iterativ e pro cedure,

a credit to ev ery state in the state space, based

on a calculated di�erence b et w een these states.

Roughly sp eaking this implies, that if a future

state is desirable, the presen t state is as w ell.

Sutton in tro duced the parameter � to de�ne,

ho w far in the future states ha v e to b e tak en

in to accoun t, th us this generalisation is named

T D ( � ). Within this pap er, ho w ev er, the sim-
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Figure 1: The agen t-en vironmen t in teraction

in reinforcemen t learning

pler case T D (0)

1

is used, whic h only considers

one successor state during a temp oral up date.

Curren t metho ds for the \optimal return func-

tion" su�er, ho w ev er, under what Bellman

called \the curse of dimensionalit y", since

states from real w orld problems consist usually

of man y elemen ts in their v ectors. Therefore

it mak es sense to use function appro ximators,

suc h as neural net w orks, to learn the \optimal

return function".

Successful applications of reinforcemen t learn-

ing with neural net w orks are testi�ed b y man y

researc hers. Barto and Crites (Barto & Crites

1996) describ e a neural reinforcemen t learn-

ing approac h for an elev ator sc heduling task.

Thrun (Thrun 1996) rep orts the successful

learning of basic con trol pro cedures of an au-

tonomous rob ot. This rob ot learned with a

neural Q learning implemen tation, supp orted

b y a neural net w ork. Another successful im-

plemen tation w as done b y T esauro at IBM

(T esauro 1992). He com bined a feed-forw ard

net w ork, trained b y bac kpropagation, with

T D ( � ) for the p opular bac kgammon game.

This arc hitecture w as able to �nd strategies

using less inducemen t and has ev en defeated

1

Also kno wn as the v alue iteration metho d
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c hampions during an in ternational comp eti-

tion.

Besides this successful examples, whic h are all

based on neural net w orks using bac kpropaga-

tion, there is more and more evidence, that ar-

c hitectures based on bac kpropagation con v erge

slo wly or not at all. Examples for suc h prob-

lematic tasks are giv en b y (Bo y an & Mo ore

1995) and (Gordon 1995). This di�culties

arise due to the fact that bac kpropagation net-

w orks store information implicit. This means

for the training that ev ery new up date a�ects

former stored information as w ell. A con v er-

gence cannot b e guaran teed an ymore, since

the original approac h of reinforcemen t learning

is supp osed to b e used with an explicit lo ok-

up table. Therefore our approac h mak es use

of a neural net w ork arc hitecture with explicit

kno wledge represen tation, kno wn as self or gan-

ising maps .

This pap er will discuss the problems asso ciated

with the use of self organising maps (SOMs) to

learn the v alue function and describ e our mo di-

�ed approac h to SOM applied to t w o problems.

2 Self organizing maps (SOM)

Self organizing maps w ere �rstly in tro duced

b y T euv o Kohonen in 1982 (Kohonen 1982).

These kind of neural net w orks are a t ypical

represen tativ e of unsup ervised learning algo-

rithms. During the learning pro cess particular

neurons are trained to represen t clusters of the

input data. The ac hiev ed arrangemen t of these

clusters is suc h, that similar clusters, in terms

of their Euclidean distance, are near to eac h

other and di�eren t clusters are far from eac h

other. Hence, the net w ork builds up a top ol-

ogy dep ending on the data giv en to it from the

input space. This top ology is equal to the sta-

tistical distribution of the data. Areas of the

input space, whic h are supp orted b y more sam-

ples in the data, are represen ted more detailed

than areas supp orted with less samples.

SOM arc hitecture

A SOM usually consists of a t w o dimensional

grid of neurons. Ev ery neuron is connected

via its w eigh ts to the input v ector, where one

w eigh t is sp en t for ev ery elemen t of this v ec-

tor. Before the training pro cess, v alues of these

w eigh ts are set arbitrary . During the train-

ing phase, ho w ev er, the w eigh ts of eac h neuron

are mo di�ed to represen t clusters of the input

space.

Mapping of pattern

After a net w ork has b een trained, a cluster for

an input v ector can b e iden ti�ed easily . T o

�nd the neuron, represen ting this cluster, the

Euclidean distance b et w een this v ector and all

w eigh t sets of the neurons on the SOM has to

b e calculated. The neuron with the shortest

distance represen ts this v ector most precisely

and is th us named as \winner" neuron. The

Euclidean distance is calculated after the fol-

lo wing equation:

d

i

=

n

X

k =1

( w

ik

� x

k

)

2

(1)

Where w

ik

denotes the i th neurons k th w eigh t

and x

k

the k th elemen t of the input v ector.

Learning of clusters.

The learning pro cess tak es place in a so called

o�ine learning. During a �xed amoun t of rep e-

titions, called ep o c hs, all patterns of the train-

ing data are propagated through the net w ork.

A t the b eginning of the learning pro cess, v al-

ues of the w eigh ts are arbitrary . Therefore for

ev ery input v ector x

i

a neuron u

i

is c hosen to

b e its represen tativ e b y random as w ell. T o

manifest the structure of the map, w eigh ts are

mo v ed in direction to their corresp onding in-

put v ector. After a while the represen tation of
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input v ectors b ecomes more stable, since the

Euclidean distance of eac h winner neuron de-

creases.

T o build a top ological map, it is imp ortan t to

adjust the w eigh ts of neigh b ours around the

neuron as w ell. Therefore a sp ecial neigh b our-

ho o d function has to b e applied. This function

should return to the winner neuron a v alue of

1 and to neurons with increasing distance to it

a decreasing v alue do wn to zero. Usually the

\som brero hat function" or the Gaussian func-

tion is used for that. By use of the Gaussian

function, the neigh b ourho o d function is:

h

ci

= e

�

j n

c

� n

i

j

2

2 �

2

(2)

Where n

c

denotes the winner neuron and n

i

an y neuron on the Kohonen La y er. The stan-

dard deviation � denotes the neigh b ourho o d

radius.

F or ev ery input v ector the follo wing up date

rule will b e applied to ev ery neuron on the

SOM:

4 w

ik

= � � h

ci

� ( x

k

� w

ik

) (3)

Where � denotes the step size.

By this up date rule, w eigh ts are up dated in

discrete steps, de�ned b y the step size � . The

nearer neurons are to a c hosen winner neu-

ron, the more they are a�ected b y the up date.

Thereb y neigh b ouring neurons represen t simi-

lar clusters, whic h leads to a top ological map.

The adv an tage of SOMs is that they are able

to classify samples of an input space unsup er-

vised. During the learning pro cess, the map

adapts its structure to the input data. De-

p ending on the data, the SOM will build clus-

ters and order them in an appropriate manner.

One disadv an tage of SOMs is, ho w ev er, the ne-

cessit y to de�ne a represen tativ e subset of the

input space and train it o v er man y ep o c hs. Af-

ter the SOM is trained it is only p ossible to add

a new cluster to the represen tation b y rep eat-

ing the learning pro cess with the old training

set and the new pattern.

3 Reinforcemen t Learning

Classical approac hes for neural net w orks tend

to mak e use of sp eci�c kno wledge ab out states

and their corresp onding output. This giv en

kno wledge is used for a training set and af-

ter the training it is exp ected to gain kno wl-

edge ab out unkno wn situations b y generaliza-

tion. Ho w ev er for man y problems in the real

w orld an appropriate training set can't b e gen-

erated, since the \teac her" do esn't kno w the

sp eci�c mapping. Nev ertheless, it seems to b e

easy for the teac her to assess this mapping for

ev ery state. When learning to driv e a car, for

example, one is not told ho w to op erate the

car con trols appropriately , the teac her, ho w-

ev er, bridges the gap in learning using appro-

priate feedbac k, whic h impro v es the learning

pro cess and leads �nally to the desired map-

ping b et w een states and actions.

The Reinforcemen t problem

The task of reinforcemen t learning is to use re-

w ards to train an agen t to p erform successful

functions. Figure 1 illustrates the t ypical in-

teraction b et w een agen t and en vironmen t. The

agen t p erforms actions in its en vironmen t and

receiv es a new state v ector, caused b y this ac-

tion. F urthermore the agen t gets feedbac k of

whether the action w as adequate. This feed-

bac k is expressed b y immediate rew ards, whic h

also dep end on the new state tak en b y the

agen t. A c hess pla ying agen t, for example,

w ould receiv e a maxim um immediate rew ard

if it reac hes a state where the opp onen t cannot

mo v e the king an y more. This example illus-

trates v ery clearly the cr e dit assignment pr ob-
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lem . The rew ard ac hiev ed in the last b oard

p osition is ac hiev ed after a long c hain of ac-

tions. Th us all actions, done in the past, are

resp onsible for the �nal success and therefore

also ha v e to b e rew arded. F or this problem

sev eral approac hes ha v e b een prop osed; a go o d

in tro duction to these is found in the b o ok b y

Barto and Sutton (Barto & Sutton 1998). This

pap er, ho w ev er, fo cuses on one of these ap-

proac hes, whic h is the v alue iteration metho d,

also kno wn as T D (0).

Rew ards

2

In reinforcemen t learning, the only hin ts giv en

to the successful task are immediate reinforce-

men t signals. These signals usually come di-

rectly from the en vironmen t or can b e gener-

ated arti�cially b y an assessmen t of the sit-

uation. If they are generated for a problem,

they should b e c hosen economically . Instead

of rew arding man y sub-solutions of a problem,

only the main goal should b e rew arded. F or

example, for a c hess pla y er agen t it w ould not

necessarily mak e sense to rew ard the taking of

the opp onen t's pieces. The agen t migh t �nd

a strategy whic h optimises the collection of

pieces of the opp onen t, but forgets ab out the

imp ortance of the king. Reinforcemen t learn-

ing aims to maximise the ac hiev ed reinforce-

men t signals o v er a long p erio d of time.

In some problems no terminal state can b e

exp ected, as in the case of a rob ot driving

through a w orld of obstacles and learning not

to collide with them. An accum ulation of re-

w ards w ould lead to an in�nite sum. F or the

case where no terminal state is de�ned, w e ha v e

to mak e use of a discoun t factor to ensure that

the learning pro cess will con v erge. This factor

discoun ts rew ards whic h migh t b e exp ected in

the future

3

, and th us can b e computed as fol-

2

Rew ards also include negativ e v alues whic h are

equal to punishmen ts

3

These exp ectations are based on kno wledge

lo ws:

R

T

= r

t +1

+ 
 r

t +2

+ 


2

r

t +3

+ :::

=

T

X

k =0




k

r

t + k +1

(4)

Where R

T

denotes the rew ards ac hiev ed during

man y steps, 
 the discoun t factor and r

t

the

rew ard at time t . F or T = 1 it has to b e

ensured that 
 < 1

The direct goal for reinforcemen t learning

metho ds is to maximise R

T

. T o ac hiev e this

goal, ho w ev er, a prediction for the exp ectation

of rew ards in the future is necessary . Therefore

w e need a mapping from states to their cor-

resp onding maxim um exp ectation. As kno wn

from utilit y theory , this mapping is de�ned b y

the v alue function

4

.

The v alue function V

�

( s )

In order to maximise rew ards o v er time, it has

to b e kno wn for ev ery state, what future re-

w ards migh t b e exp ected. The optimal v alue

function V

�

( s ) pro vides this kno wledge with a

v alue for ev ery state. this return v alue is equal

to the accum ulation of maxim um rew ards from

all successor states. Generally this function

can b e represen ted b y a lo ok-up table, where

for ev ery state an en try is necessary . This func-

tion is usually unkno wn and has to b e learned

b y a reinforcemen t learning algorithm. One

algorithm, whic h up dates this function succes-

siv e, is v alue iteration.

V alue iteration

In con trast to other a v ailable metho ds, this

metho d up dates the v alue function after ev-

ery seen state and th us is kno wn as v alue it-

eration. This up date can b e imagined with an

ac hiev ed in the past

4

In terms of the utilit y theory originally named util-

it y function
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agen t p erforming actions and using receiv ed re-

w ards, caused b y this actions, to up date v alues

of the former states. Since the optimal v alue

function returns for ev ery state the accum ula-

tion of future rew ards, the up date of a visited

state s

t

has to include the v alue of the succes-

sor state s

t +1

as w ell. Th us the v alue function

is learned after the follo wing iterativ e equation:

V

k +1

( s

t

) := r ( s

t

; a

t

) + V

k

( s

t +1

) (5)

Where V

k +1

and V

k

denote the v alue func-

tion b efore and after the up date and r ( s

t

; a

t

)

refers to the immediate reinforcemen t ac hiev ed

for the transition from state s

t

to state s

t +1

b y the c hosen action a

t

. While applying this

metho d, the v alue function appro ximates more

and more un til it reac hes its optim um. That

means that predictions of future rew ards b e-

come successiv ely more precise and actions can

b e c hosen with maxim um future rew ards.

There is an underlying assumption that the

agen t's actions are c hosen in an optimal man-

ner. In v alue iteration, the optimal c hoice of

an action can b e done after the gr e e dy-p olicy .

This p olicy is, simply after its name, to c hose

actions whic h lead to maxim um rew ards. F or

an agen t this means, to c hose from all p ossi-

ble action a 2 A that one, whic h returns after

equation (5) the maxim um exp ectation. Ho w-

ev er w e can see, that after equation (5) the

successor state s

t +1

, caused b y action a

t

, m ust

b e kno wn. Th us a mo del of the en vironmen t

is necessary , whic h pro vides for state s

t

and

action a

t

the successor state s

t +1

:

s

t +1

= f ( s

t

; a

t

) (6)

Exploration

If all actions are c hosen after the gr e e dy-p olicy ,

it migh t happ en that the learning pro cess re-

sults in a sub-optimal solution. This is b ecause

actions are alw a ys c hosen b y use of kno wledge

gathered so far. This kno wledge ho w ev er can

lead to a lo cal optimal solution in the searc h

space, where global optimal solutions nev er can

b e found. Therefore it mak es sense to c hose

actions, with a de�ned lik eliho o d, arbritary .

The p olicy to c hose action b y a propabilit y of "

arbritrary , is called " - gr e e dy p olicy . Certainly

there is a trade-o� b et w een exploration and ex-

ploitation of existing kno wledge and the opti-

mal adjustmen t of this parameter dep ends on

the problem domain.

Implemen tation of V alue Iteration

So far, the algorithm can b e summarised in the

follo wing steps:

� select the most promising action a

t

after

the " - gr e e dy p olicy

a

t

= arg min

a 2 A ( s

t

)

( r ( s

t

; a ) + V

k

( f ( s

t

; a )))

� apply a

t

in the en vironmen t

s

t

= ) s

t +1

� adapt the v alue function for state s

t

V

k +1

( s

t

) := r ( s

t

; a

t

) + V

k

( s

t +1

)

In theory , this algorithm will de�nitely ev al-

uate an optimal solution for problems, suc h

as de�ned at the b eginning of this section. A

problem to reinforcemen t learning ho w ev er, is

its application to real w orld situations. That

is b ecause real w orld situations are usually in-

v olv ed with h uge state spaces. The v alue func-

tion should pro vide ev ery state with an appro-

priate v alue. But most real w orld problems

come up with a m ulti-dimensional state v ector.

The state of a rob ot, for example, whose task is

to �nd a strategy to a v oid obstacles, can b e de-

scrib ed b y the state of its appro ximit y sensors.
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If ev ery sensor w ould ha v e a p ossible return

v alue of 10 Bit and the rob ot itself o wns eigh t

of these sensors, the state space w ould consist

of 1 : 2 � 10

24

di�eren t states, emphasizing the

problem of tractabilit y in inferencing.

On the other hand, it migh t happ en, that dur-

ing a real exp erimen t with a limited time, all

states can nev er b e visited. Th us it is lik ely ,

that ev en after a long training time, still un-

kno wn states are visited. But unfortunately

the v alue function can't pro vide a prediction

for them.

4 Mo di�ed SOM to learn the

v alue function

The t w o problems previously iden ti�ed for re-

inforcemen t learning, can b e solv ed using func-

tion appro ximators. Neural Net w orks, in par-

ticular, pro vide the b ene�t of compressing

the input space and furthermore the learned

kno wledge can b e generalised. This means for

the v alue function, that similar states will b e

ev aluated b y one neuron. Hence also unkno wn

states can b e generalized and ev aluated b y the

p olicy . F or this purp ose the previously in tro-

duced mo del of self organising maps has b een

tak en and mo di�ed.

Mo di�cation to the arc hitecture

Usually SOMs are used for classi�cation of in-

put spaces, for whic h no output v ector is nec-

essary . T o mak e use of SOMs as function ap-

pro ximator, it is necessary to extend the mo del

b y an output v alue. Suc h mo di�cations ha v e

b een �rst in tro duced b y Ritter and Sc h ulten in

connection with re
ex maps for complex rob ot

mo v emen ts (Ritter & Sc h ulten 1987). The

mo di�cation used here is, that ev ery neuron of

the Kohonen la y er is expanded b y one w eigh t,

whic h connects it to the scalar output. This

output is used for the v alue function. The goal

is to get a generalisation for similar situations.

T o ac hiev e this, the output w eigh ts ha v e to b e

trained with a neigh b ourho o d function as w ell.

Therefore the output w eigh ts are adapted with

the follo wing rule:

� w

i

= �

2

h

ci

( y � w

i

) (7)

Where �

2

is a second step size parameter and

h

ci

the same neigh b ourho o d function as used

for the input w eigh ts and y the desired output

of the net w ork.

Mo di�cation to the algorithm

As remark ed previously , the learning algorithm

for SOMs is supp osed to b e applied \o�ine"

with a sp eci�c training set. The application of

v alue iteration ho w ev er, is an \online" pro cess,

where the kno wledge increases iterativ ely . T o

solv e this con tradiction, the learning pro cess of

the SOM has b een divided in to t w o steps:

� First step: pre-classi�cation of the en vi-

ronmen t

� Second step: execution of reinforcemen t

learning with impro v emen t of classi�ca-

tion for visited states

F or the �rst step a represen tativ e sample of the

whole state space is necessary , to build a appro-

priate map of the en vironmen t. This sample

will b e trained, un til the structure of the SOM

is adequate to classify states of the problems

state space. During the execution of the sec-

ond step the reinforcemen t learning algorithm

up dates states with their appropriate v alues.

These states are classi�ed b y SOMs, where one

neuron is c hosen as winner. The corresp ond-

ing output w eigh ts of this neuron are c hanged

to the v alue, calculated b y the reinforcemen t

learning algorithm. F urthermore, the output

v alues of the neigh b ourho o d of this neuron are
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mo di�ed as w ell to ac hiev e the e�ect of gener-

alisation.

Usually the states, necessary to solv e the prob-

lem, are a subset of the whole state space.

Th us the SOM has to classify only this sub-

set, using a pre-classi�cation. During the ap-

plication of reinforcemen t learning, this classi-

�cation will impro v e, since for ev ery state vis-

ited, its represen tation is strengthen. States,

whic h are visited more frequen tly and th us are

more imp ortan t for the solution of the prob-

lem, will ac hiev e a b etter represen tation than

those unimp ortan t states, whic h are visited

less.

5 Exp erimen ts and results

5.1 The path-planning problem

This section describ es the application of our

mo di�ed SOM with reinforcemen t learning for

solving the path planning problem. The prob-

lem is to �nd the shortest path through a maze

or simply a path on a map. F or the exp eri-

men t describ ed here, a computer sim ulation of

a \girdw orld" has b een tak en (see Figure 2).

The gridw orld is represen ted b y a t w o dimen-

sional arrangemen t of p ositions. W all piece or

obstacles can o ccup y these p ositions and the

agen t therefore can't cross them. Other p o-

sitions ho w ev er, are free to its disco v ery . F or

the exp erimen t, the upp er left corner is de�ned

as start p osition and the lo w er righ t corner

as end p osition. The agen t's task is to �nd

the shortest path b et w een these t w o p ositions,

while a v oiding obstacles on its w a y .

Due to the fact, that the agen t is supp osed to

learn the \c heap est" path, it is punished for

ev ery mo v e with -1 and rew arded with 0 if it

reac hes the goal. Beside these reinforcemen t

signals, the agen t gets no other information,

ab out where it can �nd the goal or whic h di-

Figure 2: The gridw orld exp erimen t
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Figure 3: Ac hiev ed rew ards, during learning of

a b eha viour for the gridw orld exp erimen t

rection should b e preferred. If it faces an ob-

stacle, the p ossible actions are reduced to that

actions, whic h lead to free p ositions around.

Tw o implemen tations of a mo di�ed SOM with

8x8 neurons and 10x10 neurons ha v e b een

used. F or comparison, the exp erimen t has

b een carried out with a lo ok-up table, where

ev ery en try represen ts a state, as w ell. This

lo ok-up table consists of 289 en tries, due to

the used grid size is 17x17 p ositions.
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Results

The result of this exp erimen t is sho wn in �g-

ure 3. In this graph the ac hiev ed rew ards for

eac h implemen tation after ev ery episo de can

b e seen. The optimal path is found, if the ac-

cum ulated reinforcemen t during one episo de is

-53 , since the agen t needs at least 53 steps to

reac h its goal. In the graph can b e seen, that

the implemen tation of the mo di�ed SOM with

10x10 neurons leads to a faster result than the

lo ok-up table. After 30 episo des the agen t,

equipp ed with the mo di�ed SOM, found the

c heap est path.

5.2 Learning obstacle a v oidance

with a rob ot

A common problem in rob otics is the au-

tonomous driv e of a rob ot. F or suc h a driv e

there are v arious pro cesses. One pro cess migh t

bring it to a far destination, lead b y a path

�nding algorithm. F or simple mo v emen t, ho w-

ev er, a pro cess is necessary to a v oid obstacles.

In this problem, it is v ery di�cult to de�ne ap-

propriate actions for particular situations. On

the other hand, w e can easily assess the result-

ing actions. Therefore this problem seems to

b e appropriate for the reinforcemen t learning

approac h.

In this exp erimen t the autonomous miniature

rob ot Khep era, whic h w as dev elop ed at the

EPFL in Lausanne, has b een used (see �gure

4). This 5 cm h uge rob ot is equipp ed with eigh t

appro ximit y sensors, where t w o are moun ted at

the fron t, t w o at the bac k, t w o at the side and

t w o in 45

�

to the fron t. These sensors giv e a re-

turn v alue b et w een 0 and 1024, whic h is corre-

sp onding to a range of ab out 5 cm. The rob ots

driv e consists of t w o serv o motors, whic h can

turn the t w o wheels with 2 m p er second in neg-

ativ e and p ositiv e directions. By this con�gu-

ration, the rob ot is able to do 360

�

rotations

without mo ving in x or y direction. Therefore

Figure 4: Autonomous rob ot Khep era

the rob ot is v ery mano euvrable and should b e

able to deal with most situations. F urthermore

the rob ot is equipp ed with t w o rec hargeable

batteries, whic h enable it to driv e for ab out 20

min utes autonomously . F or execution of pro-

grams, there also exists a CPU from Motorola

and a RAM area of 512KB on the rob ot.

Exp erimen t

Due to the fact, that for v alue iteration a mo del

of the en vironmen t is required, the rob ot has

b een �rst trained using a computer sim ulation.

Afterw ards the exp erimen t con tin ued on a nor-

mal o�ce desk, where obstacles and w alls w ere

built up with w o o den blo c ks.

In the reinforcemen t learning algorithm, the

state of the rob ot w as represen ted b y the eigh t

sensor v alues. The allo w ed actions ha v e b een

reduced to the three actions: left turn, righ t

turn and straigh t forw ard. Also the reinforce-

men t signals w ere c hosen in the most trivial

w a y . If the rob ot collides with an obstacle, it
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Figure 5: A learned classi�cation of the sensor

space

gets a punishmen t of -1, otherwise a rew ard of

0. The exp erimen t has b een carried out o v er

m ultiple episo des. One episo de has b een lim-

ited to 50 steps. Therefore the discoun t factor


 has b een set to 1.0. F or exploration purp oses

the factor " has b een adjusted to 0.01, whic h

is equal to the probabilit y actions are c hosen

arbitrary . Concerning to the state v ector, the

input v ector of the SOM consists of eigh t ele-

men ts as w ell. F or the Kohonen La y er an ar-

rangemen t of 30x30 neurons has b een c hosen.

Before the application of the reinforcemen t

learning algorithm, the SOM had to b e pre-

classi�ed. Therefore a training set of t ypi-

cal situations from an obstacle w orld has b een

trained o v er 90 ep o c hs. With the help of visu-

alisation to ols it could b e ensured that the sit-

uations are adequately classi�ed, as illustrated

in �gure 5.

During the episo des of the v alue iteration

metho d, iden ti�ed situations w ere relearned

with a small neigh b ourho o d of � = 0 : 1 and

also small learning step rate of � = 0 : 3.

Results

The result of the learning pro cess of the rob ot
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Figure 6: Collisions during the autonomous

learning of an obstacle a v oidiance strategy

can b e seen in �gure 6. In this graph the accu-

m ulated rew ards for ev ery episo de are sho wn.

Hence for ev ery collision the rob ot has b een

punished with -1 , the reinforcemen t for ev ery

episo de is equal to the caused collisions. After

45 episo des the n um b er of collisions b ecame

signi�can tly less. During the early episo des,

the v alue of ac hiev ed reinforcemen t signals

sw a ys strongly . This results from the fact, that

after the rob ot o v ercame a situation, it encoun-

tered a new situation again, where another b e-

ha viour had to b e learned as w ell. As w e see in

the graph, the rob ot learned to manage most

situations after a su�cien t time of pro ceed-

ing. After the training the learned con trol has

b een tested on the real rob ot. Although the

ac hiev ed b eha viour w as not elegan t, it pro v ed,

that the rob ot ob viously learned the abilit y to

a v oid obstacles.

6 Conclusion

The problem of a h uge state space in real

w orld applications and the fact that mostly

some but unlik ely all states of a state space



REFERENCES 10

can b e encoun tered, ha v e b een tac kled b y use

of a mo di�ed SOM. The SOMs abilities to

compress the input space and generalize from

kno wn situations to unkno wn made it p ossible

to ac hiev e a reasonable solution. Ho w ev er, it

w as necessary to split the standard algorithm

for SOMs in to t w o parts. Once learning b y

a pre-classi�cation and t wice learning during

v alue iteration. With this mo di�cation, the al-

gorithm can b e applied to an online learning

pro cess, whic h is giv en b y the v alue iteration

metho d.

The applied mo di�cations to the standard

SOM ha v e b een ev aluated within the gridw orld

example and the problem of obstacle a v oidance

of an autonomous rob ot. These exp erimen ts

sho w ed t w o main adv an tages of the mo di�ed

SOM to a standard implemen tation with a

lo ok-up table. First, the example of obstacle

a v oidance pro v ed that ev en for enormous state

spaces, a strategy can b e learned. Second, the

path �nding example sho w ed, that the use of a

mo di�ed SOM can lead to faster results, since

the agen t is able to generalize situations in-

stead of learning a v alue for all of them.

F or the V alue Iteration algorithm, applied to

the exp erimen ts describ ed here, a mo del of

the en vironmen t is necessary . F or real w orld

problems, suc h as the problem of obstacle

a v oidance, ho w ev er, an appropriate mo del can

hardly b e pro vided. Sensor signals are nor-

mally noisy or ev en it migh t b e that a sensor

is damaged or don't w ork prop erly . Th us it is

recommendable to use another reinforcemen t

learning implemen tation, whic h mak es it not

an y more necessary to pro vide a mo del of the

en vironmen t. One commonly used v arian t of

reinforcemen t learning is the Q-Learning. In

this algorithm states are represen ted b y the

tuple of state and action, th us a mo del of the

en vironmen t is not required. W e b elief that a

com bination of Q-Learning with the mo di�ed

SOM, prop osed in this pap er, yields b etter re-

sults.

One of the big disadv an tages encoun tered ho w-

ev er, is that the mo di�cation of the SOM dur-

ing the second step c hanges the generalisa-

tion b eha viour of the net w ork. If states are

relearned frequen tly with a small neigh b our-

ho o d function, the learned kno wledge b ecomes

to o sp eci�c and generalisation is reduced. T o

o v ercome this problem, it w ould b e necessary

to relearn the complete structure of the SOM

with an o�ine algorithm. Unfortunately , exp e-

rience in terms of training examples are lost af-

ter the online pro cess. A p ossible solution and

probably sub ject of another w ork, is to store

\critical" pattern temp orarily during the on-

line pro cess b y dynamic neurons. With \criti-

cal" pattern w e mean those, whic h come with

a far Euclidean distance to all existing neurons

in the net w ork and th us their classi�cation b y

this neurons w ould not b e appropriate. Giv en

the set of these dynamically allo cated neurons

and the set of neurons on the SOM, a new ar-

rangemen t with b etter top ological represen ta-

tion can b e trained b y an o�ine algorithm

5

.

The execution of this o�ine algorithm can b e

done during a phase of no input to the learner

and is motiv ated b y a h uman p ost pro cessing

of information, kno wn as REM phase.
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