Aliasing in XCS and the Consecutive State Problem : 2 - So lutions

Alwyn Barry

Faculty of Co mputer Studies and Mathematics,

University of the West of England,

Coldharbour Lane, Bristol, BS16 1QY, UK

E mail: Al wyn.Barry@uwe.ac.uk

Phone: (++44) 117 965 6261 ext. 3777

Abstract

T he ’Aliasing Problem’ within XCS (Wilson,

1995, 1998), first identified b yLanzi (1997), does not onlyappear whenever the aliased states occur in separate environmental locations b ut also when they occur consecutively (Barry,

1999). Lanzi (1997, 1998) introduced a mechanismthat co uld solve the Aliasing

Problemthrough the use of memor y mechanisms within XCS (Wilson, 1995; Cliff and Ross,

1994). Whilst this mechanism is a solutio n to the general problemof aliasing, it is a heavyweight solutio n. B ylimiting the scope of a solution to the Co nsecutive State Problem, which is sho wn to be a sub-problemof the Aliasing Problem, a simpler solution is proposed, and is sho wn to adequatelyaddress this problem. T he application of a potential solution utilising explicit action duration identification is discussed and sho wn to be inadequate both as a solution to the

Consecutive State Problemand for more general use within XCS.

1 INTRODUCTION

When Wilso n (1995) presented the XCS classifier system he provided results fro mtwo sets of investigations. One, using the M ultiplexor problems, demo nstrated that XCS was capable of accuratelylearning the payoff mapping for previously unseen co mplex boolean relationships. It demo nstrated the abilityo f XCS to for mco mplete State ´

Actio n ´ Payo ff mappings within single-step (immediate reward) enviro nments. T he second used a Woods enviro nment (Woods-2) to illustrate the abilities of XCS within multi-step environments (environments where reward is obtained after a number of mo vements within the environment), and sho wed that XCS was able to for m a compact classifier population maintaining the State ´

Actio n ´ Payo ff mapping of the environment - an ability further enhanced bylater modifications to XCS (Wilson,

1998). Whilst Kovacs (1996, 1997) has produced further results within single-step environments, particularly concentrating upon the for mation and maintenance o f the optimal classifier representation for a given environment,

Lanzi (1997, 1998) has investigated the application o f

XCS to multi-step environments. In applying XCS to progressively more co mplex Woods environments he identified that XCS had difficultyin finding solutions within the "Woods102" environment . T his environment is non-Marko vian d ue to the duplicatio n of an input vector in two separate positions within the environment which require the same action but present different payoffs. T his finding is no surprise given the roots of XCS in the mechanisms of T emporal Difference methods of reinforcement lear ning (Sutton, 1988; Watkins, 1989).

Nevertheless, it does impo se limitations on the application of XCS, since the consequent requirement for complete and unambiguo us sensor yperception is often undesirable.

Lanzi (1997) termed this problem the ’Aliasing Problem’ and sought a solutio n to it using a memor ymechanism first proposed byWilson (1994, 1995) and applied within

ZCS b yCliff & Ross (1994). This mechanism used an additional memor y bit vector which classifiers could match as part of their condition and set as part of their action. Using the generalization abilities of XCS it was hypothesized that optimal memor ysettings would emerge to solve the Aliasing Problem. T he XCS would learn to set a memor ybit before one of the two aliased states and thereb ydisamb iguate the inp uts o f the two states. T his wo uld in turn cause separate classifiers to be created for each aliasing state. Unfortunately the extent of the disruptive nature of the aliasing states was not investigated, and whilst so me success was reported it was not until the setting of memory bits was directly related to enviro nmental rewards and limited to exploitatio n cycles

(thereb ysacrificing the co mplete input mapping properties of XCS) that a satisfactor ysolution was fo und

(Lanzi, 1998).

RecentlyBarr y(1999) has carried out further investigatio ns into the Aliasing Problemas part of wider research into the emer gence o f hierarchical invocation o f classifier sequences. T his work identified a for mo f the

Aliasing Problemwhere the aliasing states occur in consecutive states. Using this problemit was sho wn that within a simple environment consisting of a single chain of states the aliased states not onlycause payoff prediction inaccuracyin the classifiers covering the aliasing states but may also generate inaccuracy in the classifiers covering the immediately preceding if exploration of the states is not unifor m. It was also discovered that it was possible for the classifiers covering the aliased states to proliferate in an over-generalised for mb ytrading off a small decrease in accuracyfor the additional GA opportunities afforded byinvolvement in the action sets of non-aliased states. In situations where this proliferatio n was controlled and exploration was performed unifor mlyit was demonstrated that XCS was unable to sustain suitable covering classifier s for the aliased states where co mpetitio n for population space was high, but was involved in a constant but fr uitless exploration for adequate classifier s. T hus, within a single state chain environment it was demonstrated that in the presence of consecutive aliased states the abilityo f XCS to create a complete and accurate State ´ Action ´ Payo ff mapping will be severelyco mpro mised.

Within certain environments the consecutive state problemwill be likelyto occur regularly. Consider, for example, the control of a robot mo ving about a roo m. T he primitive wall follo wing behavior required for this task will, in anyrobot without sensors which provide a unique

’global’ reference point, present the same input to the robot whilst in wall follo wing and therefore produce a set of consecutive aliased states along each wall. Lin (1993), for example, overco mes this problemb ypresenting a X,Y coordinate as an input to a robot navigation task which is used primarily to disambiguate environmental states. In general this for mo f global reference point is difficult to provide economically, and therefore an alternative solutio n to the consecutive state problemis desirable.

In this wor k the hypothesis that the Consecutive State

Problemis a sub-problemof the Aliasing Problemis presented. Although the Consecutive State Problemcould be solved using the memor y techniq ue proposed byLanzi, this mechanism requires modificatio n to XCS to introduce the additional memor ytechniques discussed above, and has been problematic to implement ( Lanzi, 1998).

Further more, it’s adequate implementation requires a change in the explore/exploit regime, thus removing one of the keyfeatures of XCS learning, namely the for mation of a co mplete, accurate, and optimally general state ´ action ´ payo ff mapping (Kovacs, 1996). If the

Consecutive State Problemis a sub-problemof the

Aliasing Problem, it should be possible to devise alternative solutions to this sub -problemwhich maybe simpler to implement with less impact upon the operation of XCS. T his paper seeks to investigate this hypothesis and provide results fro mtwo potential solutio ns to the

Consecutive State Problem.

2 XCS STRUCTURE AND OPERATION

T he XCS Lear ning Classifier System(Wilson, 1995,

1998) is, on an initial inspection, similar to traditional

Learning Classifier Systems. Detectors interact with an

’environment’ to produce a binar yencoded message which becomes the input to the XCS. T his is matched against a population of classifiers, each consisting of a ternar y

coded condition and an encoded action, in order to identifythose classifiers which are relevant to the current input condition. T hose classifiers which match the message are used to create the Match Set [M] of the classifier system - the set of Action Sets which each identify: an action, the classifiers which have been matched that propose the action, and the predicted payoff that will be received upo n perfor ming the action calculated fro ma weighted sum o f the payo ff prediction of each classifier in the action set. An actio n set [ A] is chosen fro m[M] to perfor man actio n; chosen arbitrarily if exploring to enhance the classifier representatio n or chosen b yselecting the highest predicted payoff Actio n

Set if seeking to exploit the learnt classifier representation. T he action advocated b y[A] is perfor med in the environment b ydecoding the action representation through an effector inter face. If a reward R is received fro mthe environment the goal is considered to have been reached and R is used to update the predictions o f all classifiers in [ A] using the modified Widrow-Ho ff update mechanismkno wn as M AM (Venturini, 1994). If no reward is received, and the environment is potentiallya multi-step environment, the action is co nsidered to be one action en route to the goal and payment is taken fro mthe maximum prediction of [M] in the next iteratio n discounted b ya discount factor g (0 < g < 1). T hus, any accurate classifier s in an [ A] which leads directlyto a reward R can be expected to converge to a prediction of

R , those one step back will conver ge to a prediction of g R , and those i step s before the reward will conver ge to g i R .

T he speed of convergence is controlled b ythe lear ning rate parameter b (0 < b £ 1) within the Widro w-Ho ff update equations.

Altho ugh these processes are clearlyrelated to traditional

LCS, in particular Animat and ZCS (Wilson, 1983, 1994), the update method is novel within an LCS. In fact, the entire XCS ’strength’ for mulation is no vel. Each classifier carries with it not onlythe Prediction measure, the prediction of the average payoff it receives when invoked, but also two other related measures - the Erro r and

Accuracy which identifythe accuracy of this prediction.

A classifier can be inaccurate because it’s prediction has not yet been updated sufficientlyto make it accurate or because it has an over -general conditio n which involves the classifier in too many[M]. Inaccurate classifier s could nonetheless have a high prediction and therefore it is important to remove them in favor of accurate classifiers.

T o facilitate this, the GA ind uction element of XCS separates the measure used in the selection o f classifiers for crossover and/or mutation fro mthe prediction. T he new measure introduced is termed the classifier Fitness , and is the accuracyo f the classifier relative to other classifiers in the [A] the classifier occurs within. T hus, the

GA will favor accurate classifiers over inaccurate and will, over time, replace inaccurate classifiers with accurate versio ns. Further more, the fitness is used to weight the co ntributio n of the classifier ’s prediction within [ A] so that accurate classifiers contribute more and drive the System Prediction towards higher accuracy whilst increasing the calculated error within the inaccurate classifiers. I nterestingly, because an accurate general classifier occurs in more [ A] than an accurate but more specific classifier, and because the invocatio n of the

GA is tied to occurrences within [ A], the more specific classifiers are also driven out of the population. T he classifier deletion mechanism, used when the population becomes full, deletes classifiers based on the average number of classifiers which exist in the Actio n Sets each classifier appears within, thereb yd ynamicallyadjusting the population co mposition to provide sufficient population niches (Booker, 1989) for all the accurate optimallygeneral classifier s (given sufficient population space). T he Optimality Hypothesis (Kovacs, 1996) suggests that XCS is thus capable of identifying and maintaining the accurate optimallygeneral population

(termed [O]), and this has been demonstrated for a number of small problems (Kovacs, 1996, 1997; Saxon and Barry, 1999).

Within the limits imposed the explanation o f the XCS structure and operation is necessarily truncated, and other novel features (such as the Macro Classifier for mulation and Subsumption Deletion ) have not been addressed. T he interested reader is directed to Wilson (1995, 1998) and

Kovacs (1996) for more detailed explanations.

3 CONSECUTIVE STATE PROBLEM

A Finite State World (Grefenstette, 1987; Riolo, 1987) is an environment consisting of nodes and directed edges joining the nodes. Each node represents a distinct enviro nmental state and is labelled with a unique state identifier. Each node also maintains a message that the enviro nment passes to the XCS when at that state. Each edge represents a possible transition path fro mone node to another and is labelled with the XCS generated action(s) that will cause mo vement across the edge in the stated direction to a destination node. An edge can lead back to the same node. Each node has exactly one label and message, and each message is unique within a

Markovian FSW and nor mally equivalent to the node’s label. Non-Marko vian environments can be created by allo wing a message generated b yone node to be re-used byother nodes. Each edge may have one or more labels and these will be re-used on edges emanating fro many node which allo ws that action to be executed when in the state represented b ythe node. At least one node must be identified as a start state, signif ying that the XCS will be operating in that state when each new lear ning trial begins. If more than one start state is provided the actual state fro mwhich a trial is started is chosen rando mlyfro m the available start states. Additionally, one or more nodes must be identified as terminal states. T ransition to any one of these states represents the end of a lear ning trial and each will have an associated reward value representing an environmental reward which is passed to

XCS upon transition into such a state. T erminal states do not have any transitions emanating fro m them - upon arrival the trial is ended, the next iteratio n will represent a

new trial and the environment will reset to a [selected] start state.

0 1 2 3 4

0 1 1 2 3

1 2 3 4

1 2 2 3

a) b)

Figure 1: Markovian and Non-Mar kovian FSW

Consider a finite state world consisting of the five states s

0

to s

4

, depicted in Figure 1a. T he state s

0

is the start state, s

4

is the ter minal state generating reward R . T o create a non-Mar kovian FSW the states s

1

and s

2

are labeled with a detector message d =1, and the edges s

1

® s

2 and s

2

® s

3

are labeled with actio n a =2. T his finite state world will be ter med FSW-5A-2 to identify the 5 states , an aliased world, aliased over two states.

T hree classifiers are required to traverse this FSW : 0 ® 1,

1 ® 2, 3 ® 4. Call these classifier s c

1

, c

2

, and c

3

. Upon reaching s

4

classifier c

3

receives a reward R . c

3

will eventually converge so that p = R . Fromthis point, for mo ving fro m s

2

to s

3

, c

2

will be consistentlygiven a payo ff g R . Ho wever, for moving fro m s

1

to s

2

the classifier c

2

will also be given a payoff which is g P

2

. If the learning rate b within the Widro w-Hoff mechanism was

1, then the prediction wo uld oscillate well within the limits g 2 R and g R . For simp licity, let us assume that P

2 varies around the average payoffs that wo uld have been received at the states had theyno t been aliased ((g R + g 2 R ) / 2), and that 0 < b < 1. In this case the variance will reduce to ± b ((g

R - g 2 R ) / 2). Unless the value of b is very small, or the aliased states are sufficientlyfar fro mthe reward source for the successive application of the discount factor g to reduce the payoff to a ver ysmall amount 1 , the variance will remain sufficient to produce an oscillation in P

2

which is greater than e

0

, the minimum error for a classifier to be considered accurate.

4 HYPOTHESIS

Barry(1999) demonstrated that the Co nsecutive State

Problemis a for mo f the Aliasing Problemand identified a number of important consequences of the Consecutive

State Problemfor the for mation of an accurate optimally general State ´ Action ´ Payoff mapping of the enviro nment. Fro mthis wor k it seemed that the

1 At present XCS presents the allowable prediction error e

0 as an absolute parameter. However, given that the discount factor for an arbitraryclassifier i steps from the reward source c i is g i R , classifiers more than about 12 steps awayfrom even a moderatelygenerous reward source such as those in the Woods environments used within (Wilson,

1995) will have sufficientlylowprediction to allowsignificant variance relative to it’s stable prediction without exceeding e

0 . The investigation of relative error measures for the accuracycalculations, similar to those used byBarry(1999) for collecting error readings across all classifiers within a trial, maytherefore be productive.

Consecutive State Problemcould be solved using techniques which are simp ler but not appropriate for all for ms o f the Aliasing Problem. T his gave rise to the follo wing hypothesis:

The Consecutive State Problem is a sub-problem of the

Aliasing Problem. The Consecutive State Problem will admit to specific solutions that cannot address the

Aliasing problem as a whole.

T o see the rationale for the develop ment of this hypothesis we need to introduce two lemmas.

Lemma 1 - The memory solution (Lanzi, 1997, 1998) is a general solution which is applicable to all occurrences of the Aliasing Problem.

Consider the follo wing for mulatio n of the Lanzi (1997) memor y solution to the Aliasing Problemapplied to FSW-

5A-2 . One bit of memor ywhich is appended to the inp ut message created b ythe XCS detectors can be used to solve this FSW. Classifiers covering all non aliased states can ignore the setting of this bit b yadding a wildcard at the designated bit position. When in state s

1

or s

2

the bit can be used to differentiate between the aliased states b y using it’s 0 value to identify s

1

and it’s 1 value to identify s

2

[ we shall not discuss ho w this might be achieved]. In order to create accurate classifier s the GA within XCS will then discover two separate classifiers distinguished bythis bit value, each of which will accuratelyreflect the relevant disco unted payo ff value. If the FSW was changed so that the aliasing states were states s

1

and s

3

, or anyother co mbination of two states, the same technique could be used. T his argument can be triviallyextended to anyreflect two aliased states on joined but distinct state chains at different payoff positions or at the same position in distinct state chains ending in different reward values.

Lemma 2 - The Consecutive State Problem is distinct from the Separate State Problem

Consider again the five state aliasing problemo f FS W-5A-

2 . T he inaccuracyo f the classifier covering s

1

and s

2

was due to the discount of the payoff between invocations of the classifier. If the disco unting mechanismwas disabled until a change o f inp ut then the classifier wo uld receive one payo ff for its full time of activity and the payoff wo uld be consistent, thereb ymaking the classifier accurate. No wif the FSW was changed so that the aliasing states were states s

1

and s

3

, or any other combinatio n of two no n consecutive states, the same technique could not be used to achieve classifier accuracy due to the correct discounting of the payo ff for any intervening classifier s. Clearly the same ar gument can be applied to anysituation where two aliased states o n joined but distinct state chains at different payoff positions or at the same position in distinct state chains ending in different reward values are considered. T hus the

Consecutive State Problemis a particular instance of the

Aliasing Problem, separate but related to the case where aliased states appear at non consecutive states ( which shall be ter med the Separate State Problem ).

If Lemma 2.1 and 2.2 are correct, then it is possible to suggest that the Consecutive State Problemand the

Separate State Problemare two sub-problems which sho w the same properties and can ad mit to the same solution, but for which there can be devised independent solutions which do not cover the whole, thereb ygiving the hypothesis.

5 EXPERIMENTAL INVESTIGATION

In the previous sectio n it was claimed that if the application of the reward could be delayed until the point of leaving the aliasing states, the discounting o f payoff wo uld not occur within the aliasing states and therefore the classifier covering the aliasing states wo uld be able to represent a single payo ff value accurately. In this section we identifyand examine one candidate mechanism.

5.1 A PROPOSED SOLUTION

In seeking a solution the main obstacle is the difficulty in identifying the difference between an action that leads to a consecutive aliasing state and an action which lead s back to the same state (a ’null’ actio n). T he same message is received fro mthe enviro nment in consecutive iteratio ns in both cases and oscillatio ns in prediction will still occur in the latter case for over-general classifiers matching in this state. Ho wever, if the environment does not allo w null actions, then it would be possible to repeatedlyrechoose the same actio n set while the message remains the same, rewarding the action set onlywhen payoff is received fro mthe fir st action set chosen fro m a different message. Preventing payo ff in this way will ensure that onlya single payoff is received for each distinct input vector (unless the Separate State Problemexists within the environment) and therefore eliminates the causes of the Co nsecutive State Problem.

T here exists a simple imp lementatio n to this proposed mechanismwhich requires the storage o f the message received in the previous iteration (set to a dummy message in the fir st iteration of a trial). At the start of a new iteration the message received is co mpared with the stored message and if the same then the previous match set and action set are restored. T he action selection stage is therefore not needed in this iteratio n, and the restored action is applied to the environment. If an environmental reward is received, this is given to the restored action set, but if no reward is received the payoff to the previo us action set is prevented. T he inductio n algorithms operate as nor mal.

T his mechanismwo uld appear, on first inspection, to prevent the Animat exploring alternative reward routes fro mwithin the aliasing states. Ho wever, unless the alternative route could be reached fro mall the aliasing states within a set of co nsecutive states, the actio n leading to the alternative route will itself be aliasing. If the route can be reached fro mall the aliasing states, then it could be chosen at the first of the aliasing states and will still be explored.

5.2 THE TEST ENVIRONM ENT

Both Wilson and Lanzi have utilized the Woods enviro nments in their work, but these environments are not easily scaled with fine control in either length or complexity. T herefore, the Woods environments are set aside in favor of the Finite State World environments introduced in the preceding section. All Woods enviro nments can be represented using FSW in any case, though not all FSW can be represented byWoods enviro nments. For these tests a nine consecutive state

FSW was constructed. T he first state s

0

is also the start state, and the ter minal state is s

8

at which a reward

R =1000 is provided. T he states s i

(1 £ i £ 7) each have two edges s i

® s i+1

and s i

® s i-1

, labeled with actio ns 0 and 1 respectively. T he state s

0

has a single edge emanating fro mit, 0 ® 1, labeled with actio ns 0 and 1.

T his enviro nment provides unifor mexploration rates for all states but does not have any ’null actio n’ edges leading back to the originating state as was the case in the enviro nments used in Barry(1999). T he states s

3

to s

6 were aliased b yproviding an appropriate message in each experiment. Other parameter s for XCS were set in all experiments as follo ws: N =400, p

1

=10.0, e

1

=0.01, f

1

=0.01,

R =1000, g =0.71, b =0.2, e

0

=0.01, a =0.1, q =25, C =0.8 , m =0.04, P(#)=0.33, s =20 (see Kovacs (1996) for a parameter glossar y ), and the maximum trial length was set to 50.

5.3 APPLYING ACTION P ERSISTENCE

In order to provide an empirical proof for the hypothesis, the previouslydescribed persistence mechanism will be applied within the test environment.

0

0. 2

0. 4

0. 6

0. 8

1

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

P roport ion

E x plorat ion Trials

XCS Out put

It erations

Relative E rror

M in Rel E rror

M ax Rel E rror

Figure 2 : T he fall in System Relative Error in the non aliased FSW-9(2) enviro nment averaged over 10 runs.

A non aliased version, ter med FSW-9(2 ) was created b y using state messages which were equivalent to the state numbers. T he aliased versio n, FSW-9A(2 )-4 was created

using the messages for each state as follo ws: 0- 00000, 1-

00001, 2- 00010, 3..6- 11000, 7-00011, 8-00100, chosen in order to minimize any likely aliasing state disr uption to other classifiers (Barr y, 1999). Baseline results for learning within the non aliased versio n of the environment and within the aliased version were obtained b yrunning the XCS ten times in each environment, capturing the

SystemRelative Error measures (Barry, 1999) at the end of each exploitatio n trial and averaging the results across each run. T he results fro mthe fir st 5000 exploitation trials within the non aliased environment are sho wn in Figure 2.

T hese results are interesting when co mpared to the equivalent non-aliased nine state environment used Barry

(1999). T he greater oscillation in the maximu m System

Relative Error suggests that the wider range of mo vement and lack of null actions in the environment used for these tests makes the task of learning more difficult.

0

0. 2

0. 4

0. 6

0. 8

1

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

E x plorat ion Trials

XCS Out put

It erat ions

Relat ive E rror

Min Rel E rror

Max Rel E rror

Figure 3 : T he averaged System Relative Error results fro m10 runs of XCS within FSW-9A(2 )-4 .

When the environment was modified to it’s aliased for m and the experiment was run it was therefore unsurprising that the degree of oscillatio n of the maximu mand minimum SystemRelative Error readings was much higher than in previous environments tested. As a result of the greater mo vement allo wed, the classifier covering the aliasing states was noticed to have an even more profound effect upon the classifiers covering the neighboring states than reported in Barry(1999) when the populatio ns resulting fro mthese runs was examined. A number of alternative message encoding schemes were tested but non appeared to provide anyadvantage o ver that which had alreadybeen chosen. T he averaged results of this experiment are sho wn in Figure 3.

T he XCS was modified in the manner outlined in section

5.1 to introduce action persistence over aliased states to the XCS. T he modified XCS was initiallytested b y inserting the hypothesized [O] into the population, tur ning the ind uction algorithms off, and running the XCS with all other parameterization set to the values stated previously. T hese tests indicated that the modified XCS was able to find the optimal predictions for all classifiers with no error and in the same time span that would be expected for the equivalent non-aliasing five-state FSW enviro nment. Kno wing that the modified XCS could deal with the aliased states correctly, the abilityo f the modified XCS to learn within the FS W-9A(2 )-4 enviro nment was examined b yrunning the XCS in the enviro nment ten times with no initial population and all inductio n algorithms on. T he System Relative Error was captured fro meach run and averaged, and the results fro m the first 5000 exploitation trials are sho wn in Figure 4.

0

0. 2

0. 4

0. 6

0. 8

1

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Proportion

Ex plorat ionTrials

XCS Out put

Iterations

RelativeError

MinRel Error

Max Rel E rror

Figure 4 : T he minimal System Relative Error illustrates that the environment FS W-9A(2)-4 is mapped optimally when using persistence of actio ns over aliased states.

T he rapid reduction in the System Relative Error measures indicates rapid and accurate learning. A compariso n with Figure 1 illustrates that lear ning is actually more rapid within FSW -9 A(2)-4 with persistence of actions than in the no n aliased FSW-9(2) environment.

T his is due to the effective reduction in states to a five state environment, making the learning task much simpler. An examination o f the final populations fro mthe

10 runs sho wed that theyhad all conver ged on [O], with the total population size between 27 and 40 macro classifiers with all classifiers which were not members o f

[O] having lo w experience and ver ylo w numerosity indicating theywere the unfruitful product of continued exploration. T able 1 gives [O] taken fro ma typical r un.

T his experiment has demonstrated that the consecutive aliasing state problemcan be overco me b ya mechanism, the use of persistent actio ns, which does not solve the more general Aliasing Problem. T herefore, it is concluded that the Consecutive State Problemis a sub -problemo f the more general Aliasing Problemand that a solutio n exists for the Consecutive State Problemwhich does not address the whole aliasing problem.

T able 1 : Classifiers in [O] learnt b ythe persistent for mo f

XCS acting within FSW-9 A(2)-4

Class. Pred. Error Fit. Acc. Num. M S Ex p.

###11 ® 0 1000.0 0.0000 1.00 1.00 41 42.7 27517

###11 ® 1 503.35 0.0007 1.00 1.00 31 41.0 12371

1#### ® 0 707.21 0.0013 0.92 1.00 38 44.6 40047

1#### ® 1 357.91 0.0006 0.97 1.00 34 40.2 25079

###10 ® 0 503.18 0.0007 0.99 1.00 49 51.7 53263

###01 ® 0 358.76 0.0009 0.98 1.00 51 54.3 66974

###01 ® 1 180.50 0.0004 0.92 1.00 36 45.4 52773

0##00 ® 0 254.05 0.0003 1.00 1.00 38 44.0 41199

0###0 ® 1 253.91 0.0003 0.95 1.00 48 58.0 81085

6 DISCUSSION

T he experiments demonstrate that within the simple FSW developed for these tests it is possible to utilize action persistence to eliminate the Consecutive State Problem.

Ho wever, this solution is limited byit’s inability to deal with null actions. Unfortunately, even in environments like the Woods environments which wo uld appear not to allo wnull actions these are often present - an action which is not allo wed, such as an attempt to mo ve onto a

’Rock’ sq uare within the Woods environments, will prevent mo vement to a new state and wo uld therefore be modeled within a FSW as a null action. T his is therefore a fairlysevere limitation.

6.1 DEALING WITH NULL ACTIO NS

Fortunatelyit is possible to conceive o f a number of potential solutions to the problem. In environments such as the Woods environment the attempt to mo ve to an illegal positio n can be easily detected b yproviding the

XCS with feedback fro mthe enviro nment that the attempted mo ve was illegal. T his infor mation can be used to prevent action persistence fro mstarting, which together with the standard discounting payoff mechanismsho uld allo wXCS to learn to select more appropriate actions during exploitatio n trials. A similar effect can be gained byintroducing an additional parameter p to XCS which gives a limit on the number of iterations o ver which action persistence may operate. On each iteratio n in which an actio n is reinstated because the same message is presented fro mthe environment a counter is incremented.

Upon reaching the limit p action persistence is stopped, a

’reward’ eq ual to the minimum environmental reward is given, and the trial is concluded. Over a short number of explorations the classifier leading to a persistent actio n over a null action will co nver ge to a lo wprediction and therefore not be selected during exploitation trials. It is worth noting that a parameter alread yexists within XCS that gives a maximum trial length before a trial is ter minated and a new trial begins. T his parameter prevents XCS fro meter nallyiterating between t wo or more cyclically connected states, and has the same effect as the proposed newparameter. T he new parameter p is introduced because the existing trial length parameter has a relativelyhigh value which is inappropriate for the detection of null actio ns.

6.2 SPECIF YING ACTION DURATION

Cobb and Grefenstette (1991) emplo yed classifiers which included actions which identified a duration over which the action o f the classifier was to occur within the

SAMUE L LCS. T heywere able to demonstrate that a

LCS which included this facility was able to discover classifiers with suitable actio n duration under the action of the GA for a missile pursuit problem. On first inspectio n it wo uld appear that this techniq ue could be readilyapplied to XCS to solve the consecutive state aliasing problem. A classifier which identifies both the action and the correct duration for the action wo uld receive a constant payo ff and therefore be identified as accurate and of high fitness. A classifier identifying the incorrect duration wo uld receive no payoff (if it persists too long), a fluctuating payoff (if it persists for too short a time and so is re-invo ked), or a lesser payoff (if it persists for too short a time but is not re-invoked it will be further do wn the feedback chain), and therefore in each case will not be selected in exploitatio n. T herefore, without change to the credit allocation or induction mechanisms of the

XCS, and with only minor changes to the perfor mance component, XCS would appear to have all the mechanisms necessar y to generate, identifyand proliferate classifiers which act for the correct time period.

Ho wever, this approach has potential limitations. Firstly, if classifiers can be discovered which successfullymove over all the aliased states, theywill only be useful if all occurrences of consecutive aliasing state sets generating a given message are the same length since the length of invocatio n is hard coded within the classifier. Secondly, the addition of timing infor matio n to a classifier increases the action length (and thereb ythe search space) unnecessarilyfor the manyother classifiers which do not require this facility. T hirdly, and finally, the XCS implementation proposed byWilson (1995, 1998) includes only primitive search over the actio n space

( mutation only) and thus any significant extensio n of the action encoding will necessitate the full applicatio n of GA search to the who le classifier in order to search over the duration fields adequately.

Unfortunately, the operation of the XCS itself provides so me more fundamental problems. Firstly, in an enviro nment where consecutive states have the same action message all the wayto a ter minal state a classifier with the mo ve-to-goal action could develop a duration which continues the action over all inter mediate states to the goal. Whilst this is potentially beneficial in the short ter m, it limits exploration of later states and prevents the timely production of a full State ´ Action ´ Payoff mapping within the classifier population. T his problem was investigated b yusing FSW-9 with one actio n ( move for ward) and a maximum actio n persistence sufficient to traverse fro mthe start state to the ter minal state. T he population was initialized to cover all conditions and actions and the inductio n algorithms were disabled. After

15000 exploration trials the population was examined.

T he classifier s covering the start state that did not lead

directlyto the ter minal state were fo und to have over 10 times more experience than the next most experienced classifiers in the population (average 2190 for s

0 compared with 219 for s

1

in one typical run), with the classifier that led directlyto the ter minal state having over

60 times more experience.

Secondly, the persistence of an actio n will cause the classifiers concer ned to be given the payo ff received fro m the destination state and so converge on a prediction which wo uld nor mallyoccur much later in the state chain.

Since the maximu msystem prediction is used as the payo ff value within multi-step problems the prediction of these classifiers will be passed on to other preceding classifiers. In the investigation using FS W-9 , all classifiers leading to the ter minal state converged on R whilst all classifiers which lead to other states within the enviro nment converged to g R . Whilst still allo wing XCS to choose the optimal classifier, the destr uction o f the temporal difference properties of the mapping generated byXCS cannot be justified.

T his problemwo uld seem to be able to be addressed, for the sole solution o f the consecutive state aliasing problem, bylimiting the persistence of an action to the cases where the message remains the same in consecutive states. In this case a classifier which tries to persist with an action for longer than a message is consecutively posted can be rewarded an arbitraryver ylow reward so that the mapping for actions of an incorrect duration are poorly valued and thus not selected during exploitation.

T his possibilitywas investigated using FS W-9A(2)-4 and a two aliasing state versio n of FS W-9A(2)-4 ter med FS W-

9A(2)-2 . T he XCS was modified so that the environment decodes the persistence specificatio n in the actio n and repeats the action the number of times specified, or until the environment gives a new message, before handing control back to the XCS with an indication of whether the full action persistence was completed. If the full duratio n was co mpleted before the message changed then the nor mal payo ff mechanism is used at the end of the delay to give a constant feedback to the classifier. If, ho wever, the full d uration was not co mpleted the XCS no wpays back the minimum environmental reward in lieu of the nor mal payo ff. I f the duratio n is too short, the classifier will be inaccurate. I f it is too long, the classifier will have a lo wprediction and not be used within exploitation trials.

T hus, the classifiers proposing an action which persists for the correct duration sho uld be selected.

T he experiments consisted of 10 runs o f 15,000 exploitation trials with all other parameterizatio n kept at that described in sectio n 5.2. T he results sho wed that

SystemRelative Error, although reduced, remained high for the fo ur alias state test. T he two alias state test was better, sho wn in Figure 5, but the System Relative Error was never eliminated.

An examinatio n of the populations revealed that the XCS found classifier s with high numerositywhich identified that no length three or four delays were required in any state, and no length two delays were required in the nonaliased states. It was also able to learn the generalized classifiers for most of the non aliased states, although there was a degree of disruptio n present. T he classifier s covering the aliased states were present in small number s with lo w experience. An examination of the location of the disruptio n of other classifiers revealed that, under exploration, a classifier could be invoked that moved into the second of the aliasing states fro m s

7

. T his would cause the invocation o f the classifier providing a two step delay to receive a zero reward, generating inaccuracy. No solutio n to this problem, apart fro mmemor y solution similar to the approach used by Lanzi, exists. T hus the provision of actio n persistence specification within XCS is inappropriate both as a solution to the Consecutive

State Problemand for general XCS use.

0

0.2

0.4

0.6

0.8

1

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Proport ion

Ex plorationTrials

XCS Out put

It erations

Relative Error

MinRel Error

Max Rel Error

Figure 5 : SystemRelative Error remains within FSW-

9A(2)-2 when attemp ting persistence delaylear ning.

7 CONCLUSIONS

Using results on the Consecutive State Problemfro m

Barry(1999), it has been demonstrated that the

Consecutive State Problemis a sub-problemof the

Aliasing Problem. T his finding allo ws the existence of a solutio n to the Co nsecutive State Problemthat does not address the whole Aliasing Problembut can be implemented more simply. A solution was demonstrated which maintained an actio n whilst the same message was received byXCS, and its extension to environments which contain ’null actio ns’ was discussed. An alternative candidate solutio n was identified based on a previous

LCS implementatio n, but investigations have demo nstrated that this solution is inappropriate for implementation within XCS.

Acknowledgements

T he author wishes to ackno wledge advice received fro m

Stewart Wilson and T imKovacs in the develop ment and

testing of the XCS implementation no w available fro m http://www.csm.uwe.ac. uk/~ambarr y/LCSWEB

References

Barry, A.M. (1999), Aliasing in XCS and the Co nsecutive

State Problem: 1 - Effects, sub mitted to the Intl Co nf on

Genetic and Evolutionar yComp uting,, 14-17 July, 1999.

Booker, L.B. (1989), T riggered Rule Disco ver yin

Classifier Systems, in Schaffer, J.D. (ed.), Proc. Third

Intl. Conf. on Genetic Algorithms , 265-274.

Cliff, D., Ross, S. (1994), Adding memor yto ZCS,

Adaptive Behaviour 3(2) , 101-150.

Cobb, H.G., Grefenstette, J.J. (1991), Learning the persistence of actions in reactive control rules.

Grefenstette, J.J. (1987), Multilevel Credit Assignment in a Genetic Learning System, in P roc. Second Intl. Conf.

On Genetic Algorithms and their Applications , 202-209.

Kovacs, T . (1996), Evolving optimal populations with

XCS classifier systems. T ech. Rep. CSR-96-17, School of

Co mputer Science, University of Bir mingham, UK.

Kovacs, T . (1997), XCS Classifier SystemReliably

Evolves Accurate, Co mp lete, and Minimal

Representations for Boolean Functions, WSC2: 2 nd Online World Conf. On Soft Comp. In E ng. Design and

Manufacture.

Lin, L-J . (1993), Reinforcement Learning for Robots using Neural Networks , PhD T hesis, CMU-CS-93-103.

Lanzi, P.L. (1997), Solving problems in partially observable environments with classifier systems, T ech.

Rep. N.97.45, Dipartimento di Elettronica e

Infor mazione, Politecnico do Milano, IT.

Lanzi, P.L. (1998b), An analysis of the Memor y

Mechanism of XCSM, in Proc. Intl Conf. on Genetic

Programming.

Riolo, R.L. (1987), Bucket Brigade perfor mance: I. Long sequences of classifiers, in Proc. Second Intl. Conf. on

Genetic Algorithms and their Applications , 184-195.

Venturini, G. (1994), Apprentissage Adaptatif et

Apprentisage Supervisé par Algorithme Génétique . PhD

T hesis, Université de Paris-Sud.

Wilson, S.W. (1983), Knowledge gro wth in an artificial animal, in Proc. First Intl. Conf. on Genetic Algorithms and their Applications , 196-201.

Wilson, S.W. (1994), ZCS, a zeroth level classifier system, Evolutionary Computation 1(2) , 1-18

Wilson, S.W. (1995), Classifier fitness based on accuracy,

Evolutionary Computation 3(2) , 149-175

Wilson, S.W. (1998), Generalization in the XCS

Classifier System, in Proc. Third Annual Genetic Prog.

Conf.