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Abstract

In this paper, we confront the problem of applying reinforcemert learning to agerts that
perceive the environment through many sensorsand that can perform parallel actions using
many actuators asis the casein complex autonomousrobots. We arguethat reinforcemen
learning can only be successfullyapplied to this caseif strong assumptionsare made on
the characteristics of the ervironment in which the learning is performed, so that the
relevant sensorreadingsand motor commandscan be readily identi ed. The introduction
of such assumptionsleadsto strongly-biasedlearning systemsthat can eventually losethe
generality of traditional reinforcemert-learning algorithms.

In this line, we obsene that, in realistic situations, the reward received by the robot
dependsonly on a reducedsubsetof all the executedactions and that only a reducedsubset
of the sensorinputs (possibly di®erert in ead situation and for eat action) are relevant to
predict the reward. We formalize this property in the so called categorizability assumption
and we presert an algorithm that takesadvantage of the categorizability of the environment,
allowing a decreasein the learning time with respect to existing reinforcemert-learning
algorithms. Results of the application of the algorithm to a couple of simulated realistic-
robotic problems (landmark-basednavigation and the six-leggedrobot gait generation) are
reported to validate our approac and to compareit to existing °at and generalization-
basedreinforcemeri-learning approacdes.

1. Intro duction

The division between knowledge-basedand behavior-based arti cial intelligence has been
fundamental to achieving successfubpplications within the “eld of autonomousrobots (Arkin,
1998). Howewer, up to now, this division has had few repercussionsfor reinforcemen learn-
ing. Within arti cial intelligence, reinforcemert learning has been formalized in a very
general way borrowing ideas from the dynamic programming and decision-theory “elds.

Within this formalization, the objective of reinforcemert-learning methods is to establish
a correct mapping from a set of abstract obsenations (formalized as stateg to a set of
high level actions, without being worried about how these sets of states and actions are
de ned (for an introduction to reinforcemert learning you can ched Kaelbling, Littman,

& Moore, 1996; Sutton & Barto, 1998,among many others). Algorithms dewveloped within

this general framework can be usedin di®erert “elds without any modi cation. For eat

°c 2005 Al Access Foundation. All rights reserved.



Porta & Celaya

particular application, the de nition of the sets of states and actions is the responsibility
of the programmer and is not supposedto be part of the reinforcemen-learning problem.
Howevwer, as clearly pointed by Brooks (1991), in autonomous robots the major hurdles
are those related with perception and action represertations. For this reason,in a robotic
task, what traditional reinforcemen-learning researtr assumesto be the major problem
(connecting states and actions) is simpler than what it assumesas given (the de nition
of states and actions). The consequencds that existing reinforcemen-learning methods
are best suited for problems that fall into the symbolic arti cial intelligence domain than
for those that belongto robotics. Due to the generality of existing reinforcemen-learning
algorithms, a robotic problem can be analyzed and re-formulated sothat it can be tackled
with the available reinforcemert-learning tools but, in many cases,this re-formulation is
too awkward intro ducing unnecessarycomplexity in the learning process. The alternative
we explore in this paper is a new reinforcemen-learning algorithm that can be applied to
robotic problems asthey are, without any re-formulation.

As Brooks (1991) remarked, dealing with areal environment is not necessarilya problem
sincereal ervironments have propertiesthat canbe exploited to reducethe complexity of the
robot's cortroller. In Brooks' works, we can nd simple robot cortrollers that achieve very
good performancein particular environments. This is clearly in contrast with the generality
pursued within reinforcemert learning. Following an idea parallel to that of Brooks, in this
paper, we presernt a new reinforcemert-learning algorithm that takesadvantage of a speci ¢
ernvironment-related property (that we call categorizability) to exciently learn to adcieve
a given task. We formalize the categorizability property and we presernt a represeration
system (partial rules) to exploit this property. A remarkable feature of this represertation
system is that it allows generalization in both the spacesof sensorsand actions, using
a uniform mechanism. This ability to generalizein both the state and action spacesis
fundamental to successfullyapply reinforcemen learning to autonomousrobots.

This paper is organizedasfollows. First, in Section2, we formalize reinforcemert learn-
ing from the point of view of its usein the eld of autonomousrobotics and we describe
the problemsthat make °at (and, in most cases,also generalization-based)reinforcemen-
learning algorithms not adequate for this case. Section 3 presens the categorizability as-
sumption which is plausible in most robotics ervironments. Then, in Section 4, we describe
an alternativ e reinforcemert-learning algorithm that exploits the categorizability assump-
tion to circumvert the problems presern in existing approaches. In Section 5, we analyze
the points of contact betweenour proposal and already existing work. Next, in Section 6,
we presernt experiments that validate our approach. The experiments are performed in
simulations that mimic realistic robotic applications where the categorizability assumption
is likely to be valid. Finally, in Section 7, we conclude by analyzing the strengths and
weaknesse®f the proposedlearning system.

Additionally , Appendix A provides a detailed description of the partial-rule learning
algorithm introduced in this paper, Appendix B is dewted to an enhancemeh on this
algorithm to make its execution more excient, and Appendix C summarizesthe notation
we usethroughout the paper.
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2. Problem Formalization

For simplicity, we assumethat the robot perceivesits environment through a set of binary
feature detectors' FD = ffd, ji = 1::nfg. A feature detector can be devisedas a process
that identi es speci ¢ combinations of presert (and possibly past) sensorreadings. The
use of feature detectors is very common in robotics. In this “eld, feature detectors are
de ned by the programmer attending to the special characteristics of the ervironment, the
robot sensorsand the task to be executedin order to extract potentially usefulinformation
(presenceof landmarks or obstacles,...) from raw sensorreadings.

In a similar way, instead of working directly with the spaceof actions provided by
the robot motors (that de ne a too low-level way of controlling the robot), it is a common
practice to de ne a setof elementaryactionsEA = feaji = 1::neg. An elemenary action is
a speci ¢ sequence/corbination of motor commandsde ned by the programmer attending
to the characteristics of the robot and the task to be achieved. To simplify, we can assume
that elemerntary actions are of the form (m; A k) (i 2 [1::nym]) wherem; is a motor and k
avalue in the range of valid inputs for the motor m;. This framework is quite °exible since
a motor m; can be either one of the physical motors of the robot or a high-level, abstract
motor that combines movemerts of the actual motors. With this formalization, at a given
momert, the robot can executein parallel as many elemerary actions as available motors.

A robot controller canbe seenasa procedurethat executes(combinations of elemenary)
actions in responseto speci ¢ situations (i.e., activation of speci ¢ feature detectors) with
the objective of achieving a given task. Reinforcemert-learning approades automatically
de ne sud a cortroller usingthe information provided by the reward signal. In the context
of reinforcemert learning, the cortroller is called the policy of the learner.

The obijective of the value-function-basedreinforcemert-learning algorithms (the most
commonreinforcemen-learning algorithms) is to predict the reward that can be directly or
indirectly obtained from the executionof ead action (i.e., of ead combination of elemenary
actions) in ead possiblesituation, described asa combination of active and inactiv e feature
detectors. If this prediction is available, the action to be executedin ead situation is the
one from which maximum reward is expected.

To predict the reward, classic reinforcemeni-learning algorithms rely on the Markov
assumption, that requiresa state signalto carry enoughinformation to determine the e®ects
of all actions in a given situation.? Additionally , non-generalizing reinforcemeri-learning
algorithms assumethat the states of the system must be learned about independertly. So,
the information gatheredabout the e®ectsf an action a in a given state s, denoted Q(s; a),
cannot be safely transferred to similar states or actions. With this assumption, the cost of
a reinforcemert-learning algorithm in a generalproblem is

-( ns ng);

where ng is the number of states and n, is the number of actions. This is becauseeath
action hasto be tried asleast oncein ead state. Sincethe state is de ned asthe obsened

1. Non-binary feature detectors providing a discrete range of values can be readily binarized.

2. Non-Mark ovian problems, when confronted, should be converted into Markovian ones. How to do that
is out of the scope of this paper, although it is one of the most relevant points to achieve a successful
real-world reinforcement-learning application.
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combination of feature detectors, we have that the potential number of statesis
ng = 2" ;
with ns the number of feature detectors. Consequetly, we have that
-(nsna) = -2 " na);

which is exponertial in the number of feature detectors. Sincethe number of feature detec-
tors usedin robotic applications tends to be high, non-generalizingreinforcemert learning
becomesimpractical for realistic problems. This is the well known curse of dimensionality
intro duced by Bellman (1957), whosereseard presagedsomeof the work in reinforcemen
learning.

Although the size of the action set (ny) is asimportant asthe size of the state set (ng)
in the curseof dimensionality, lessattention is paid to actionsin the reinforcemen-learning
literature. Howewer, a robot with many degreesof freedom can execute many elemenary
actions simultaneously and this makes the cost of the learning algorithms also increase
exponertially with the number of motors of the robot (np,).

Supposewe addressthe sametask but with two di®eren setsof feature detectors FD ;
and FD, sudh that FD1 %2 FD». Using a plain reinforcemen-learning algorithm, the cost
of nding a proper policy would be larger using the larger set of features (FD ;). And this
is so even if one of the featuresin FD, j FD1 hasa stronger correlation with the reward
than any of the featuresin FD;. Non-generalizingreinforcemert-learning algorithms are
not able to take advantage of this situation, and, even having better input information,
their performance decreases.A similar argumert can be made for actions in addition to
feature detectors.

Generalizing reinforcemen-learning algorithms sud as those using gradient-descen
techniques (Widrow & Ho®, 1960), coarse codings (Hinton, McClelland, & Rumelhart,
1986), radial-basis functions (Poggio & Girosi, 1990), tile coding (Sutton, 1996) or decision
trees (Chapman & Kaelbling, 1991; McCallum, 1995) can partially palliate this problem
since they can deal with large state spaces. However, as we approad complex realistic
problems, the number of dimensionsof the state-spacegrows to the point of making the use
of some of these generalization techniques impractical and other function approximation
techniques must be used(Sutton & Barto, 1998, page 209).

Adding relevant inputs or actions to a task should make this task easieror at least
not more ditcult. Only methods whosecomplexity dependson the relevance of the avail-
able inputs and actions and not on their number would scalewell to real domain problems.
Examplesof systemsful Tling this property are, for instance, the Kanerva coding systempre-
sented by Kanerva (1988) and the random representationmethod by Sutton and Whitehead
(1993). While those systemsrely on large collections of xed prototypes (i.e., combinations
of feature detectors) selectedat random, our proposalis to seard for the appropriate pro-
totypes, but using a strong bias so that the seart can be performed in a reasonabletime.
This strong bias is basedon the categorizability assumptionthat is a plausible assumption
for the caseof autonomousrobots, which allows a large speed up in the learning process.
Additionally , existing systemsdo not addressthe problem of determining the relevance of
actions, sincethey assumethe learning agert has a single actuator (that is, obviously, the
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only relevant one). This simple set up is not adequatefor robotics. In our approacd (pre-
serted below), combinations of both feature detectorsand elemenary actions are considered
using a uni ed framework.

3. The Categorizabilit y Assumption

From our experiencedeveloping cortrollers for autonomousrobots, we obsene that, in many
realistic situations, the reward received by the robot dependsonly on a reduced subset of
all the actions executedby the robot and that most of the sensorinputs are irrelevant to
predict that reward. Thus, for example, the value resulting from the action of \grasping
the object in front of the robot" will depend on what the object is: the object the robot
should bring to the user, an electri ed cable, or an unimportant object. However, the result
will probably be the samewhether or not the robot is moving its cameraswhile grasping
the object, if it is day or night, if the robot is, at the sametime, cheding the distance to
the nearestwall, or if it can seea red light nearby or not (aspects, all of them, that may
becomeimportant in other circumstances).

If an agert obsenesand acts in an environment where a reduced fraction of the avail-
able inputs and actuators have to be consideredat a time, we say that the agert is in a
categorizableernvironment.

Categorizability is not a binary predicate but a graded property. In the completely
categorizable case, it would be necessaryto pay attention to only one sensor/motor in
ead situation. On the other extreme of the spectrum, if all motors have to be carefully
coordinated to achieve the task and the e®ectof ead action could only be predicted by
taking into accourt the value of all feature detectors, we would say that the ervironment is
not categorizableat all.

Since robots have large collection of sensorsproviding a heterogeneouscollection of
inputs and many actuators a®ecting quite di®erernt degreesof freedom, our hypothesisis
that, in robotic problems, ervironments are highly categorizable and, in those cases,an
algorithm biasedby the categorizability assumption would result advantageous.

4. Reinforcemen t Learning in Categorizable Environmen ts: the Partial
Rule Approac h

Toimplement an algorithm ableto exploit the potential categorizability of the environment,
we needa represenation systemable to transfer information betweensimilar situations and
also betweensimilar actions.

Clustering techniquesor successie subdivisions of the state space(as, for instance, that
preseried by McCallum, 1995) focus on the perception side of the problem and aim at
determining the reward that can be expected in a given state s considering only some of
the feature detectors perceived in that state. This subsetof relevant feature detectors is
usedto compute the expected reward in this state for any possible action a (the Q(s;a)
function). Howewer, with this way of posingthe problem the curseof dimensionality problem
is not completely avoided since some of the features can be relevant for one action but
not for another and this producesan unnecessary(from the point of view of ead action)
di®ereriiation betweenequivalent situations, decreasingthe learning speed. This problem
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can be avoided by nding the speci ¢ set of relevant feature detectors for ead action. In
this case,the Q function is computed as Q(f s(a); a), with a state de nition that is function
of the action under consideration. This technique is used, for instance, by Mahadevan and
Connell (1992). Unfortunately, in the problem we are confronting, this is not enoughsince,
in our case,actions are composedby combinations of elemenary actions and we alsowant to
transfer reward information betweensimilar combinations of actions. Therefore, we have to
estimate Q(fs(a); a) only taking into accourt someof the elemenary actions that compose
a. Howevwer, in principle, the relevanceof elemenary actions is function of the situation (or,
equivalertly, of the state): a given elemenary action canbe relevant in somesituations but
not in others. For this reason,the function to approximate becomesQ(f s(a);fa(s)) where
there is a cross-de@ndencybetweenthe state de ned asa function of the action, f s(a), and
the action de ned as a function of the state, f 4(s). The proposal we detail next solvesthis
cross-dendency by working in the Cartesian product of the spacesof feature detectors
and elemerary actions combinations.

To formalize our proposal, we intro duce somede nitions.

We say that the agert perceives(or observe} a partial view of order k, v(fd;, ;:::;fd; ),
k - nt whenewer the predicate fd;, * :::” fd;, holds2 Obviously, many partial views can be
perceived at the sametime.

At a given momert, the agert executesan action a that issuesa di®erert command for

eadt one of the agert's motors a = feay;:::;ean, 9, with ny the number of motors.
A partial command of order k, noted asc(ea;,;:::;ea,), K- nm, is exeuted whenewer
the elemertary actionsfea,;:::;ea,g are executedsimultaneously. We sa that a partial

command c and an action a are in accordance if ¢ is a subsetof a. Note that the execution
of a given action a supposesthe execution of all the partial commandsin accordancewith
it.

A partial rule w is de ned as a pair w = (v;c), wherev is a partial view and c is a
partial command. We sgy that a partial rule w = (v;c) is active if v is obsered, and that w
is used wheneer the partial view v is perceived and the partial command ¢ is executed. A
partial rule coversa sub-areaof the Cartesian product of feature detectors and elemerary
actions and, thus, it de nes a situation-action rule that can be usedto partially determine
the actions of the robot in many situations (all those where the partial view of the rule is
active). The order of a partial rule is de ned as the sum of the order of the partial view
and the order of the partial commandthat composethe rule.

We assaiate a quartiy ¢ to ead partial rule. g, is an estimation of the value (i.e., the
discourted cumulativ e reward) that can be obtained after executing c when v is obsened
at time t:

)4 ot+i
Ow = M+is
i=0
with ry+; the reward received by the learner at time step t + i after rule w is usedat time
t. So, a partial rule can be interpreted as: if partial view v is observel then the exeution
of partial command c resultsin value qgy.

3. A partial view can also include negations of feature detectors since the non-detection of a feature can be
asrelevant asits detection.
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The objective of the learning procesdss that of deriving a setof partial rulesand adjusting
the corresponding g, valuessothat the desiredtask can be properly achieved.

The apparert drawbadk of the partial-rule represertation is that the number of possible
partial rules is much larger than the number of state and action pairs: The number of
partial rules that can be de ned on a set of ny binary feature detectors and n,, binary
motors is 3" *"m while the number of di®eren states and action pairs is \only" 2"t*"m
If arbitrary problemshave to be confronted (as is the casein syrnthetic learning situations),
the partial-rule approad could not be useful. Howewer, problems confronted by robots
are not arbitrary since, as mentioned, environments presen regularities or properties (as
categorizability) that can be exploited to reducethe complexity of the cortroller necessary
to achieve a given task.

Using the partial-rule framework, the categorizability assumptioncanbe formally de ned
as:

De nition 1 We say that an environment/task is highly categorizableif there exists a set
of low-order partial rules that allows us to predict the reward with the sameaccuracy as if
statistics for each possible state-action combination were considered. The lower the order
of the rules in the controller the higher the categorizability of the environment/task.

To the extent the categorizability assumption is ful lled, the number of partial rules
necessaryto control the robot becomesmuch smaller than the number of state-action pairs
that canbe de ned using the samesetsof feature detectorsand elemerary actionsin which
the partial views and partial commandsare based. Additionally , categorizability implies
that the rules necessaryin the controller are mostly those with lower order and this can
be easily exploited to bias the seard in the spaceof partial rules. So, if the ernvironment
is categorizable, the use of the partial-rule approac can suppose an important increase
in the learning speed and a reduction in the use of memory with respect to traditional
non-generalizingreinforcemert-learning algorithms.

In the following sections, we describe how it is possibleto estimate the e®ectof an
action given a xed set of partial rules. This ewaluation, repeated for all actions, is used
to determine the best action to be executedat a given momert. Next, we detail how it is
possibleto adjust the value predictions of a xed setof partial rules. Finally, we describe how
the categorizability assumption allows us to use an incremental strategy in the generation
of new partial rules. This strategy results in faster learning than existing generalizingand
non-generalizingreinforcemeri-learning algorithms. All proceduresare described in high-
level form to make the explanation more clear. Details of their implementation can be found
in Appendix A.

4.1 Value Prediction wusing Partial Rules

In a given situation, many partial views are simultaneously active triggering a subsetof the
partial rules of the cortroller C. We call this subsetthe active partial rules and we denote
it as C% To ewaluate a given action a we only take into accourt the rules in C°with a
partial commandin accordancewith a. We denote this subsetas C%a). Note that, in our
approad, when we refer to an action, we meanthe corresponding set of elemenary actions
(one per motor) and not a singleelemen, asit is the generalcasein reinforcemen learning.
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Every rule w = (v;c) in CYa) provides a value prediction for a: the q, asswiated with
the partial rule. This is an averagedvalue that provides no information about the accuracy
of this prediction. As also pointed by Wilson (1995), we should favor the use of the partial
rules with a high accuracyin value prediction or, aswe s& it, rules with a high relevane.

It seemsclear that the relevance of a rule (%,) depends on the distribution of values
around q,. Distributions with low dispersion are indicative of coheren value predictions
and, so, of a highly relevant rule. To measurethis dispersionwe maintain an error estimation
ey on the approximation of g,. Another factor (not usedby Wilson, 1995)to be taken into
account in the relevance determination is the con dence on the g, and e, statistics: low
con dence (i.e., insutciently sampled) measuresof g, and e, should reducethe relevance
of the rule. The con dence on the value prediction for a given rule (cy) is a number in
the interval [0; 1], initialized as 0, and increasing as the partial rule is used(i.e., the rule
is active and its partial command is executed). The con dence would only decreasef the
value model for a given partial rule is consisterily wrong.

Using the con dence, we approximate the real error in the value prediction for a partial
rule w as

2y =ewCyt+ (i Cw);
where value € is the averageerror on the value prediction. Obserwe that the importance of
e is reducedas the con denceincreasesand, consequetly, 2,, corvergesto e, .
With the above de nitions, the relevanceof a partial rule can be de ned as

1

1 = .
Y T

Note that the exact formula for the relevanceis not that important asfar as2,1 - 2y !
Ya1 . Ya2. The above formula provides a value in the range [0; 1] that could be directly
usedas a scalefactor, if necessary

The problem is then, how can we derive a single value prediction using the g, statistics
of all the rules in Cqa) and its corresponding relevance value, ¥%,? Two possiblesolutions
cometo mind: using a weighted sum of the valuespredicted by all thesepartial rules using
the relevanceasa weighting factor, or using a competitiv e approad, in which only the most
relevant partial rule is usedto determine the predicted value. The weighted sum assumes
a linear relation betweenthe inputs (the value prediction provided by ead individual rule)
and the output (the value prediction for a). This assumption has proved powerful in many
systemsbut, in general, it is not compatible with the categorizability assumption since,
although ead one of the partial rules involved in the sum can be of low order, taking all
of them into accourt meansusing a large set of di®eren feature detectors and elemernary
actions to predict the e®ectof a given action. For this reason,our learning system usesa
winner-take-all solution where only the value prediction of the most relevant partial rule is
taken into accourt to predict the value of an action. So, for ead action we determine the
winner rule

— wi 0 a) = 1
w =winner (C% a) =arg BW@%%((a)f V3,00,

and we use the range of likely value for this rule, I = [qn i 22w;Qyv + 22w], to randomly
determine the value prediction for action a. The probability distribution inside this interval
dependson the distribution we assumefor the value.
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The procedurejust outlined can be usedat ead time step to obtain a value prediction
for each action. The action with the maximal value is the onewe want the robot to execute
next.

Obsene that we obtain a probabilistic value prediction: in the samesituation with the
same statistics, we can get di®eren value predictions for the same action. In this way,
the action that obtains the maximal evaluation is not always the one with maximal g,
and, consequetly, we favor the exploration of promising actions. This probabilistic ac-
tion selectionprovides an exploratory mecanism that usesmore information than typical
reinforcemert-learning exploration medanisms (the error and con dence of value predic-
tions is not available in most reinforcemen-learning algorithms) and the result is a more
sophisticated exploration schema (see Wilson, 1996, for a survey of di®eren exploration
medanismsin reinforcemert learning).

4.2 Partial Rules Value Adjustmen t

We adjust the value predictions for all the rulesin C%a) wherea is the last executedaction.
For ead rule to be adjusted, we have to update its q, ey, and ¢, statistics.

The e®ectof any action a in accordancewith the partial command c attending to a
partial rule w = (v;c) can be de ned (using a Bellman-like equation) as

X
o =Tw+°  pw;CYv(CY;
8Cco

whereT, is the averagereward obtained immediately after executing c whenv is obsened,
° isthe discourt factor usedto balancethe importance of immediate with respectto delayed
reward, v°(CY represeits the goodness(or value) of the situation whererules C°%are active,
and p(w; C9 is the probability of reacing that situation after the execution of ¢ when v
is obsened. The value of a situation is assessedising the best action executablein that
situation

vi(CY = rrgaoxf o jw = winner (C%a%g;
a

sincethis givesus information about how well the robot can perform (at most) from that
situation.

As in many of the existing reinforcement-learning approades, the valuesof g, and ey
for the rules to be adjusted are modi ed using a temporal di®erencerule so that they
progressiwely approadc g and the error on this measure. Rules that have a direct relation
with the received reward would provide a value prediction (qy) coherent with the actually
obtained one and, consequetly, after the statistics adjustment, their prediction error will
be decreased.Contrariwise, rules not related to the obsened reward would predict a value
di®erert from the obtained one and their error statistics will be increased.In this way, if a
rule is really important for the generation of the received reward, its relevanceis increased
and if not it is decreased.Ruleswith low relevance have few chancesof being usedto drive
the robot and, in extreme casesthey could be removed from the cortroller.

The con dence ¢, should also be adjusted. This adjustment dependson how the con-
“dence is measured. If it is only related to the number of samplesusedin the g, and ey
statistics, then ¢, should be simply slightly incremerted every time the statistics of rule w
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are updated. However, we also decreasethe con denceif the value model for a given partial
rule is consisterlly wrong (i.e., the value obsened is systematically out of the interval 1).

Obsene that our learning rule is equivalert to those usedin state-basedreinforcemern-
learning methods. For instance, in Q-learning (Watkins & Dayan, 1992), Q°(s;a), with s a
state and a an action, is de ned as

X
QUs;a)=Tw+°  p(s;a;s) VE(sY;

8s0

with p(s;a;s9 the probability of a transition from s to s®when a is executedand
V2(s% = maxf Q°(s®a%g
8al

In our approad, the set of rules active in a given situation C° plays the role of a state
and, thus, v°(C9 and V°(s9 are equivalert. On the other hand, we estimate ¢, instead
of Q“(s;a), but the rule w includes information about both (partial) state and actions
making q; and Q°(s;a) to play a similar role. The value prediction for a given rule, gy,
corresponds to the average of value predictions for the cells of the Cartesian product of
feature detectors and elemenary actions covered by that rule. In the caseof complete
rules (i.e., rules involving all the feature detectors and actions for all motors), the sub-area
covered by the rule includes only one cell of the Cartesian product and, therefore, if the
controller only includes complete rules, the just described learning rule is exactly the same
asthat usedin Q-learning. In this particular case,Cqa) is just onerule that, consequetly,
is the winner rule. The statistics for this rule are the same(and are updated in the same
way) asthosefor the Q(s;a) entry of the table usedin Q-learning. Thus, our learning rule
is a generalization of the learning rule normally usedin reinforcemert learning.

4.3 Controller Initialization and Partial Rule Creation/Elimination

Sincewe assumewe are working in a categorizableervironment, we can usean incremertal
strategy to learn an adequate set of partial rules: we initialize the cortroller with rules of
the lowest order and we generatenew partial rules only when necessary(i.e., for casesnot
correctly categorizedusing the available set of rules). So, the initial cortroller can contain,
for instance, all the rules of order two that include one feature detector and one elemerary
action ((v(fd,);c(ag)); (v(: fd));c(ag)) 8i;j). In any case,it is sensibleto include the
empty rule (the rule of order O, w.) in the initial cortroller. This rule is always active and it
provides the averagevalue and the averageerror in the value prediction. Additionally , any
knowledgethe userhas about the task to be achieved can be easily introducedin the initial
controller in the form of partial rules. If available, an estimation of the value predictions
for the user-de ned rules can also be included. If the hand-crafted rules (and their value
predictions) are correct the learning processwill be accelerated.If they are not correct, the
learning algorithm would take care of correcting them.

We create a new rule when a large error in the value prediction is detected. The new
rule is de ned as a combination of two of the rulesin CYa), that are the rules that forecast
the e®ectsof the last executedaction, a, in the current situation. When selectinga couple
of rules to be combined, we favor the selection of those with a value prediction closeto
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the actually obsened one, sincethey are likely to involve features and elemenary actions
(partially) relevant for the value prediction we try to re ne.

The problem is that it is not possibleto determine a priori whether an incorrectly
predicted value would be correctly predicted after somerule adjustments or if it is really
necessaryto createa new partial rule to accourt for the received reward. So,if we createnew
rules when there is a large error in the value prediction, it is possibleto create unnecessary
rules. The existence of (almost) redundart rules is not necessarily negative, since they
provide robustnessto the cortroller, the so called degenercy e®ectintro duced by Edelman
(1989). What must be avoided is to generatethe samerule twice, sincethis is not useful at
all. Two rules canbe identical with respect to lexicographic criteria (they cortain the same
feature detectors and elemenary actions) but also with respect to semaric ones (they
get active in the same situations and propose equivalert actions). If identical rules are
created, then they have to be detected and removed as soon as possible. Preserving only
the rulesthat provedto be usefulavoids the number of rulesin the controller growing above
a reasonablelimit.

Since we create new rules while there is a signi cant error in the value prediction,
if necessary we could end up generating complete rules (provided we do not limit the
number of rules in our cortroller). In this case,and assumingthat the more speci ¢ the
rule the more accurate the value prediction, our system would behave as a normal table-
basedreinforcemen-learning algorithm: Only the most speci ¢ rules (i.e., the most relevant
ones)would be usedto evaluate actions and, as explained before, the statistics for these
rules would be exactly the sameasthosein table-basedreinforcemeri-learning algorithms.
Thus, in the limit, our systemcan deal with the sametype of problems as non-generalizing
reinforcemeri-learning algorithms. However, we regard this limit situation asvery improb-
able and we impose limits to the number of rules in our cortrollers. Obsene that this
asymptotic corvergenceto a table-basedreinforcemert learning is only possiblebecausewe
use a winner-takes-all strategy in the action evaluation. With a weighted-sum strategy,
the value estimation for the non-complete rules possibly presern in the controller would
be added to that of complete rules leading to an action evaluation di®erert from that of
table-basedreinforcemen-learning algorithms.

5. The Partial Rule Approac h in Context

The categorizability assumptionis closelyrelated with complexity theory principles sud as
the Minimum Description Length (MDL) that has beenusedby authors such as Schmid-
huber (2002) to bias learning algorithms. All these complexity results try to formalize the
well-known \Occam's Razor" principle that enforceschoosing the simplest model from a
set of otherwise equivalent models.

Boutilier, Dean, and Hanks (1999) preserns a good review on represenation methods
to reducethe computational complexity of planning algorithms by exploiting the particular
characteristics of a givenervironment. The represenation basedon partial rules canbeseen
asanother of theserepresenation systems. However, the partial rule is just a represertation
formalism that, without the bias intro duced by the categorizability assumption, would not
be excient enoughto be applied to realistic applications.
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The partial-rule formalism can be seenas a generalization of that of the XCS classi er
systemsdescribed by Wilson (1995). This XCS learning system aims at determining a set
of classi ers (that are combinations of featureswith an assaiated action) with their assai-
ated value and relevance predictions. The main di®erencebetweenthis approac and ours
is that Wilson's work pursuesa genericlearner and we bias the learning processusing the
categorizability assumption. This allows us to use an incremertal rule-generation strategy
that is likely to be more excient in robotic problems. Additionally , the categorizability as-
sumption also modi es the way in which the value for a given action is evaluated: Wilson's
approad usesa weighted sum of the predictions of the classi er advocating for ead action
to determine the expected e®ectof that action, while, to ful'll with the categorizability as-
sumption (i.e., to minimize the number of feature detectorsand elemenary actions involved
in a given evaluation), we proposeto usea winner-takes-all strategy. This is a critical point
since the winner-takes-all strategy takesfull advantage of the categorizability assumption
and becauseit allows the partial-rule systemto asymptotically corvergeto a table-based
reinforcemernt-learning system. This is not the casewhen a weighted sum strategy is used.
Furthermore, in the XCS formalism there is no generalization in the action spaceand, as
already commerted, this is a requiremert in robotic-lik e applications.

In general,reinforcemert learning doesnot pay attention to the necessiy of generalizing
in the spaceof actions, although someexceptionsexists. For instance, the work of Maesand
Brooks (1990) includes the possible execution of elemenary actions in parallel. However
this system does not include any medanism detecting interactions between actions and,
thus, the coordination of actions relies on sensoryconditions. For instance, this systemhas
ditculties detecting that the execution of two actions results always (i.e., independertly of
the active/inactiv e feature detectors) in positive/negative reward.

The CASCADE algorithm by Kaelbling (1993) learns ead bit of a complex action
separately This algorithm presens a clear sequetial structure where the learning of a
given action bit dependson all the previously learned ones. In our approach there is not
a prede ned order in the learning of the outputs and the result is a more °exible learning
schema.

In multiagent learning (Claus & Boutilier, 1998; Sen, 1994; Tan, 1997) the objective
is to learn an optimal behavior for a group of agerts trying to cooperatively solve a given
task. Thus, in this eld, asin our case,multiple actions issuedin parallel have to be con-
sidered. However, one of the main issuesin multiagent learning, the coordination between
the di®erert learnersis irrelevant in our casesincewe only have one learner.

Finally, the way in which we de ne complex actions from elemenary actions has some
points in commonwith the works in reinforcemen learning where macro-actionsare de ned
asthe learner confronts di®eren tasks (Sutton, Precup, & Singh, 1999; Drummond, 2002).
Howewer, the useful combinations of elemenary actions detected by our algorithm are only
guaranteed to be relevant for the task at hand (although they are likely to be also relevant
for related tasks).

6. Exp erimen ts

We show the results of applying our learning algorithm to two robotics-like simulated prob-
lems: robot landmark-based navigation and leggedrobot walking. The rst problem is
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Figure 1: Landscape for the simple landmark-based navigation task. The landscage is di-
vided in areas(the dashedovals) wherethe samesubsetsof landmarks are visible.

simpler (although it includes more delayed reward) and we useit to clearly describe the
workings of the algorithm. The secondproblem approacdesa realistic robotic application,
our objective in the long term. We usethe two examplesto compare the performance of
our learning system with that of generalizing and non-generalizingreinforcemert-learning
algorithms. The confronted problems are di®ereri enoughto show the generality of the
proposedlearning system.

6.1 Simulated Landmark-Based Navigation

We confront a simple simulated landmark-basednavigation task in the forest-like environ-
ment shown in Figure 1. The objective for the learner is to go from the start position
(marked with a crossat the bottom of the gure) to the goal position where there is the
food (marked with a cross at the top right corner of the ervironment). The agert can
neither walk into the lake nor escape from the depicted terrain.

The agert can make useof somebinary landmark (i.e., feature) detectorsto identify its
position in the ervironment and to decide which action to execute next. In the example,
the landmark detectors of the agert are:

1. Rock detector: Active when the rock is seen.
2. Boat detector: Active when the boat is seen.

3. Flower detector: Active when the bunch of owersis seen.
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Tree detector: Active when the tree is seen.

Bush detector: Active whenewer a bush is seen.

W ater detector. Active when there is water nearby.

Bird detector: Active whenthere is a bird °ying over the agert.

Cow detector: Active whenthere is a cow nearby.

© © N o 0 &

Sun detector: Active when the sun is shining.

10. Cloud detector: Active whenit is cloudy.

Of thesedetectors, only the rst 5 arerelevant for the task. The water detector is always
active, and the rest of landmark detectors becomeactive at random. These 10 landmark
detectors can di®erertiate between2'? = 1024 situations.

We simplify the problem by clustering the possiblepositions of the learner in the envi-
ronment in 7 areas(shown in Figure 1): ead areaincludes the positions from which the
sameset of relevant landmarks can be seen.

As far asactions is concerned,we usethree actions for the West-East movemert of the
robot: moveto the West (denoted asW), stay in the sameplace(j ), moveto the East (E).
The other three indicate movemert along the North-South dimension (move to the North
N, stay in the samelatitude j , move to the South S). Thesetwo independert groups of
three actions can be combined giving rise to 9 di®erent actions (move North-W est, North,
North-East, etc.). We assumethat when the agert executesone of these actions, it does
not stop until the nearestarea of the terrain in the direction of the movemert is reached.
When the agert tries to move into the lake or out of the terrain, it remains in the same
position it was. Figure 1 shaws all the possibletransitions betweencortiguous areasin the
ervironment.

With the just described landmark detectorsand elemerary actions the maximum possi-
ble order of a given rule is 12, and we can de ne up to 944784(3104?) syntactically di®eren
partial rules. Only taking into accourt all the rules with one feature detector and one ele-
mentary action (that are the onesinitially included in the cortroller) we have 90 di®eren
partial rules.

The agert only receivesreward (with value 100) whenit reachesthe goal. Consequetly,
this is a problem with delayed reward sincethe agernt must transmit the information pro-
vided by the reward signal to those actions and situations not directly related with the
obsenation of reward.

The parametersof the partial-rule learning algorithm we usedfor this task were® = 0:9,
=099, =5 ®=01,¢, =51 = 200and,, = 0:95 (seeAppendix A for a detailed
description of the parameters). Obsene that, with a maximum number of partial rules
1 = 200and an initial cortroller cortaining 90 rules, little room is left for the generation
of rules with order higher that 2.

The learning is organized in a sequenceof trials. Each trial consistsin placing the
learner in the starting position and letting it move until the goal is readhed, allowing the
execution of at most 150 actions to reach the goal. When performing optimally, only three
actions are required to reach the objective from the starting position.
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Figure 2: Performanceon the landmark-based navigation task. Results showvn are the av-
erageover 10 runs.

Figure 2 shaws that, after 40 learning trials, the agert approacesthe optimal behavior
(represeried by the °at dashedline at y = 3).

The dashedline in Figure 2 is the performanceof a XCS in this problem. To perform
this test, we used the implementation of Wilson's XCS deweloped by Butz (1999). To
make XCS work in the sameseart spaceas the partial-rule algorithm, we modi ed the
XCS implementation to be able to deal with non-binary actions. No other modi cation,
but parameter adjustment, were introduced in the original code. The results presered
here corresponds to the averageof 10 runs using the set of parametersthat gave a better
result. Nominally, these parameters were: learning rate ® = 0:1, decgy rate ° = 0.9,
maximum number of classi ers® = 200 (however, the initial set is empty), the genetic
algorithm is applied in averageevery 5 time steps,the deletion experienceis 5, the subsume
experienceis 15, the fall o® rate is 0.1, the minimum error 0.01, a prediction threshold
of 0.5, the crosswer probability is 0.8, the mutation probability 0.04 and the initial donit
care probability 1=3. The prediction and the tness of new classi ers are initialized to 10
and the error to 0. A detailed explanation of the meaning of those parametersis provided
by Wilson (1995) and also by the commerts in the code of Butz (1999).

We can seethat the XCS reachesthe sameperformanceof the partial-rule approacd, but
using about four times more trials. This di®erencein performanceis partially explained by
XCS'slack of generalizationin the action space. However this factor is not that relevant in
this casesincethe action spacehasonly two dimensions. The main factor that explainsthe
better performanceof the partial-rule approad is the biasintro ducedby the categorizability
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t | Position V | Action Winner Rule Ow ey | Guess
1 A2 81 | (W;N) | wy = (v(Rock;: Boat);c(W;N)) | 80:63 | 1:116 | 79.87
(W;i) wy = (V(Rock; Water);c(W)) | 7973 | 2219 | 77:65
2 A4 90 | (i ;N) w3 = (v(Boat; Tree);c(N)) 89.61 | 2.04 | 8888
(E;N) ws = (V(Tred;c(E;N)) 90.0 | 0:0 | 8986
(E;i) ws = (vV(: Rock; Boat); c(E)) 86:71 | 458 | 7956
3 A6 100| (E;i) we = (v(: Bush);c(E;j)) 1000 | 0:0 | 9987

Table 1: Partial execution trace for the landmark-based navigation task. Elemertary ac-
tion | meansno movemert alongthe corresponding dimension. At ead time step
t, the action with the highest guessis executed. After time step 3, the goal is
reached.

assumption that is not presen in the XCS system and that, in this case,allows a more
excient learning process.XCS in more powerful than our partial-rule approad in the sense
that XCS makes no assumption about the categorizability of the ervironment, while we
assumeit as high. The result of the XCS learning processincludes the identi cation of
the degreeof categorizability of the environment and in our casethis is, in some sense,
pre-de ned. The generality of the XCS, however, producesa slower learning process.

If weinitialize the classi ersin a XCSwith a high dorit care probability and we initialize
the rules in the partial-rule algorithm sothat no generalizationis usedin the action space
(i.e., if all rules include a command for eady motor), then the two systemsbecomecloser.
In this case,the main (but not the only) di®erencebetween the two approades is the
assumption on the relation betweenthe inputs and the value: While XCS assumesa linear
relation, we assumethe environment to be categorizable,or, what is the same,we assume
the value to depend on only few of the inputs. Due to this di®erence,when confronted to
the sameproblem, the two systemswould learn the same policy and the same values for
ead action, but the valueswould be computed using di®erert rules with di®erern assaiated
values, and this is soindependertly of the parameter/rule initialization usedin ead case.
The systemwith a smaller learning time would be that with an assumption closerto the
reality. The results obtained in the particular example presenied above shav that the
categorizability assumptionis more valid and our hypothesisis that this would be the case
in most robotics-like applications.

Table 1 shows the evaluation of someactions in the di®erent situations the agert en-
counters on its path from the start to the goal after 50 learning trials. Analyzing this trace,
we can extract someinsight about how the partial-rule learning algorithm works.

For instance, at time step 1, we seethat rule w, = (v(Rock; Water);c(W)) is usedto
determine the value of action (W; ). Sincethe landmark detector Water is always active,
this rule is equivalent to w = (v(Rock); c¢(W)), which is one of the rules usedto generatews.
If we examinethe statistics for w we nd that q, = 7470 and e, = 15:02. Obviously, the
value distributions of g, and gy, look di®erert (74.70vs. 79.73and 15.02vs. 2.19). This
is becausew, has been generatedon later stagesof the learning and, thus, its statistics
have beenupdated using a subsampleof the valuesusedto adjusts the statistics of w. In
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this particular case,q, has beenupdated 250 times while gy, has beenupdated only 27
times. As learning continues, both distributions will becomemore similar and rule wo will
be eventually eliminated.

In Table 1, we can seethat sometimesthere are some non-optimal actions that get
an ewvaluation closeto the optimal ones. For this reason,the agert executes,sometimes,
non-optimal actions and this increasesthe number of steps necessaryto reac the goal.
In general,the adjustment of the statistics of the rules can solve this problem but, in this
particular case,we needto createnewrulesto x the situation. For instance, at time step 2,
whenthe value for rule wy is increasedtowards 90, the value of rules active at this time step
and proposing actions in accordancewith the action of rule w, also converge toward 90.
So, in the long term, a rule proposing just action (N) can get a value closeto 90. In the
absenceof more speci ¢ rules, this rule can be usedto estimate the value of an action
such as (j ;N) and, due to the probabilistic nature of the action selection procedure, this
action can, evertually, be executed delaying the agert from reaching the goal by 1 time
step. Howewer, the executionof (j ;N) resultsin an error in the value prediction and, thus,
in the creation of new rules to better characterize the situation. As soon as a speci ¢ rule
for action (j ;N) is generated,the error is no longer repeated.

At time step 3, we seethat rule wg = (v(: Bush);c(E;i )) hasa value of 100with error
0 but the guessfor this rule is 99:87. This is becausethe maximum con dence (") is lower
than 1:0 (0:99 in this case)and this makesthe agernt to keep always a certain degreeof
exploration.

If the agert only receivesreward when the task is totally achieved, the function value
for ead situation can be computed asV (s) = °"i Ir with n the distance (in actions) from
situation s to the target oneand r the reward nally obtained. In Table 1, we can seethat
situations get the correct evaluation: 80:63(» 81 = 100¢0:9%) for A2, 90(= 100¢0:9) for
A4, and 100 for AG.

Obsene that this problem can be solved using only 200 partial rules out of the 9216
possible situation-action combinations in this domain. So, we can sa that the problem
is certainly categorizable. The main conclusion we can extract from this toy example is
that, in a particular casein which the confronted problem was categorizable,the presened
algorithm hasbeenable to determine the relevant rules and to adjust their values(including
the e®ectof the delayed reward) so that the optimal action can be determined for eath
situation.

6.2 Gait Generation for a Six-Legged Rob ot

We alsoapplied our algorithm to the task of learning to generatean appropriate gait (i.e., the
sequenceof steps) for a six-leggedrobot (Figure 3). To apply the learning algorithm to the
real robot would be possible,but dangerous:in the initial phasesof the learning the robot
would fall down many times damaging the motors. For this reasonwe used a simulator
during the learning and, afterward, we applied the learned policy to the real robot.

The problem of learning to walk with a six leggedrobot hasbeenchosenby many authors
before as a paradigmatic robotic-learning problem. For instance, Maes and Brooks (1990)
implemented a speci ¢ method basedon immediate reward to derive the preconditions for
ead leg to perform the step. Pendrith and Ryan (1996) used a simpli ed version of the
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six-leggedwalking problem to test an algorithm able to deal with Non-Markovian spaces
of states and Kirchner (1998) presenied a hierarchical version of Q-learning to learn the

low-level movemerns of ead leg, as well as a coordination scheme between the low-level

learned behaviors. llg, M#hlfriedel, and Berns (1997) introduced a learning architecture

basedon self-organizingneural networks, and Kodjabachia and Meyer (1998) proposedan

ewlutionary strategy to dewvelop a neural network to control the gait of the robot. Vallejo

and Ramos(2000) useda parallel geneticalgorithm architecture and Parker (2000) described

an ewlutionary computation where the robot executesthe best cortroller found up to a

givenmomert while a new optimal cortroller is computedin an o®-linesimulation. All these
algorithms are usually tested on °at terrain with the aim of generating periodic gaits (i.e.,

gaits where the sequenceof stepsis repeated cyclically). Howewver, for generallocomotion

(turns, irregular terrain, etc) the problem of free gait generation needsto be considered.

Figure 3: The Genghisll walking robot and its 2D simulation environment.

Our simulator (seeFigure 3) allows the cortroller to command ead leg of the robot in
two independen degreesof freedom (horizontal and vertical) and it is able to detect when
the robot isin an unstable position (in our robot this happenswhen two neighboring legsare
in the air simultaneously). Using this simulator, we implemented the behaviors described
by Celaya and Porta (1996) except those in charge of the gait generation. Therefore, the
task to be learned consistsin deciding at every momert which legsmust step (that is, leave
the ground and move to an advanced position), and which must descendor stay on the
ground to support and propel the body.

We de ned a set of 12 feature detectors that, due to our experienceon leggedrobots,
we knew could be useful in di®eren situations for the gait-generation task:

2 |n _the _air(x): Activeif the legx is in the air.

2 Adv anced(x): Activeif legx is more advancedthan its neighboring legin a clockwise
circuit around the robot.

Attending to the activation and non-activation of these 12 feature detectors, we can
di®ereniate between4096di®erert situations.

On the action side, we work with two di®erernt elemerary actions per leg: one that
issuesthe step of the leg and another that descendsthe leg until it touchesthe ground.
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Thus, the cardinality of the set of elemenary actionsis 12 and, at ead time step, the robot
issuesan action containing 6 elemenrary elemerns (one per leg). Thus, we can think of eat
leg as a virtual motor that acceptstwo possiblevalues, 0 to remain in contact with the
ground and 1 to perform the step.

The reward signal includes two aspects:

2 Stabilit y: If an action causesthe robot to fall down, a reward of j 50 is given.

2 Exciency: When the robot does not fall down, a reward equal to the distance
advanced by the robot is given. Obsene that when legs descendto recover contact
with the ground no advance of the robot is obtained but this movemert is necessary
to be ableto getreward in next time steps. So, we have again a problem with delayed
reward.

The most etcient stable gait is the tripod gait in which two sets of three non-adjacen
legsstep alternately. Using this gait, the robot would obtain a reward of 0 (when one group
of three legsare lifted and advanced) followed by a reward of 50 (when the legsin contact
with the ground move badkward as a reaction to the advanceof legsmoved in the previous
time step). Thus, the optimal averagereward is 25.

In the experimerts, the robot is setin an initial posture with all the legsin contact with
the ground but in a random advance position.

Figure 4 shows results of applying the partial-rule algorithm comparedwith those ob-
tained using standard Q-learning with 4096 distinct states and 64 di®erert actions.

For the partial-rule algorithm, we usedthe following set of parameters: ° = 0:2, =
0:99,” = 22,®= 0:1, ¢ = 150,* = 10000and, , = 0:95 (seeAppendix A for a description
of these parameters). For Q-learning, the learning rate is setto ® = 0:5 and we use an
action selectionrule that performs exploratory actions with probability 0:1.

In Figure 4, we can seethat the stability subproblem (i.e., not falling down, which
correspondsto getting a reward greater than zero) is learned very quickly. This is because,
in the stability subproblem, we can take advantage of the generalization provided by using
separateelemenary actionsand, with asinglerule, we canavoid executingseweral dangerous
actions. Howewer, the advance subproblem (i.e., getting a reward closeto 25) is learned
slowly. This is becausdittle generalizationis possibleand the learning systemmust generate
very speci ¢ rules. In other words, this sub-problemis lesscategorizablethan the stability
one.

As in the landmark-based navigation example discussedin the previous section, we
obsene that the cortroller contains some(slightly) overly generalrules that are responsible
for the non optimal performanceof the robot. However, we don't regard this asa problem
since we are more interested in exciently learning a correct enough policy for the most
frequert situations than in "nding optimal behaviors for all particular cases.

Figure 5 shows the performance of Q-learning over a longer run using di®eren explo-
ration rates. This shaws that Q-learning can evertually convergeto an optimal policy but
with many more iterations than our approac (about a factor of 10). Obsere that a lower
exploration rate allows the algorithm to achieve higher performance (around 19 with a
learning rate of 0.1 and around 24 with learning rate 0.01) but using a longer period. With
a careful adjustment of the exploration rate we can combine an initial faster learning with
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Figure 4: Performance of the partial-rule approach compared with standard Q-learning.
Results are the smoothed averageof 10 experimerts.

a better convergencein the long term. Experiments with Q-learning using learning rates
other than 0.5 shawed insigni cant di®erencescomparedto the results showvn here.

The advantage of our algorithm over non-generalizingonesis increasedin problems in
which someof the sensorsprovide information not related to the task. To test this point,
we set up an experimert in which 6 feature detectors that becomeactive randomly were
addedto the 12initial ones.With thesenew features,the number of possiblecombinations
of feature activations increases,and so doesthe number of states consideredby Q-learning.
Figure 6 shawvs the comparison between our algorithm and Q-learning for this problem.
Q-learning is not able to learn a reasonablegait strategy in the 5000 time steps shown
in the gure, while the performance of the partial-rule algorithm is almost the same as
before. This meansthat the partial-rule algorithm is able to detect which sets of features
are relevant and use them e®ectiely to determine the robot's behavior. It is remarkable
that, in this case,the ratio of memory usedby our algorithm with respect to that usedby
non-generalizing algorithms is below 0.2%. This exempli es how the performance of the
non-generalizingalgorithms degradesas the number of featuresincreases,while this is not
necessarilythe caseusing the partial-rule approach.

The importance of the generation of partial rulesin the improvemernt of the categoriza-
tion can be seencomparing the results obtained for the same problem with and without
this mechanism (Figure 7). The results shav that the task cannot be learned using only
partial rules of order 2. The only aspect of the gait-generation problem that can be learned
with rules of order 2 is to avoid lifting a leg if one of its neighboring legsis already in the
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Figure 5: Performance of the Q-learning algorithm with di®eren exploration rates. The
referencevalues 19 and 24 are the upper bound of the performance attainable
when using exploration rate 0.1 and 0.01.
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Figure 6: Performanceof our algorithm comparedwith Q-learning whenthere areirrelevant
features.
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Figure 7: Performancewith and without the partial-rule generation procedure.

air. For instance, a rule suc as
v(In _the _air (1)) ! c(Step (2));

forecastsa highly relevant negative reward and this prevents leg 2 from being raised when
leg 1is in the air.

Rules with order higher than 2 (i.e., not provided to the robot in the initial cortroller)
are necessaryfor instance, to avoid raising two neighboring legssimultaneously. A rule like

v(: In _the _air (1)) ! c(Step (1); Step (2))

becomesactive when the robot evaluates any action that implies raising leg 1 and leg 2
at the sametime. Sincethe value prediction of this rule is very negative and its relevance
is high, the action under evaluation would be discarded, preventing the robot from falling
down. Similar rules have to be generatedfor ead pair of neighboring legs. To make the
robot advance,we needto generaterules with even higher order.

In Figure 8, we can seethe performance of the algorithm when we start the learning
processfrom a correct rule set (i.e., a rule setlearnedin a previous experiment), but with
all the statistics initialized to 0. In this experiment, we can compare the complexity of
learning only the valuesfor the rules compared with the complexity of learning the rules
and their value at the sametime. We can seethat when only the valuesfor the rules need
to be learnedthe learning processis about two times faster than in the normal application
of the algorithm.

In a nal experimert, we issuefrequert changesin the heading direction of the robot
(generatedrandomly every 10 time steps). In this way, periodic gaits becomesuboptimal
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Figure 8: Performanceof the partial-rule approach when learning is started from a correct
rule set comparedwith the standard approac where rules are also learned.

and the cortroller should produce a free gait, i.e., a gait that includes a sequenceof steps
without any periodic repetition.

In this case,we focus on the advance subproblem and, thus, we intro duced somehand-
crafted rules to the initial cortroller to prevent the robot from falling down. These rules
are of the form:

if legi is lifted then exeution of action a resultsin value j 50 with con dence 1,

where a is any of the actions that lift one of the two legsthat are cortiguous to i.

The set of parameterswe usedin this casewas: ° = 0.2, = 099, = 5 ® = 0.1,
¢ = 150, = 10000and, , = 0:95.

Figure 9 shows the average results obtained using the partial-rule learning algorithm
comparedwith thoseobtained with our besthand-coded gait-generation strategy. In the g-
ure, the horizontal dashedline showsthe averageperformanceusing the bestgait-generation
strategy we have implemented (Celaya & Porta, 1998). It can be seenthat the learned gait-
generation strategy (the increasingcorntinuousline) producesa performancesimilar to that
of our best hand-coded strategy and that, in somecases,t even outperformsit. Figure 10
shows a situation where a learned cortroller producesa better behavior than our hand
coded one. Using the hand-caded strategy, the robot starts to walk raising two legs (3 and
6) and, in fewtime stepsit readesa state from which the trip od gait is generated. Initially ,
leg 2 is more advancedthan legs1 and 4 and, in general, it is suboptimal to executea step
with a leg when its neighboring legs are lessadvancesthat itself. In this particular case
however, this generalrule doesnot hold. The learned strategy detects this exception and
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Figure 9: Performanceof the partial-rule approad when learning a free gait.

generatesthe trip od gait from the very beginning resulting in a larger advance of the robot
in the initial stagesof the movemert.

7. Conclusions

In this paper, we have introduced the categorizability assumptionthat statesthat a robot
can be drivento adieve a given task using only simple rules: i.e., rulesincluding a reduced
set of feature detectors and elemenary actions. This assumption is supported by our
experiencewithin the behavior-basedapproad where cortrollers are formed by setsof rules
with relatively simple conditions and actions. We have shawvn that a learning algorithm
basedon the categorizability assumption allows a large speedup in the learning processin
many realistic robotic applications with respect to existing algorithms.

To exploit the categorizability assumption both in the obsenations and action spaces,
we have introduced a new represertation formalism basedon the concept of partial rules
and not on the conceptsof independert states and independert actions that are the kernel
of many existing reinforcemert-learning approadies.

The introduction of the partial-rule conceptprovides a large °exibilit y on how problems
are formalized. With the samestructure and algorithms, we can confront problems with
generalizationin the perception side (usually consideredin reinforcemen learning), in the
action side (usually not considered),or in both of them.

When no generalizationis possibleat all via partial rules, we have to usecompleterules:
rulesinvolving all the available inputs and outputs. In this case,the partial-rule approad is
equivalent to the non-generalizingreinforcemert learning. The algorithm we have preserned

102



Reinf or cement Learning in Categorizable  Envir onments
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Figure 10: The hand-programmed gait strategy (top sequence)vs. a learned one (bottom
sequence).The advanceposition of the robot at eat snapshotis indicated below
ead picture.

can, if necessarygeneratecomplete rules and, consequetly, it can, in principle, solve any
problem that can be solved using a traditional reinforcemen-learning algorithm. However,
we take the categorizability assumption as valid and so, the generation of complete rules
is an extreme casethat is only likely to occur in a very limit situation. Therefore, in our
approad, we forego generality in order to increasethe etciently of the learning processin
the classof problems we want to address.

Another advantage of the partial-rule framework is that it allows the easyand robust
introduction of initial knowledgein the learning processin the form of rules that are eas-
ily understood by the programmer. This is in cortrast with usual reinforcemen-learning
algorithms where the introduction of initial knowledgeis, in general,rather dicult.

In the partial-rule approad, there is a subtle change of emphasisasto the main goal
of learning: While in most work in reinforcemert learning the emphasisis on learning the
value of eadt action in ead state, our main purposeis to learn the relevanceof (subsetsof)
elemenary actions and feature detectors. If the relevant subsetsof elemeriary actions and
feature detectors are identi ed, the learning becomesstraightforward.
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The main limitation of our work is that it is not possibleto know a priori (exceptfor triv-
ial cases)whether or not an environment is categorizableby a givenrobot. Non-generalizing
reinforcemert learning implicitly assumesthat the ervironment is non-categorizableand
that, consequetly, all the possible combination of features and actions have to be taken
into accourt separately Our approad assumegust the opposite: that the ervironment is
categorizableand, so, only reduced combinations of features and actions needto be taken
into accourt. The drawbadk of using the non-generalizingapproad is that robotic tasks
becomeintractable becauseof the curse of dimensionality. With generalization techniques
this problem can be partially alleviated, but not enoughin general. In our approac we take
a more radical approad in order to be much lessa®ectedby the curseof dimensionality: we
introduce a strong bias in the learning processto drastically limit the use of combinations
of features and actions.

We have tested the partial-rule learning algorithm in many robotic-inspired problems
and two of them have been discussedin this paper (landmark based-naigation and six-
leggedrobot gait generation) and the categorizability assumption proved to be valid in all
casesnvetested. The algorithm out-performsgeneralizingand non-generalizingreinforcemert-
learning algorithms in both memory requiremerts and corvergencetime. Additionally , we
have shawvn that our approad scaleswell when the number of inputs increases,while the
performanceof existing algorithms is largely degraded. This is a very important result that
lets us think that it could be possibleto useour approadc to corntrol more complex robots,
while the use of existing approatheshasto be discarded.

From the work presenied in this paper, we can extract two main proposals. First,
to apply reinforcemen learning to agerts with many sensorsand actuators, we should
concerirate our e®ortsin determining the relevance of inputs and outputs and, second,
to adhieve excient learning in complex environments it could be necessaryto introduce
additional assumptionsinto the reinforcemert-learning algorithms, even at the risk of losing
generality.
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App endix A: The Partial-Rule Learning Algorithm

In this appendix, we describe in detail the approach described in the main body of the
paper.

Partial Rule Learning Algorithm
(Initialize)
FD A Set of features detectors
EA A Setof elemenary actions
C A fw.g[ f(v(fd); c(ed); (v(: fd); c(ea))jfd 2 FD;ea2 EAg
For each win C
avA O
en A O
iwA 0
endfor
eA 0
Do for eath episade
COA fw 2 Cjw is activeg
Rep eat (for ead step in the episade):
(Action Selestion)
Action Evaluation (Computes guess(a?) 8a9%
aA arg rrélgloxf guesg(adg
Execute a
(System Update)
ra A Reward generatedby a
Cay A C°
COA fw 2 Cjw is activeg
Statistics Update
Partial-Rule Managemern
until terminal situation
enddo

Figure 11: The partial-rule learning algorithm. Text inside parenthesesare commerts. The
Action Evaluation, Statistics Update, and Partial-R ule Managementprocedures
are described next.

The partial-rule learning algorithm (whosetop level form is shovn in Figure 11) stores
the following information for ead partial rule

2 the value (i.e., the discourted cumulativ e reward) estimation g,
2 the error estimation e, and

2 the con denceindex iy.
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Figure 12: Con dence function with “=7 and =0.8.

To estimate the con dence on ¢, and e, we use a con dence index i, that, roughly
speaking, keepstrack of the number of times the partial rule is used. The con dence is
derived from i, using a con dence_function in the following way:

cw = con dence_function(iy),

where the con dence_function is a non-decreasingfunction in the range[0; ]. ~ should be
lessthan 1 since,in this way, the system always keepsa certain degreeof exploration and,
consequetly, it is ableto adapt to changesin the ervironment. Di®erert con denceshemes
can be implemented by changing the con dence_function. In our implementation, we use
a sigmoid-like function (seeFigure 12) that increasesslowly for low valuesof iy, reducing
the con dence provided by the rst obtained rewards. In this way we avoid a premature
increaseof the con dence (and, thus, a decreasein the error and in the exploration) for
insuzciently-sampled rules. A parameter (") determinesthe point at which this function
reachesthe top value .

Additionally , the con dence index is usedto de ne the learning rate (i.e., the weight
of new obsened rewards in the statistics update). For this purposewe implement a MAM
function (Venturini, 1994)for ead rule:

my = maxf®; 1=(iy + 1)g.

Using a MAM-based updating rule, we have that, the lower the con dence, the higher
the e®ectof the last obsened rewards on the statistics, and the faster the adaptation of the
statistics. This adaptive learning rate strategy is related to thosepresenied by Sutton (1991)
and by Kaelbling (1993), and contrasts with traditional reinforcemeri-learning algorithms
where a constart learning rate is used.

After the initialization phase,the algorithm enters in a cortinuous loop for ead task
episale consistingin estimating the possiblee®ectf all actions, executingthe most promis-
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Action Evaluation
For each action a°
w A winner (C% a9
guess(a®) A q, + 2random(j 2, ;2%w)
endfor

Figure 13: Action Evaluation procedure.

ing one,and updating the systemsothat its performanceimprovesin the future. The system
update includesthe statistics update and the partial-rule managemen

Action Evaluation

The simplest procedure to get the estimated value for actions is a brute-force approach
consisting of the independert evaluation of ead one of them. In simple casesthis approach
would be enoughbut, when the number of valid combinations of elemenary actions (i.e.,
of actions) is large, the separateevaluation of ead action would take long time, increasing
the time of ead robot decisionand decreasingthe reactivity of the control. To avoid this,
Appendix B preseris a more excient procedureto get the value of any action.

Figure 13 summarizesthe action-evaluation procedureusing partial rules. The value for
ead action is guessd using the most relevant rule for this action (i.e., the winner rule).
This winner rule is computed as

winner (C%a) =arg max f%,0,
(C%a) =arg suaX g

where ¥, is the relevance of rule w

1 .
1+2,°

Ya =

The value estimation using the winner rule is selectedat random (uniformly) from the
interval

lw=[dwi 22w;0w+ 22u];
with
w=ewCyt+ (i Cw):
Here, € is the averageerror on the value prediction (i.e., the value error prediction of the
empty rule, w.).
Statistics Up date

In the statistics-update procedure (Figure 14), q, and e, are adjusted for all rules that
were active in the previoustime step and proposeda partial command in accordancewith
a (the last executedaction).
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Statistics Up date
if terminal situation then
vA 0
else
vA rggoxf aujw = winner (C%a%g
endif
qA ra+°v
For each w = (v;c) in C%,
if cisin accordancewith a then
if g2 I, then
iw A iy + 1
else
iwA mn(C i Liwi 1)
endif
A gy (Li my)+gmy
ewA ey (i my)+jogwi gmy
endif
endfor
eA e,

Figure 14: Statistics update procedure.

Both g, and e, are updated using a learning rate (m,,) computed using the MAM
function, which initially is 1, and consequetly, the initial values of g, and e, have no
in°uence on the future valuesof thesevariables. Theseinitial valuesbecomerelevant when
using a constart learning rate, as many existing reinforcemeri-learning algorithms do.

If the obsened e®ectsof the last executed action agree with the current estimated
interval for the value (1), then the con denceindex is increasedby one unit. Otherwise,
the con dence index is decreasedallowing a faster adaptation of the statistics to the last
obtained, surprising values of reward.

Partial-Rule Managemen t

This procedure (Figure 15) includesthe generation of new partial rules and the removal of
previously generatedonesthat proved to be useless.

In our implementation, we apply a heuristic that producesthe generationof new partial
rules when the value prediction error exceedse. In this way, we concerrate our e®ortsto
improve the categorization on those situations with larger errors in the value prediction.

Every time a wrong prediction is made, at most ¢, new partial rules are generatedby
combination of pairs of rules included in the set C2, (a). Recall that this set includes the
rules active in the previous time step and in accordancewith the executedaction a. Thus,
these are the rules related with the situation-action whose value prediction we need to
improve.
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The combination of two partial rulesw;©w, consistsof a new partial rule with a partial
view that includesall the featuresincluded in the partial views of either w; or w, and with a
partial commandthat includesall the elemenary actions of the partial commandsof either
w1 or wo. In other words, the feature set of w; © w» is the union of the feature setsin w;
and in wy and the elemenary actionsin wy; © wy are the union of thosein w; and thosein
wo. Note that, sinceboth w; and w; are in C$,(a), they have beensimultaneously active
and they are in accordancewith the sameaction and, thus, they can not be incompatible
(i.e., they can not include inconsistert featuresor elemenary actions).

In the partial-rule creation, we bias our systemto favor the conbination of those rules
(wi) whosevalue prediction (q,) is closerto the obsened one (q). Finally, the generation
of rules lexicographically equivalert to already existing onesis not allowed.

According to the categorizability assumption, only low-order partial rules are required
to achieve the task at hand. For this reason,to improve exciency, we limit the number of
partial rulesto a maximum of 1. However, our partial-rule generation procedureis always
generating new rules (concertrating on those situations with larger error). Therefore, when
we heedto create newrules and there is no room for them, we must eliminate the lessuseful
partial rules.

A partial rule can be removed if its value prediction is too similar to someother rule in
the samesituations.

The similarity betweentwo rules can be measuredusing the normalized degreeof in-
tersection between their value distributions and the number of times both rules are used
simultaneously:

Klw \ 1ok uwowd
maxfk I k; kI wokg minf U(w); U(w9g’

simil arity (w; w9 =

where U(w) indicates the number of times rule w is actually used.

The similarity assessmemnfor any pair of partial rulesin the cortroller is too expensive
and, in general, determining the similarity of ead rule with respect to those from which
it was generated (that are the rules we tried to re ne when the new rule was created) is
suzcient. Thus, basedon the above similarity measure,we de ne the redundancy of a
partial rule w = (w; © wp) as:

redundancy(w) = maxf simil arity (w; wq); simil arity (w; ws)g:

Obsene that with w = (w3 © wy), we have that w© w; = w and U(w) - U(wy).

Therefore
U(w© wy) _ U(w) _Uw) _ .

minfU(w); U(w1)g minfU(w);U(wi)g  U(w)
The samereasoningcan be done with w, and, consequetly,

Ko\ luk K\ Ik
Maxtk 1 K: Kl w, kg’ maxtk [k: kI, kg

redundancy(w) = maxf

When we needto create new rules but the maximum number of rules (1) has been
readhed, the partial rules with a redundancy above a given threshold (, ) are eliminated.
Sincethe redundancy of a partial rule can only be estimated after observingit a number of
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Partial Rule Managemen t
w A winner(CY, ;a)
if jgvi g>¢ (If it is time to create new rules)
(Partial Rule Elimination)
(Testif there is no room for new rules)
if KCk>1j ¢ then
(Rule elimination basal on redundancy)
CA Cj fw 2 Cjredundancyw) > , g

(Rule elimination basel on creation error)
if KCk> 1 ¢ then (If thereis still no room)
SC A The ¢ partial rules from C with:
- Lowest creation _error(w), and
- creation _error(w) < jow i g
CACj sC
endif
endif

(Partial Rule Generation)
tA O
while kCk< ! and t < ¢
(Create a new rule w9
Selecttwo di®erert rules wy, w, from C2, (a)
preferring those that minimize
jow i dicw +e8(i cw)
wl= (w; © wy)
creation_error(w9) A joy i G

(Insert the newrule in the controller)
CA C[ fwh
tAt+1
endwhile
endif

Figure 15: Partial Rule Managemen procedure. The value of qis calculatedin the Statistics
Update procedureand a is the last executedaction.

times, the redundancy of the partial rules with low con dence indexesis set to 0, so that
they are not immediately removed after creation.

Obsene that, to compute the redundancy of a rule w, we use the partial rules from
which w was derived. For this reason,a rule w®cannot be removed from a cortroller C if
there exists any rule w 2 C sud that w = wP© w% Additionally , in this way we eliminate
‘rst the uselessrules with higher order.
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App endix B: Ezcien t Action Evaluation

In non-generalizingreinforcemert learning the cost of executing a singlelearning step can be
neglected. Howewer, algorithms with generalizationin the spacesf sensorsand/or actuators
are not so simple and the execution time of ead iteration can be increasedsubstartially .
In an extreme case, this increasecan limit the reactivity of the learner and this is very
dangerouswhen working with an autonomousrobot.

The most expensive procedure of our algorithm is that of computing the value of all
actions (i.e., all valid combinations of elemenary actions). The cost of this procedureis
especially critical sinceit is usedtwice in ead step: onceto get the guessof ead action
(in the Action Evaluation procedure detailed in Figure 13) and again to get the goodness
of the new acdhieved situation after the action execution (when computing the v value in
the Statistics Update procedure detailed in Figure 14). A trivial re-order of the algorithm
can avoid the double use of this expensiwe procedure at ead learning step: we can select
the action to be executednext at the sametime that we evaluate the goodnessof the new
achieved situation. The drawbadk of this re-order is that the action is selectedwithout
taking into accourt the information provided by the last reward value (the goodnessof the
situation is assessedbefore the value adjustment). Howewer, this is not a problem in tasks
that require many learning steps.

Even if we use the action-evaluation procedure only once per learning step, we have
to optimize it as much as possiblesince the brute-force approad described before, which
evaluates ead action sequettially, is only feasiblefor simple problems.

The action-evaluation method preseried next is based on the obsenation that many
of the actions would have the samevalue since the highest relevant partial rule at a given
moment would provide the value to all actions that are in accordancewith the partial
command of the rule. The separatecomputation of the value of two actions that would end
up evaluated using the samerule is a waste of time. This can be avoided by performing the
action evaluation attending to the set of active rules in the rst place and not to the set of
possibleactions, as the brute-force approac does.

Figure 16 shaws a generalform of the algorithm we propose. In this algorithm, partial
rules are consideredone at a time, ordered from the most relevant rule to the least relevant
one. The partial command of the rule under consideration (cao,) is usedto processall the
actions that are in accordancewith that partial command. This already processedsub-set
of actions need not to be consideredany more in the action-evaluation procedure. While
the rules are processedwe update the current situation assessmen(v) and the action to be
executednext (a) attending, respectively, to the value prediction (qy) and the guess(gw)
of the rules.

Obsenethat partial rules canbe maintained sorted by relevanceby the statistics update
procedure,sinceit is in this procedurewhererule relevanceis modi ed. When the relevance
of a rule is changed, its position in the list can be also modi ed accordingly. In this way
we do not have to re-sort the list of rules every time we want to apply the procedure just
described.

When elemenary actions are of the form (m A k) with m a motor and k a value in
the range of possiblevaluesfor that motor, the above algorithm can be implemented in an
especially excient way since there is no needto explicitly compute the set of actions A.
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Action Evaluation
(Initialization)
L A List of active rules sorted by relevance.
EA A Setof elemenary actions
A A Setof combinations of EA

vA i1 (Situation assessment)

aA ; (Optimal action)

gA i1 (Optimal action value prediction)
(Process)

w A Trst _elemen(L)

do

cay A partial command of w
Ow A O + 2random(j 2y;2y)
A, A fa2 Ajco, in accordancewith ag
if gy > v then
vA gy
endif
if gw > gthen
96 Ow
aA coy
endif
AA Aj Ay
w A nextelementL)
until A6 ;

Figure 16: General form of the proposed situation-assessmen and action-selection proce-
dure.

In this case(seeFigure 17 and 18), we construct a decisiontree using motors as decision
attributes and that groupsin the sameleaf all those actions evaluated by the samepartial
rule (all actions remaoved from the set A in ead iteration of the algorithm in Figure 16).

Each internal node of the tree classi esthe action accordingto one of the motor com-
mands included in the action. Theseinternal nodes store the following information:

2 Partial command: A partial command that is in accordancewith all the action clas-
si ed under the node. This partial command can be constructed by collecting all the
motors whosevaluesare xed in the nodesfrom the root of the tree to the node under
consideration.

2 Motor: The motor usedin this node to classify actions. When a node is open (i.e.,
we have still not decidedto which motor to attend) the motor value is setto a ?.
A node can be closal by deciding which motor to pay attention to (and adding the
corresponding subtrees)or by cornverting the node into a leaf.
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Action Evaluation
(Initialization)
L A List of active rules sorted by relevance.
vA i1
aA ;
gA i1
treeA new.node(; ¢)
openA 1
closedA 0
(Process)
w A Trst _elemen(L)
do
gw A gy + 2random(j 2,;2y)
Include Rule(tr ee;w; gw)
w A next_elemen{L)
until closed= open

Figure 17: Top level algorithm of the excient action evaluation algorithm. At the end of the
algorithm, v is the goodnessof the current situation to be usedin the Statistics
Update algorithm (seeFigure 14), a is the action to be executednext and guess
its expected value. The \Include Rule" procedureis detailed in next gure.

2 Subtrees: This is a list of the subtreesthat start in that node. Each subtree has an
assciated value that correspondsto one of the possibleactions executableby the mo-
tor of the node. All the actionsincluded in a given subtree have an elemeriary action
such as (m A k) wherem is the motor of the node and k is the value corresponding
to this subtree.

The leavesof the tree have information about the value of the actions classi ed in that
leaf. This information is represenied with the following set of attributes for ead leaf:

2 Value: The expected value for all the actions classi ed in this leaf. The maximum of
this value for all leavesis usedto assesghe goodness,v, of a new achieved situation.

2 Guess: The value altered with noisefor exploratory reasons.The leaf with a maximal
guessis the set of actions from whereto selectthe action to be executednext.

2 Relewvance: The relevance of the value predictions (of both the value and the guess).

2 Partial command: A partial command that is in accordancewith all the actions
classi ed in that leaf. As in the caseof internal nodes, this partial command can be
constructed by collecting all the motors whosevaluesare xed from the root of the
tree to the leaf under consideration.

113



Porta & Celaya

Include rule( n; w; gw)
if not( is_leaf(n)) then
cay A command(w)
ca, A command(n)
if motor(n) 67 then (Closed Node: Search for compatible sub-nales)
if 9ea2 ca, with motor(ea) = motor(n) then
Include Rule(get_subtreg(value(ea); n); w; gw)
else
for all sin subtreeqn) do
Include Rule(s;w; gw)
endfor
endif
else (Open Node: Specialize the node)
if coy i co, 6 ? then (Extend a node)
eaA action.in(cay i co,)
setmotor(n; motor (ea))
closedA closed+ 1
for all k in values(motor(ea)) do
new_subtree(n; f k; new_node(ca, © (motor (ea) A k))g)
openA open+ 1
endfor
Include Rule(n; w; gw)
else (Transform a node into a leaf)
transform_to_leaf(n; qu; Ow; Y& ; COy)
closedA closed+ 1
if gy > v then
vA gy
endif
if gv > guessthen
gA Gw
aA coy
endif
endif
endif
endif

Figure 18: The Include rule algorithm searhesfor nodesfrom node n with a partial com-

mand compatible with the partial command of rule w and extends those nodes

to insert a leave in the tree.

At a given momen, the inclusion of a new partial rule in the tree producesthe special-
ization of all open nodes compatible with the rule (seeFigure 18). We say that an open
node n is compatible with a given rule w if the partial command of the node co, and the
partial command of the rule co, doesnot assigndi®erert valuesto the samemotor. The
specialization of an open node can result in the extension of the node (i.e., new branches
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Partial rules q o 1 guess
Partial View | Partial Command

TRUE, |(miA v)~(maA vi)| 5 01 | 083 ] 51
TRUE, (my A vq) 7 0.9 0.52 6.5
TRUE, | (m2A vi)~(m3A vi)| 8 20 | 033 | 6.0
TRUE, (M, A vy) 3 31 | 024 | 62
TRUE, (M1 A Vo) 2 35 | 022 | 53
TRUE, (M2 A Vo) 10 36 | 021 | 41
TRUE, (m3z A vy) 1 4.0 0.20 5.2
TRUE, (m3z A vo) 6 4.5 0.18 12.7

Table 2: Set of rules of the controller. The valuesq and e are stored and the “2and guess
are computed from them. We de ne all partial views as TRUE, to indicate that
they are active in the current time step.

are addedto the tree under that node) or in the transformation of this node into a leaf. A

node is extendedwhen the partial command of the rule a®ectssomemotors not included in

the partial command of the node. This meansthat there are somemotor valuesnot taken
into accourt in the tree but that have to be usedin the action evaluation accordingto the

rule under consideration. When a node is extended, one of the motors not presen in the
above layers of the tree is usedto generatea layer of open nodesin the current node. After

that, the node is consideredas closedand the inclusion rule procedureis repeated for this

node (with di®erert e®ectsbecausenow the node is closed). When all the motors a®ected
by the partial command of the rule are also a®ectedby the partial command of the node,
then the node is transformed into a leaf storing the value, guess,and relevance attributes

extracted from the information assciated with the rule.

The processis stopped as soon aswe detect that all nodeshave beenclosed(i.e. all the
external nodesof the tree are leaves). In this case,the rules still to be processedcan have
no e®ectin the tree form and, consequetly are not useful for action evaluation. If arule is
consisterily not usedfor action evaluation, it can be removed from the cortroller.

A toy-size example can illustrate this tree-basedaction-evaluation algorithm. Suppose
that we have a robot with three motors that accept two di®erert values (named vy and
v1). This producesa set of 8 di®erert actions. Supposethat, at a given momernt, the robot
controller includes the set of rules shown in Table 2. In the Action Evaluation algorithm
(Figure 17), rules are processedfrom the most to the least relevant one expanding an
initially empty tree using algorithm in Figure 18. The inclusion of a rule in the tree results
in an extension of the tree (seestagesB, D and E in Figure 19) or in closing branches by
converting open nodesinto leaves(stagesC and F). In this particular casethe tree becomes
completely closed after processing5 rules out of the 8 active rules in the cortroller. At
the end of the process,we have a tree with v e leaves. Three of them include two actions
and the other two only represen a single action. Using the tree we can say that the value
of the situation in which the tree is constructed, v, is 8 (this is given by the leaf circled
with a solid line in the gure). Additionally , the next action to be executedis of the form
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A Motor: m1
B Command:
TRUE,
M N\
vl
Value: 5
Guess: 5.1
Relevance: 0.83
Command:
(m1,v1)
(m2,v1)
c Motor: m1
Motor: m1 D Command:
Command: TRUE,
TRUE, vi
vl v
vO
Motor: m2
. Motor: m2
Motor: m2 Command: Command:
Command: § 1v1)
(miv1) (M1,v0) o (m1,v1)
A Vi 1
‘y \\,1‘ “’0/ Ni / \"~
Value: 7 Value: 5
Value: 7 Value: 5 Motor: m3 Guess: 6.5 Guess: 5.1
Guess: 6.5 Guess: 5.1 Command: Relevance: 0.52 Relevance: 0.83
Relevance: 0.52 Relevance: 0.83 (m1,v0) Command: Command:
Command: Command: o (m2,v1) v (Mivi) (m1v1)
(m1,v1) (m1v1) 2 W (m2.v0) (m2,v1)
(m2,v0) (m2,v1) Value: 8
Guess: 6.0
Relevance: 0.33
Command:
(m1,v0)
(m2,v1)
(m3,v1)
E Motor: m1 E Motor: m1
Command: Command:
TRUE, TRUE,
M N‘ VO vl
Motor: m2 Motor: m2. Motor: m2 ACAg:r?rrr;::\Zd'
Command: Command: Command: :
(m1.v0) (m1v1) (m1v0) . (m1v2)
) vo V
‘VU/ \Ii / \Vlg ‘VU/ Ni a0 \Vln
Value: 7 Value: 5 _ _ alue:7 Value: 5
n Motor: m3 Guess: 6.5 Guess: 5.1 Value: 2 Motor: m3 ’ Guess: 65 Guess: 5.1
Command: Relevance: 0.52 Relevance: 0.83 Guess: 5‘3. Command: | Relevance: 0.52 Relevance: 0.83
(m1,v0) Command: Command: Relevance: 0.22 (m1,v0) | Command: ! Command:
(m2.v1) (mivi) (m1v1) Command: v 2D vy (m1v1)
R NG (m2.v0) (m2,v1) ggzg; VRN (m20), - (m2,v1)
Value: 3 Value: 8 ' Value: 3 [
Guess: 6.2 Guess: 6.0 Guess: 6.2
Relevance: 0.24 Relevance: 0.33 Relevance: 0.24 Relevance: 0.38
Command: Command: Command: Command:
(m1,v0) (M1,v0) (m1,v0) (m1,v0)
(m2,v1) (m2,v1) (m2,v1) (m2,v1)
(m3,v0) (m3,v1) (m3,v0) (m3,v1)

Figure 19: Six di®erert stagesduring the construction of the tree for action evaluation.
Each stagecorrespndsto the insertion of onerule from Table 2.
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log(Time)

0 1 1 1 1
0 1 2 3 4 5

Number of Void Motors

—— Brute Force Evaluation @ Tree Based Evaluation

Figure 20: Log of the executiontime (in seconds)of the brute-force approad vs. the tree-
basedone.

(my A vi;my A vo;mz A ]) where']' represelts any possibleaction. This optimal action
is given by the leaf circled with a dashedline that is the leaf with a larger guessvalue.

The cost of our algorithm largely depends on the speci ¢ set of partial rules to be
processed.In the worst case,the cost of our algorithm is:

o(n, 1™m);

with n, the number of rules, n,, the number of motors and, | the maximal range of values
acceptedby the motors. This is becausejn the worst case,to insert a givenrule, we have to
visit all the nodesof a maximally expandedtree (i.e., a tree where ead node has| subtrees
and where all the nal nodes of the branches are still opened). The number of nodes of
such a tree is
X nm+lgoq
' ——— == O(I"):
i=0 li 1
We can transform the cost expressiontaking into accourt that 1" is the total number of
possible combinations of elemenary actions (n¢) or, in other words, the total amount of

actions. Therefore, the cost of the preseried algorithm is
Oo(n; ny):
On the other hand, the cost of the brute-force approac is always

E(Nn; Ng):
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So, in the worst case,the cost of the preseried algorithm is of the sameorder as the cost
of the brute-force approach. However, since at most | rules would be enoughto closea
maximally expandedtree (one rule for the di®ereri values of the motor usedin the last
still-open layer of the tree), the cost of the tree-basedalgorithm would be, on average,
much smaller than that of the brute-force approac.

Figure 20 exempli es the di®erern performanceof the brute-force action-evaluation pro-
cedure and the tree-basedone. The gure shaws the time taken in the execution of the
toy example of Section 6.1. For this experiment, we de ned somevoid motors or motors
whoseactions have no e®ectin the environment. As it can be seen,as the number of void
motors increases.the cost of the tree-basedevaluation is signi cantly lessthan that of the
brute-force approad.
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App endix C: Notation

Uppercaseare usedfor sets,and Greek letters represent parametersof the algorithms.

S Set of states.

s;s0 Individual states. Full views.
Ng Number of states.

FD = ffd;ji = 1infg  Setof feature detectors.
v(fdil; D ;fdik) Partial view of order k.

A Set of actions of the robot.
Na Number of actions.

EA=fegji = 1lineg
Nm

Set of elemenary actions.
Number of motors of the robot.

ea = (mj A k) Elemertary action that assignsvalue k to motor m;.
c(ea,;:::;eaq,) Partial command of order k.

a= (ea;:::;€a,) Action. Combination of elemenary actions. Full command.

w = (Vv;C) Partial rule composedby partial view v and partial command c.
W. The empty partial rule.

w1 © Wy Composition of two partial rules.

C=1fwji=1:n.g

1

Controller or set of partial rules.
Maximum number of elemerts of C.

clcly Subsetof rules active at a given time step and at the previous one.
CYa) Activ e rules with a partial command in accordancewith a.

Ow Expected value of the partial rule w.

ew Expected error in the value estimation of the partial rule w.

e Averageerror in the value prediction.

i Con dence index.

Cw Con dence on the statistics of the partial rule w.

2y=ewcwte(li cw)

Top value of the con dence.
Index where the con dence function reacesthe value .
Error in the return prediction of the partial rule w.

Yo = 1=(1 + 2)) Relevance of rule w.

lw = [y 8 224/] Value interval of the partial rule w.

My Updating ratio for the statistics of the partial rule w.
® Learning rate. Top value of my,.

U(w) Number of times rule w has beenused.

winner (C% a) Most relevant active partial rule w.r.t. action a.
guesg(a) Most reliable value estimation for action a.

la Reward received after the execution of a.

° Discourt factor.

v Goodnessof a given situation.

g=ra+ °v Value of executing action a in given situation.

é Number of new partial rules created at a time.

Redundancy threshold usedfor partial-rule elimination.
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