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Abstract

In the quest for machines that ar e able to le arn, r e-

infor c ement le arning (RL) is found to b e an app e aling

le arning metho dolo gy. A known pr oblem in this le arn-

ing metho d, however, is that it takes to o long b efor e

the r ob ot le arns to asso ciate suitable situation - action

p airs. Due to this pr oblem, RL has r emaine d appli-

c able only to simple tasks and discr ete envir onment.

T o ac c eler ate the le arning pr o c ess to a level r e quir e d

by r e al r ob ot tasks, the tr aditional le arning ar chite ctur e

has to b e mo di�e d. We pr op ose a mo di�e d r einfor c e-

ment b ase d r ob ot skil l ac quisition and adaptation ar-

chite ctur e. The ar chite ctur e has two c omp onents: a

bias and a le arning c omp onents. The bias c omp onent

imp arts to the le arner c o arse a priori know le dge ab out

the task. Subse quently, the le arner r e�nes the ac quir e d

actions thr ough r einfor c ement le arning. We have vali-

date d the ar chite ctur e and the le arning algorithm on a

simulate d TR C mobile r ob ot for a go al r e aching task.

1 In tro duction

Programmi ng an autonomous rob ot to reliably carry

out its task demands a complete knowledge of the task

and the environmen t. Systems designed with complete

knowledge are called exp ert systems and ha v e no learn-

ing ability . Instead they are equipp ed with a large

amoun t of data base that requires careful tuning. Ho w-

ev er, b ecause of the complexit y and uncertain ty of the

real w orld, it is prohibitiv e to create an exp ert sys-

tem with large data base. Besides, it is argued that

if the rob ot some ho w p ossesses a self-le arning ability ,

an enormous amoun t of human e�ort w ould b e sa v ed

from tuning the data base.

In the past man y mac hine learning tec hniques ha v e

b een prop osed. Most of the learning tec hniques assume

the presence of teacher pro vided training instances in

the form of stim uli and desired resp onse. These typ es

of learning tec hniques are known as sup ervise d le arn-

ing and successful applications ha v e b een b o oked in:

function appro ximation, pattern recognition and, na v-

igation of mobile rob ots [5 , 12].

Ho w ev er, for man y real w orld systems suc h as mobile

rob ots w orking in dynamic environments, training in-

stances in the form of stim uli and desired resp onse are

not easily av ailable. Therefore, the rob ot has to learn

for ev ery stim ulus the optimal resp onse directly by in-

teracting with its environment. This typ e of learning

metho d falls in to a class of learning metho dology called

r einfor c ement le arning (RL). In RL the rob ot learns to

asso ciate the righ t resp onses to di�eren t stim uli of the

w orld. It in v olv es four comp onen ts: the rob ot, its en-

vironment, a learner

a

(controller) to b e trained and a

trainer that pro vides only a scalar reinforcemen t signal.

Although RL metho d �ts v ery nicely to rob ot learn-

ing, it is a slo w learning pro cess - it tak es to o long

for the con troller to con v erge to w ard the desired p er-

formance. There are man y reasons [2, 8, 9 ] that con-

tribute to the slo w con v ergence of RL. The ma jor one,

ho w ev er, is that the con troller do es not know b efore

hand where to searc h in action space for suitable reac-

tions. This problem stems from the de�nition of RL:

r einfor c ement b ase d le arning r ob ots le arn by doing and

a
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do not r e quir e a te acher. T o o v ercome the problem, w e

ha v e lifted up the ab o v e unsup ervise d le arning restric-

tion by pro viding the learner with a bias c omp onent .

The bias comp onen t can b e compared with a teacher

in sup ervised learning. Ho w ev er, it do es not supply

the learner the desired resp onse, hence w e still demand

the desired resp onse to emerge from RL. Apart from

accelerating the learning pro cess, biasing enables the

learner to a v oid those actions that tak es the rob ot to

undesirable lo cations, thereb y making the learning pro-

cess safe [11 ].

The pap er is organized as follo ws. Section 2 presen ts

brie
y the arc hitecture of the bias comp onen t, from

which the con troller gets a rough action. Section 3 de-

scrib es the prop osed learning arc hitecture and adapta-

tion algorithms. Section 4 presen ts the tra jectory and

the learning curv es of the rob ot. A t last, a conclusion

is dra wn from the exp erimental results.

2 Bias Comp onen t

The agent, for which the sim ulator is built, is a

t w o wheeled 60 cm square and 40 cm high TRC mobile

rob ot, �gure 1. On the front p eriphery of the rob ot

there are tactile and sonar sensors. The sonar sensors

are programmed for a time out distance of 2 m . Our

sim ulator assumes sonar v alues are rep eatable and mo-

tor actions are in v ertible. In addition, the sim ulated

rob ot is giv en a capability to access global information

- suc h as its p osition.

Figure 1. TRC rob ot

The arc hitecture of the bias comp onen t is similar to

[15 ] and is sho wn in �gure 2. It consists of tw o purp o-

siv e fuzzy b eha viors: obstacle avoidance and goal

following . As the purp ose of the bias comp onen t is to

deliv er a rough estimate of the optimal action, it suf-

�ces to ha v e few fuzzy rules and coarse input/output

granulation lev els.

T o come up with few fuzzy rules, the sonars are

�rst group ed in to �v e regions: right corner , right ,

front , left and, left corner corresp onding to their

physical lo cation on the TRC. Subsequen tly , from eac h

region only the sonar that has the minim um reading is

considered

b

, i.e.,

D

j

= min

i

( S

i;j

) i = 1 ; : : : ; N

j

; j = 1 ; : : : ; 5 (1)

where D

j

is the depth v alue of region j , S

i;j

is the

reading of sonar i lo cated inregion j and, N

j

is the

num b er of sonars in the region.

Figure 2. Bias comp onent a rchitecture

The obstacle av oidance b eha vior has a set of 32 fuzzy

rules that are build by granulating the depth v alues

of eac h regions in to tw o fuzzy sets: n (near) and f

(far). Whereas the goal follo wing b eha vior has a set

of three fuzzy rules that are constructed by fuzzifying

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

in to three fuzzy lev els: l (left), f (fron t) and r (right).

The output of the bias comp onen t is the turn rate

c

of the rob ot that is fuzzi�ed in to three fuzzy sets: L

(Left), F (F ron t) and R (Right).

The obstacle av oidance and goal follo wing b eha v-

iors output v ectors �

a

and �

g

resp ectively . The ele-

men ts of the v ectors indicate the activ ation lev els of

the output fuzzy sets. T o com bine the outputs of the

b eha viors a simple b eha vior blender with constant de-

sir ability functions d

a

= 0 : 9 and d

g

= 0 : 1 is emplo y ed.

The blender blends the outputs of the b eha viors using

Eqn. (2) and passes the fused v ector �

f

to the defuzzi-

�er, which deco des �

f

to a crisp v alue � using cen troid

tec hnique.

�

f

= d

g

�

g

+ d

a

�

a

(2)

Note that when the rob ot is con trolled by the bias

comp onen t, most of the time it either collides or fol-

lows non-optimal tra jectories. It is only for v ery sim-

ple tasks and carefully chosen desirability v alues that

the bias comp onen t pro duces smo oth and short tra-

jectories. An example is sho wn in �gure 3 where the

b

On real rob ot this assumption do es not hold true and another

technique m ust b e sough t, see [6 ] for a p ossible metho d.

c

The v elo cit y of the rob ot is k ept constan t and only the turn

rate is con trolled within the range of [ � � = 9 ; � = 9] r ad=sec .
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rob ot has failed to follo w optimal tra jectory , though

it reached the goal

d

. It is also v ery simple to �nd y et

another example where the rob ot w ould fail to reach

the goal p oin t at all!

Figure 3. Non optimal trajecto ry

3 Learning Comp onen t

The task of the learner is to tak e the rob ot from a

home lo cation p

r

(0) to some goal lo cation p

g

. W e as-

sume that b oth the rob ot and goal lo cations are sp ec-

i�ed in a Cartesian co ordinate system. F urthermore,

at an y time the rob ot determines its p osition by de ad

r e ckoning metho d.

The learner has eigh t inputs and one output. The

�rst �v e inputs are depth information of eac h regions,

Eqn. (1) and the remaining three inputs are the rob ot's

curren t heading � and p osition p

r

( t ). Ho w ev er, b e-

fore these inputs are applied to the learner they are

con v erted to \primed" quan tities by normalizing them

appropriately . Hence the input, commonly called situ-

ation in connectionist, is characterized by a v ector,

x =

�

�

D

1

;

�

D

2

;

�

D

3

;

�

D

4

;

�

D

5

;

�

� ; �x

r

; �y

r

�

T

(3)

Similar to the bias comp onen t, the learning comp onen t

main tains the v ehicle v elo cit y constant and con trols the

turn rate.

3.1 T rainer

Our trainer has t w o terms that p enalize the learner

immediately for ev ery bad actions chosen. The �rst

term f

1

p enalizes the learner whenev er the rob ot col-

lides with or mo v es close to obstacles. If the rob ot col-

lides, it is p enalized by a �xed v alue, otherwise if the

d

The bias comp onen t has b een implemen ted on the real rob ot

and the same result is obtained for the environmen t depicted.

minim um depth reading is less than a certain thresh-

old, the trainer p enalizes the learner prop ortional to

the in v erse of the minim um reading with D

n

as a pro-

p ortional constant. Therefore, the term that teaches

the rob ot to k eep aw ay from obstacles is:

f

1

=

8

<

:

� 3 : if collision

� D

n

= min

j

(

�

D

j

) : if close

0 : otherwise

(4)

The other term f

2

teaches the rob ot ho w to ap-

pr o ach a goal p oint. It computes �rst the acute angle

� b et w een the rob ot heading and the v ector connect-

ing the curren t rob ot and goal lo cations. Then as long

as j � j < �, for some p ositiv e �, the trainer p enalizes

the rob ot prop ortional to j � j . Bey ond �, ho w ev er, the

rob ot is p enalized as if a collision has o ccurred. This

forces the rob ot to explore only the space which lies b e-

tw een � � from the goal direction, there by b ounding

b oth the net w ork size and the exploration space.

f

2

=

�

�j � j = � : if � � � � � �

� 3 : otherwise

(5)

The total imm ediate reinforcemen t r is the sum of

the tw o terms, r = f

1

+ f

2

. Note that the trainer do es

not teach the rob ot directly ho w to r e ach the goal. It

trains only ho w to approach ( f

2

) the goal without col-

lision ( f

1

). Therefore, the ab ov e reinforce function pre-

supp oses that the environment satis�es the constraint

that it has a free w ay (path) through which the rob ot

can reach the goal without collision.

3.2 Learner

The learner arc hitecture is a feed forw ard neural net-

w ork consisting of RBF neurons in the input lay er and

a sto chastic neuron in the output lay er, �gure 4. The

arc hitecture is an actor-critic typ e. The critic elemen t

is a one step ahead predictor of the exp ected future

discounted sum of reinforcemen t v alues (utilit y). And

the actor elemen t is a multi-param eter sto chastic unit

that generates actions sto chastically from a giv en dis-

tribution [4]. In the arc hitecture, all neurons are tied

up to the input and only a winning neuron is connected

to the output. Eac h neuron represents a lo calized re-

ceptiv e �eld of width � that co v ers a hyp er-sphere in

the input space. In the presen t arc hitecture the width

of the receptive �elds are all the same and k ept �xed.

The learner is initially empty but grows gradually ,

similar to the w ork of [3], as it learns and explores the

environment. When a new situation is presen ted to

the learner, 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 an action.
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Otherwise, a new neuron j is in tro duced and the fol-

lowing four learning parameters are attac hed to it: a)

utility , u

j

, b) prototypical action, p

j

, c) output w eigh t,

w

j

and, d) cen ter p osition, c

j

. Eac h ofthese parameters

are initialized �rst and ev olv e later through RL.

Figure 4. The a rchitecture of the lea rner

The winning neuron generates an action by explor-

ing only a restricted area around its prototypical ac-

tion p

j

. Restricted exploration accelerates the learning

sp eed by fo cusing the searc h area to a fraction of the

total action space. T o enforce exploration, a Gaussian

sto chastic unit with parameters ( �; � ) is in tro duced at

the output lay er [14 ]. The parameters of the unit are

directly determined from the learning parameters of

the curren tly winning neuron using,

� = w

j

and � = T ( n ) f ( u

j

) (6)

Where � is the mean of the distribution, � is the ex-

ten t to which the sto chastic unit searc hes for a b etter

action, T ( n ) is the searc h-range temp erature, n is trial

num b er, f () is the logistic function that tak e v alues b e-

t w een [0 ; 1], Once the parameters are determined, the

unit dra ws a random num b er s = N ( �; � ) and gen-

erates the �nal action by mo dulating the prototypical

action with the random num b er, i.e., a = p

j

+ s . The

temp erature T is co oled do wn

e

, similar to [1], ev ery

time a trial

f

is started, so that the sto chastic unit pro-

duces progressively deterministic actions.

Before learning starts the rob ot is lo cated at ori-

gin p

r

( t = 0). A t this lo cation, the rob ot p erceiv es a

situation x . Since the learner is empty (has no neu-

rons), it can not generalize the situation. Therefore,

e

Mill� an[10 ] has rep orted that his learner has determined suit-

able reactions without emplo ying annealing techniques. Ho w-

ev er, this is only true if the learner starts near to the optimal

actions and utility v alues - a case whic h is di�cult to meet in

general.

f

A trial is a tra jectory that starts at the home lo cation and

terminates when the rob ot collides or reac hes the goal.

it in v okes the bias comp onen t. Up on request, the bias

comp onen t sends its action to the learner. The learner

receiv es the action, adds a neuron, attac hes the ab ov e

learning parameters to the new neuron and initializes

the parameters as describ ed b elow.

T o ev ery new neuron j , the algorithm initializes the

learning parameters as follo ws: the cen ter p osition c

j

is

equated to the p erceiv ed situation x , the prototypical

action p

j

is set to the action receiv ed from the bias

comp onen t, the utility u

j

is estimated by computing

the terms of the reinforce function for the curren t states

of the rob ot and sonars readings and �nally , the w eigh t

w

j

is set to zero.

After initializing the parameters, the learner ex-

plores and generates action that mo v es the rob ot to

a new lo cation p

r

( t + 1). At this lo cation, the trainer

computes the immediate reinforcemen t r ( t + 1) for the

action that brough t the rob ot from p

r

( t ) to p

r

( t + 1)

and the rob ot p erceiv es a new situation x . The new

situation is presen ted to the learner that identi�es �rst

the winning neuron closest to the situation, i.e.,

w inner = ar g min

i

( d

i

)

d

i

= ( c

i

� x )

T

( c

i

� x ) (7)

If the distance of the winning neuron is larger than

�, the situation is regarded as no v el and the learner

in v okes the bias comp onen t and adds a neuron as dis-

cussed ab ov e. This w ay of adding neurons is called

distanc e driven . Otherwise the situation is not new

and can b e generalized.

Next the learner adapts the learning parameters of

the previous winning neuron using the immediate re-

inforcement receiv ed and the utility v alue of the cur-

ren t winning neuron. Thereafter, the learner explores

and generates an action for the new situation. If the

new action results in collision or tak es the rob ot to the

goal, the curren t trial is terminated, the rob ot is re-

lo cated to home lo cation and, a new trial is started.

Otherwise, adaptation and exploration con tinue until

the rob ot collides or reaches the goal.

3.3 Adaptation

Before the learner generates an action for the presen t

situation, it adapts the learning parameters of the pre-

vious winning neuron. Eac h of the learning parameters

are adapted using di�eren t adaptation algorithms and

error sources.

The utility v alue of the previous winning neuron

u

j

( t ) is up dated by temp or al di�er enc e (TD) metho d

[13 ]. Assuming neuron i is the presen t winning neuron

with an asso ciated utility u

i

( t + 1), r ( t + 1) is the im-

mediate reinforcemen t, and 
 is a real v alue b et w een
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[0 ; 1], the estimation error of u

j

(commonly called TD

error) b et w een the estimates at t + 1 and t is,

� ( t + 1) = r ( t + 1) + 
 u

i

( t + 1) � u

j

( t ) (8)

During learning � ( t + 1) is di�eren t from zero either

b ecause the utilit y v alues do not y et con v erge or the

rob ot has chosen a non optimal action. If � ( t + 1) < �,

where � is some negative constant, then the situation

at time t is incorrectly classi�ed to neuron j . Because,

ev en if the situation is close to neuron j as measured

by Eqn. (7), it is found to ha v e quite a di�eren t utility

v alue from u

j

. Therefore, the learner splits this situa-

tion from neuron j by creating and adding a new neu-

ron at that situation. This is a second w ay of adding

neuron and is called err or driven , where the error is

the TD error. Otherwise, if � ( t + 1) > �, then u

j

is

adapted by:

u

j

( t + 1) = u

j

( t ) + � u

j

( t + 1) (9)

� u

j

( t + 1) =

�

�

r

� ( t + 1) � ( t + 1) > 0

�

p

� ( t + 1) � ( t + 1) < 0

(10)

where �

r

and �

p

are t w o learning rates with �

r

> �

p

.

The utility u

j

is adapted less in tensiv ely when the TD

error is negative than when it is p ositiv e. This is b e-

cause a negative TD error is probably caused by bad

action selection that results in a less utility estimate

[11 ].

The output w eigh t w

j

directly con trols the mean �

of the output sto chastic unit and is up dated in a direc-

tion that lies along the gradien t of the exp ected utility .

Williams' REINF ORCE algorithm [14 ] is emplo y ed to

up date the w eigh t w

j

,

w

j

( t + 1) = w

j

( t ) + � w

j

( t + 1) (11)

� w

j

( t + 1) =

�

�

r

� ( t + 1) e

j

� ( t + 1) > 0

�

p

� ( t + 1) e

j

� ( t + 1) < 0

(12)

where � ( t + 1) is the TD error giv en by Eqn. (8) and

e

j

is the characteristic eligibilit y of w

j

that measures

ho w in
uen tial w

j

w as in determining the sto chastic

action [14 ]. Similar to utilit y up date, the w eigh t w

j

is

up dated less in tensiv ely when the TD error is negative

than when it is p ositiv e, i.e. �

r

> �

p

.

Finally , the cen ter p osition c

j

of the winning neuron

is shifted to w ard x using,

� c

j

= � ( x � c

j

) (13)

where � is the learning rate. Our presen t arc hitecture

prev ents neurons from collapsing in a region of high

data density , since it activ ates only one neuron for ev-

ery situation and the widths of all neurons are constant.

Ev ery time the rob ot mo v es, the learner k eeps track

of the winning neuron j ( t ), its asso ciated utility v alue

u ( j ( t )) and, the immediate reinforcemen t r ( t ) along the

tra jectory . If a tra jectory leads to the goal, the learning

algorithm b ack up the utility v alues of all neurons that

lie along this tra jectory [7, 11 ]. While utility , output

w eigh t and, cen ter p osition are adapted at eac h mo v e,

prototypical actions are r eplac e d by the actual actions

if the rob ot reaches the goal with the b est total rein-

forcement. W e de�ne total reinforcemen t as the sum of

immediate reinforcemen ts the learner receiv es till the

rob ot reaches the goal p oint.

R =

T

X

t =0

r ( t ) (14)

Where T is total num b er of mo v es required to reach

the goal. If the rob ot reaches the goal through a tra-

jectory whose total reinforcemen t is greater than the

maxim um R

max

so far obtained, the algorithm replaces

the prototypical actions of all neurons that lie along the

tra jectory by their resp ective actual actions.

4 Results

W e v alidate our arc hitecture and learning algorithm

on a sim ulator made for the TRC rob ot. The sim ulator

has simpli�ed dynamics and assumes noise free sensors.

Ho w ev er, it tak es in to accoun t the physical dimensions

of the rob ot by reducing its size prop ortionally and

places eac h sensors at the same lo cations as in the real

rob ot. Besides, the fuzzy rules wired for the real rob ot

are directly transfered without tamp ering to the sim u-

lator.

Figure 5 sho ws the �nal tra jectory of the rob ot and

�gure 6 sho ws the num b er of neurons and total re-

inforcement v alue against the num b er of trials. It is

observed that during the �rst eigh t trials the rob ot

failed to reach the goal. This is not surprising, b e-

cause the learner is empty and has to acquire enough

situation-action pairs. Note that the total reinforce-

men t Eqn.(14) is not de�ned if the rob ot fails to reach

the goal, hence no data is av ailable to plot.

At the ninth trial the rob ot reached the goal for

the �rst time. It is during this trial that the learner

receiv ed the low est total reinforcemen t (�gure 6 b e-

low). F urthermore the path follo w ed during this trial

lo oks more of haphazard motion. After the rob ot has

reached the goal at the ninth trail, it has chosen eigh t

times non optimal actions that ultimately lead to real

or virtual collisions (�gure 6 b elow). This is due to the

exploratory nature of the actor elemen t and is common

in an y reinforcemen t learning [11 ]. F rom the tw elfth
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trial and afterw ards the bias comp onen t has practi-

cally stopp ed in terv ening. Besides the size of net w ork

(�gure 6 ab o v e) has b ecome saturated (b et w een trials

only few neurons are added). This indicates that the

learner has already started op erating in reinforcemen t

mo de.

Figure 5. Rob ot trajecto ry

After trial thirty the rob ot has visited the goal con-

stantly , the total reinforcemen t remains stable within

� 3, except at trial 41, where the learner explore other

actions from the curren tly kno wn optimal v alues (�g-

ure 6 b elow). In subsequen t trials, ho w ev er, it has

quic kly disco v ered its previous p erformance. The �nal

result (�gure 5) demonstrates that the rob ot has indeed

adapted quic kly the coarse and instinct skill acquired

from the bias comp onen t to get smo oth and planned

like tra jectory .

5 Conclusion

W e ha v e prop osed a feasible rob ot learning arc hi-

tecture that learns quic kly from reinforcemen t signal

alone. The arc hitecture has t w o comp onen ts: a bias

comp onen t and a learning comp onen t. Initially the

bias comp onen t in terv enes in the learning pro cess fre-

quently to resolv e unkno wn situations. As learning

pro ceeds, ho w ev er, it stops in terv ening and the learner

optimizes (re�nes) the acquired situation-action pairs

using the reinforcemen t signal. The arc hitecture has

b een tested on a sim ulated TR C mobile rob ot for goal

reaching task. The �nal planned like tra jectory and

the num b er of trials required v alidates our approach.

W ork is going on to transfer the obtained result on the

real rob ot.
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Figure 6. T op: Netw ork size, Bottom: T otal

Reinforcements.

Figure 7. T rajecto ries of the rob ot fo r other

sample sta rt p oints
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