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gha@informatik. uni-kiel.deAbstract. In almost all real systems where reinforcemen t learning is ap-

plied, it is found that a knowledge free approach do esn't w ork. The basic RL

algorithms m ust su�cien tly b e biased to ac hiev e a satisfactory p erformance

within a b ounded time. This bias tak es di�eren t forms. In this pap er, in ad-

dition to re
ex rules [6 ], environment (domain) knowledge is em b edded in to

the learner. En vironment knowledge giv es lev erage to the adaptive state space

construction algorithm by splitting key states quic kly . The learner is tested on

a B21 rob ot for a goal reaching task. Exp erimental results sho w that after few

trials the rob ot has indeed learned the righ t situation action rules that unfold

its path.1 Introduction
F or more than a decade reinforcemen t learning (RL) has b een studied exten-

siv ely and its prop erties are w ell understo o d. One of its nice prop ert y is that it

allo ws agents to b e programmed by rew ard and punishmen t, without the need

to sp ecify ho w the task is ac hiev ed. Unfortunately , it has an inherent problem

- its learning time increases exp onen tially with the size of the state space. Con-

sequen tly , RL has remained di�cult to implement in realistic domains that are

characterized by large state and action spaces - typically rob ot domains. Y et,

despite this inherent problem, there is still a surge of in terest in putting RL

on to a real rob ot.

Researchers ha v e tried to ov ercome the inability of RL to scale w ell to

learning tasks with large state and action spaces. Mahadev an et al. [4] ha v e

decomp osed the task in to sets of simple sub-tasks eac h with its own prewired

applicabilit y predicate. Matari � c [5] has minim i zed the state space by trans-

forming state-action pairs to condition-b eha vior pairs and maximi zed learning

by designing rew ard rich heterogeneous reinforcemen t. Recently , Mill� an [6] has

tremendously accelerated RL by in tegrating it with re
ex rules that fo cus ex-

ploration where it is mostly needed. The common characteristic of the ab ov e

examples is that the basic RL algorithm has b een endo w ed with some built-in



know le dge . In eac h case, ho w ev er, the built-in knowledge has di�eren t forms

and is used for di�eren t purp oses: in [4] to break do wn and to arbiter tasks,

in[5 ] to design rich rew ard, and in [6] to fo cus exploration.

This pap er is concerned with using environment knowledge to pre-structure

the state space. There is a con
ict b et w een the required num b er of states and

the actual states constructed by the adaptive state sp ac e c onstruction algorithm

[6]. This is not b ecause of the algorithm, but b ecause of the particular plat-

form w e are w orking with. T o resolv e this con
ict, the con troller is shap ed to

accommo date implicit environment knowledge that enables the algorithm to

construct appropriate state space during the course of learning.2 The robot task
The B21 rob ot from R WI has b een used as our exp erimental platform. The

rob ot is a four-wheeled cylindrical sync hro-driv e with tw o parts: a base and an

enclosure. The base carries 32 infra-red (IR) and 32 tactile sensors. Whereas

the enclosure carries 24 tactile, 24 IR, and 24 sonar sensors.

The task of the rob ot is to reach a sp eci�ed goal pg through a (sub)-optimal

path. Optimalit y is de�ned on a certain pa y o� function. F or ev ery action

the rob ot has chosen, it receiv es an immediate reinforcemen t rt that has tw o

comp onen ts. The �rst comp onen t p enalizes the rob ot when it either collides

with or approaches an obstacle. Whereas the second comp onen t p enalizes the

rob ot in prop ortion to the angle b et w een the rob ot heading and the v ector

connecting the curren t rob ot and goal lo cations. The immediate reinforcemen t

v alue is the sum of these tw o comp onen ts and the pa y o� function is de�ned

as the sum of imm ediate reinforcemen ts the rob ot receiv es until it reaches the

goal, i.e., R =

Pt rt .

In an y mobile rob ot con trol, determining the rob ot p osition is one of the

crucial issue. In the presen ted learning system the rob ot p osition has b een used

in t w o w a ys. First to deco de the relativ e distance b et w een the rob ot and the

goal (section 3) and second to pro vide a part of the reinforce function from

which the rob ot learns. F rom the tw o, the latter one is more sensitiv e to the

inaccuracy of rob ot p osition. Because it leads to inconsistent reinforce function

that mak es learning di�cult or ev en imp ossible

y
. In this w ork, de ad r e ckoning

metho d has b een used to obtain the rob ot p osition, pr ( t). Ho w ev er, to get a

satisfactory reading, w e ha v e exploited the crucial prop ert y of the rob ots' dead

rec k oning system. Dead rec k oning system p erforms satisfactory pro vided that

the rob ot do es not mo v e for prolonged p erio ds of time with out reaching the

goal. This characteristic puts directly a limit on ho w far and ho w hidden the

goal should b e placed from the rob ot.yNoting this, Mill�an [7] has eliminated the dependence of the reinforcement value on theodometry reading by building other types of sensors that are capable of detecting the goaldirectly.



3 Embedding
The input x=[ s, d] to the con troller is a v ector of 32 elemen ts, eac h b et w een

[0 ; 1]. The �rst 24 elemen ts are normalized depth readings of the sonar sensors

z
,

while the remaining eigh t inputs are co di�ed distance b et w een the rob ot and

the goal. In the w ork of [6], where sensor v alues are made indep enden t of the

rob ot heading, the input to the con troller turns out to b e a function of the

rob ot p osition (if sensors noise is neglected), i.e., x = [ s( pr ( t)) ;d ( pr ( t) ;pg )].

In this case, k ey states that require di�eren t actions are easily split.

F or most platforms, ho w ev er, the sensors can not b e aligned indep enden tly

of the base. Consequen tly , the p erceiv ed sensory data w ould b e di�eren t ev-

ery time the rob ot visits a giv en lo cation at di�eren t headings, i.e., x =

[ s( pr ( t) ; �r ( t)) ;d( pr ( t) ;pg )]. This results in huge states which the adaptive

state space constructor could not cop e with identifying and splitting k ey states

quic kly . In order to ov ercome this problem, w e ha v e emb e dde d environment

kno wledge [3] [8 ] in to the learning arc hitecture. The environment in which the

rob ot op erates is �rst partitioned in to four regions that are considered to b e the

same for the purp ose of learning and generating actions. These are: a concave

region that misleads and fold the rob ot path, a door region through which the

rob ot has to carefully pass, a corridor where the goal is lo cated, and a v ast

space inside the room from where the rob ot starts o�. These partitions together

with their corresp onding metric data are supplied to the con troller as built-in

kno wledge. F rom the metric data and the rob ot p osition pr ( t), disjoin ted rules

ha v e b een written to single out a particular partition where the rob ot is found.

This early splitting of the state space based on prior environment knowledge

can b e view ed as one w ay of giving lev erage to the adaptive state space con-

structor so that during the course of learning it can construct appropriate states

for eac h partitions.

Apart from environment knowledge, tw o fuzzy b eha viors [9] obstacle avoid-

anc e and go al fol lowing are used as re
ex that enable the con troller to act

initially in some reasonable w ay . The re
ex deliv ers the next rob ot heading�, whenev er it is requested. The fuzzy re
ex w orks as follo ws. First, the

range of p ossible rob ot heading has b een fuzzi�ed in to three fuzzy sets: left,

straight and, right . The obstacle av oidance b eha vior receiv es the range data

of the sonars and outputs a v ector �a - whose elemen ts indicate the activ ation

lev els of the ab ov e fuzzy sets. Lik ewise, the goal follo wing b eha vior inputs

the acute angle � b et w een the rob ot heading and the v ector connecting the

curren t rob ot and goal lo cations and outputs a similar v ector �g . A simple

b eha vior blender with constant desir ability functions da and dg ( dg � da ) is

used to com bine the output of the tw o b eha viors, i.e., �f = dg�g + da�a .

Subsequen tly , a defuzzi�er deco des the fused v ector �f to a crisp v alue � using

cen troid tec hnique.zSince IRs are short range (� 0:3m) proximity sensors, they are used here in emergencyroutine only.



4 Controller
The arc hitecture of the con troller is an actor critic typ e that is prop osed by [6].

In most actor critic systems, tw o net w orks are adapted ov er time - an action

and a critic net w ork. In the prop osed arc hitecture, ho w ev er, these net w orks

are in tegrated in to one net w ork. Besides, unlik e the former ones where the

training rules adjust certain w eigh ts of the action or critic net w orks, the latter

one adapts directly the critic and action v alues. The con troller consists of a

gradually growing RBF neurons in the input lay er and a sto chastic neuron in

the output lay er. Whenev er a new situation is p erceiv ed, the con troller uses the

built in kno wledge to asso ciate the situation to one of the partitions discussed

in section 3. Within the partition existing neurons (if an y) comp ete to win the

situation. If a winning neuron exists, it will b e connected to the output lay er

to generate action. Action is generated by exploring a restricted area around

a prototypical action. T o enforce exploration a Gaussian sto chastic unit with

parameters ( �; � ) is in tro duced at the output lay er [2]. The exten t of the

exploration is determined by the critic (utilit y) v alue uj and the temp erature

factor T ( n), i.e., � = T ( n) f ( u). At the end of ev ery trial the temp erature is

co oled do wn so that the sto chastic unit pro duces a progressively deterministic

output [1].

The adaptive state construction algorithm in tro duces a new neuron in to the

selected subspace when existing neurons can not generalize the curren t situation

or if a selected neuron has p erformed p o orly for the previous situation. When a

new neuron is created four learning parameters ( pj; uj; wj and, cj ) are attac hed

to it [6]. Eac h of the parameters are adapted by di�eren t adaptation algorithm

and error sources. The utility v alue of the winning neuron uj ( t) is up dated

by temp or al di�er enc e (TD) metho d [10 ]. Williams' REINF ORCE algorithm

[11 ] is emplo y ed to adapt the w eigh t wj . Dep ending on the p erformance of

the winning neuron, its cen ter p osition cj is either shifted to w ard the previous

sensation or left untouched. The prototypical action pj is ov erridden by a more

accurate learned action when the rob ot reaches the goal through a tra jectory

whose total pa y o� is greater than the maxim um pa y o� so far obtained.5 Experimental results
Figure 1 depicts the tra jectories of the rob ot in the �rst and the last trials

and �gure 2 sho ws the learning curv es of the con troller against the num b er of

trials. T en sets of exp eriments, eac h consisting of 20 trials w ere carried out.

The v ertical error bars in �gure 2 indicate the v ariations of the learning curv es.

During the �rst few trials, the rob ot has tak en man y steps, �gure 2 top-right,

to reach the goal, there by incurring a high pa y o� �gure 2 b ottom-left, and the

num b er of neurons added to the net w ork has grown sharply �gure 2 top-left.

As trials go es on, ho w ev er, the rob ot has started to unfold its path and neurons

are added to the net w ork at a reduced slop e than earlier trials. On the sixth

trial and afterw ards the rob ot has straigh ten its path, except at the eigh th trial



where the rob ot left the optimum path in searc h for a b etter one. In subsequen t

trials, ho w ev er, the rob ot has returned to its previous p erformance and follo w ed

the same path without signi�can t div ergence through out the remaining trial.

A similar phenomena is also observed in the w ork of [6].

Comparing the �nal net w ork p erformance, �gure 2 b ottom-right, with that

of [6] the follo wing observ ation can b e made. First, since neurons are not shared

across partitions, the total num b er of neurons in this small environment is al-

most equal to that obtained in the large environment of [6]. Second, due to

sensory alignment sc heme of [6], the net w ork size has already ceased to grow

during the last few trials and hence, the v ariances of the �nal net w ork p erfor-

mance are smaller than the one rep orted here. T o obtain a similar p erformance

on B21, w e are em ulating the turret motor in our subsequen t w ork. Instead of

using the sensory sequence that p oint in the direction of the rob ot heading, the

con troller can men tally rotate (in the reverse direction of the base rotation) the

sensors in suc h a w ay that the new sensory sequence p oints always to w ards the

goal.

(a) (b)

Figure 1: T ra jectories of the rob ot during the �rst (a) and �nal (b) trials. The

rob ot has learned 1) to skip the concav e region that causes the rob ot to fold

its path, 2) to pass in the middle of the do or, and 3) to head directly to the

goal after it has passed the do or.6 Conclusions
Tw o kinds of built-in knowledge ha v e b een used to supp ort RL on B21 rob ot.

The �rst one is a priori environment knowledge to pre-structure the state space

rapidly . Whereas the second one is tw o fuzzy b eha viors com bined with �xed

desirability v alues to fo cus exploration. Exp erimental results ha v e sho wn that
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Figure 2: Learning curv es of the rob ot. T op-Left: The size of the net w ork vs.

the num b er of trials. T op-Righ t: Num b er of actions the rob ot has required at

eac h trial to reach the goal. Bottom-Left: The total reinforcemen t (p enalt y) the

rob ot has incurred at eac h trial. Bottom-righ t: The �nal net w ork p erformance.

the rob ot has indeed learned to unfold its path and to consistently follo w a

tra jectory that has a minim um pa y o� v alue.
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