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ien
e, University College,The University of New South Wales,Australian Defense For
e A
ademy,Canberra, ACT 2600, Australia.email: j-bobbin�adfa.edu.auAbstra
t.Computational intelligen
e te
hniques in 
ontrol have fa
ilitated theautomati
 generation of 
ontrol strategies with little or no human inputabout the system. The present resear
h examines the use of evolution inthe generation of rule-based 
ontrollers for diÆ
ult nonlinear problems,where the derived 
ontrollers are in a 
ompa
t, 
omprehensible form.The approa
h is able to evolve rule stru
tures simultaneously with theparameters required to automati
ally �nd 
ontrollers for non-linear 
on-trol problems. Evolution enables the use of a 
omplex, information ri
hdata stru
ture whi
h expresses the solution to the 
ontrol problem withinformation about how the system is being 
ontrolled.1 Introdu
tionEvolutionary algorithms have been su

essfully applied to many fun
tion optimisationproblems, and in
reasingly they have been applied to learning tasks [1, 2℄. One of theprin
ipal di�eren
es between learning and optimisation tasks are the way that solutionsare represented by the algorithm. In fun
tion optimisation the solution is representedas either real valued genes in a 
hromosome or as binary strings. When applyingevolutionary methods to other problem domains there are many representations possiblein
luding 
omplete 
omputer programs [2℄.The prin
ipal issue 
onsidered in the 
urrent work is that of representation of the
ontroller. We wish to dis
over a 
ontroller whi
h 
an 
ommuni
ate information abouthow the system is being 
ontrolled to other 
ontrollers and is also suÆ
iently 
ompre-hensible to share the knowledge dis
overed by the evolution with human operators.The 
hoi
e of representation, and operators, 
learly a�e
ts the eÆ
ien
y of thesear
h. It is also a method of en
oding information about the problem domain into thealgorithm, sin
e the only solutions that the evolutionary sear
h may �nd are those that
an be represented by the genes it is using. There will also exist biases in the represen-tation whi
h a�e
t the traje
tory that the evolution will take to arrive at the solution.There has been a variety of representations used to evolve 
ontrollers, in
luding binarystrings [3, 4℄, weights in a neural network [5, 6, 7℄, mathemati
al fun
tions in a geneti
program [2, Page 289℄[8℄ and parameters for a model of the system being 
ontrolled [7℄.A strength of the evolutionary pro
ess is the fa
t that it 
an operate on a diverserange of stru
tures. A representation 
an be 
hosen whi
h is appropriate for the in-tended use of the solution. In this paper we demonstrate an automati
 
ontroller whi
hoperates on 
omprehensible rules to �nd a reliable, robust 
ontroller. The algorithmdis
overs information about the problem and the 
hosen representation allows that in-formation to be transferable to a knowledgeable operator, or to another automated
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Figure 1: The 
art-pole system
ontroller. Heuristi
 rules for how the problem is solved 
an be obtained dire
tly bythe algorithm as it dis
overs how to 
ontrol the system.The following se
tion brie
y des
ribes the system being 
ontrolled and some previousresear
h. Se
tion 3 des
ribes the te
hnique used here in detail, and se
tion 4 des
ribessome results obtained with the method. Finally, Se
tion 5 draws some 
on
lusions.2 Ba
kgroundTo demonstrate the evolution of a 
omprehensible rule-based 
ontroller we implementthe representation and evolution algorithms on the well known 
art-pole problem shownin �gure 1. The task is to maintain the pole whi
h is atta
hed by a hinge to the topof the 
art balan
ed for a set amount of time without ever pushing the 
art over theend of the �nite tra
ks (� 1 meter). The pole may only deviate from the verti
al by apres
ribed number of degrees (� 12 degrees). The task is 
ompli
ated by only allowinga dis
rete for
e to be applied to the 
art in either dire
tion (� 10 Newtons). It isfurther 
ompli
ated by starting the system from a randomly 
hosen position (� 0.5 m,� 0.1 m/s, � 2 deg, � 1 deg/s). The problem allows us to examine the algorithmsrobustness in learning to 
ontrol the system from a range of initial positions, and to
ontrol a non-linear system.The equations and 
onstants used to simulate the 
art-pole system are given inVar�sek et al. [4℄ and elsewhere.The 
art-pole system examined in this paper has been widely used as a test problemfor di�erent aspe
ts of ma
hine learning [3, 4, 5, 7, 9, 10℄. Most resear
h has 
on
en-trated on deriving a 
ontroller for the 
art-pole system without a mathemati
al modelof the system being in
orporated into the learning algorithm. However, few studieshave addressed the issue of how the learned knowledge 
an be transferred to solvesimilar problems and how the knowledge 
an be made more human 
omprehensible.Controllers whi
h 
an 
ommuni
ate how they are de
iding on the 
ontrol to be appliedrequire sophisti
ated languages in whi
h to represent the 
ontroller. If we 
an provideevolution with a means of expressing the innovations whi
h it dis
overs then the 
ontrolproblem 
an be solved and the 
ontroller understood.In this paper an evolutionary algorithm operates on a data stru
ture whi
h is un-derstandable by human operators, to provide a 
omprehensible solution to the 
art-poleproblem. By using evolution we are able to dis
over good rule stru
tures and parame-ters to balan
e the pole, simultaneously. We address the issue of whether evolution 
an
reate 
omprehensible rule stru
tures and parameters to balan
e the 
art-pole systemfrom a range of initial 
onditions. Previous approa
hes to this problem have mostly usedhuman pre-de�ned partitions of the spa
e whi
h have then been optimized with 
ontrol



3values whi
h balan
e the system, or have used 
onne
tionist approa
hes to dis
over neu-ral networks whi
h 
an balan
e the system, but 
annot e�e
tively 
ommuni
ate theirsolution to either human 
ontrol experts or to other 
omputer generated 
ontrollers.3 Evolving Rule Based ControllersRule based 
ontrollers map regions of the state spa
e to appli
able a
tions. An evo-lutionary algorithm is proposed whi
h 
an optimise the parameters asso
iated with arule set and thus �nd an appropriate dis
retization of the 
ontrol system's state spa
eautomati
ally. A novel degenerate tree rule stru
ture is proposed, whi
h allows the evo-lutionary algorithm to explore the rule topology while simultaneously optimising therule parameters. Thus a good dis
retization of the state spa
e and rules to 
ontrol thesystem 
an both be found without a-priori knowledge being given to the system aboutthe optimal dis
retization or rule stru
ture. Note that we do not assume symmetry inthe parameter values.3.1 Representing a Rule SetRule sets are evolved with an evolutionary algorithm operating on a novel degeneratetree rule representation. Ea
h gene represents a simple rule whi
h maps an area ofthe state spa
e to an a
tion. The genes are 
ombined in a potentially 
omplex topol-ogy whi
h allows subsequent genes to modify the a
tion of previously a
tivated genes.The 
urrently 
onsidered gene 
an have a number of ex
eptions, whose a
tion will beexe
uted if and only if the 
urrent gene is a
tivated, and the ex
eption genes rule issatis�ed. The ex
eption gene then be
omes the 
urrent gene, and it too may haveex
eptions. The rule stru
ture is a large tree-like stru
ture, with ea
h rule to the rightre�ning the rules to the left. The rules are linked together in su
h a way that ea
hmember of the population whi
h is evolved is a 
omplete rule system whi
h determinesa 
omplete solution to the problem. This degenerate tree rule stru
ture is based on rip-ple down rules [11℄, whi
h are noted as being very human 
omprehensible and su

in
t.Ea
h rule has a 
ontext, and this is re
e
ted in the way in whi
h human experts thinkabout rules.At ea
h node in the rule tree there is a 
omparison of the value of a state variable.If the 
omparison is true then the rules ex
eption list is parsed. The ex
eption list isidenti
al in stru
ture to the tree itself. If a node is not true then the `if-not' list isparsed. Thus ea
h node 
an have its area of in
uen
e re�ned by ex
eption rules. If we
onsider the rule (X1; X2; V1; V2 2 R)IF X1 < X < X2 THEN a
tion = u1it de�nes an area of the state spa
e based on the position (X) shown in the graph ofposition against velo
ity in �gure 2. A mutation operator may then add an ex
eptionto the rule EXCEPT IF V1 < V < V2 THEN a
tion = u2and we get the 
ontrol poli
y shown in �gure 2. The ex
eption rule 
an have ex
eptionand if-not rules too, all of whi
h re�ne the 
lassi�
ation of the state spa
e into 
ontrola
tions. In the 
hromosome in �gure 2 the rules to the right of rule A are tested if andonly if rule A is true. For rule D to be tested rule A must be true and rule B not true.For rule C to be tested rule A must be true and rule B. If rule C is then not found tobe true, rule B would have it's proposed a
tion implemented.
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EFigure 2: The area 
lassi�ed by a rule and a rule and ex
eption rule, and the stru
ture of therule set3.2 Mutation and Re
ombination of Rule SetsThe rule tree is modi�ed by a number of operators. The most basi
 are the add anddeletion operators, whi
h add or remove a rule to the tree. There are also topologi
almutations. They modify the order in whi
h rules are 
onsidered, and slightly 
hangethe resulting 
lassi�
ation of the state spa
e. Crossover swaps rules and their asso
i-ated ex
eption's between rule sets in the population. The probability of mutation and
rossover o

urring is de
ided by a self-adaptive s
heme based on evolution strategies(ES) [12℄. This allows the probability of stru
tural mutations to 
hange during the runon the basis of their past utility in generating �t o�spring.The parameter values asso
iated with a solution are modi�ed by another ES algo-rithm and passed on to the 
hildren of the solution. There is no 
rossover or swappingof parameter values between individuals in the population. This makes the parametervalues analogous to a 
ultural behaviour whi
h is passed on to the 
hild by the parent.This 
ultural information instru
ts the 
hild how to use the rule set it has been bornwith. When 
rossover swaps parts of another solutions rule stru
ture, the way that therule stru
ture is used in the new solution is not the same as the previous solution sin
ethe parameter values for the new rule set will be di�erent.In ea
h generation the probability of using a dis
rete mutation operator su
h asadding or deleting a rule is updated a

ording to the ES stepsize formula [12, Page144℄. The new probability is 
oded onto the individual so that good rates of mutationand re
ombination 
an be applied at ea
h stage in the sear
h. The parameters areupdated a

ording to a standard ES implementation [12, Page 144℄.When evaluating a 
ontroller the �tness asso
iated with the 
ontroller is the averagenumber of generations whi
h the 
ontroller balan
ed the pole for from 5 random initialstates. The sele
tion is (�; �), where �� = 17 . There are � o�spring born ea
h genera-tion from the best � 
hildren of the previous generation. Using a non-elitist sele
tionmethod prevents a 
ontroller re
eiving a `lu
ky' set of random states and dominatingthe population without the need for re-evaluating 
ontrollers.4 Experimental StudiesA number of runs were 
ondu
ted using a population of 200 rule sets over 250 genera-tions. The best 
ontroller from ea
h run was able to balan
e the 
art-pole system fora million time steps from the edges of the initial random region, and is 
onsidered tohave solved the problem.The output from a typi
al run is shown in �gure 4. The 
hanges in the probability ofapplying di�erent operators at ea
h generation is also shown. Note that the probability
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Figure 3: Left: The position of the 
art in meters and the angle of the pole from verti
al indegrees. Right: The probability of applying di�erent operators at ea
h generation.of applying operators de
reases as good stru
tures are dis
overed. This de
rease isentirely driven by sele
tion, the update formula for the probabilities [12, Page 144℄ isneutral with respe
t to in
reasing or de
reasing the probabilities over time. Sele
tiondoes not monotoni
ally de
rease the probabilities be
ause at 
ertain times during therun some operators are of more value to the 
urrent stru
tures 
ompared to other timesduring the run.4.1 Rule Sets Produ
edA typi
al rule set found is shown in table 1 with the parameters in table 2. The ruleset is very similar in nature to the human derived rules presented in [4℄. The 
ontrolleris prin
ipally 
on
erned with the position of the pole, always moving in a dire
tionto balan
e the pole when it is not balan
ed. When moving the 
art, however, the
ontroller moves to a

elerate the 
art to the left even while it is going left (Rule 2) sothat the pole is unbalan
ed and the 
art is moved ba
k to the right as the pole be
omesbalan
ed.The rule set shows how the representation 
ommuni
ates how the 
ontroller is 
on-trolling the 
art. There are many ways this information 
an be used.1. IF � very negative then push LEFT2. IF x0 very negative then push LEFT EXCEPT IF �0 very positive then PUSH RIGHT3. IF � very positive the push RIGHT4. IF �0 very negative then push LEFT5. IF x very negative then push RIGHT EXCEPT IF � is small then PUSH LEFT6. IF � is small then push RIGHTTable 1: A typi
al rule set found for the 
art-pole 
ontrol problemVery Negative Very Positivex -0.155 m 0.261 mx0 -0.154 m/s 0.456 m/s� -3.62 deg 1.99 deg�0 -8.27 deg/s 11.6 deg/sTable 2: Parameters for a rule set to 
ontrol the 
art-pole problem



65 Con
lusionAn evolutionary algorithm operating on a 
omprehensible rule set is outlined to solve
ontrol problems. The representation allows the knowledge dis
overed by the algorithmto be interpreted by human operators or transferred to other 
ontrollers. By utilizingan information ri
h data stru
ture the evolutionary pro
ess 
an be exploited to provideinsights into how diÆ
ult problems may best be solved. Evolutionary learning dis
oversa lot of information about the problem it is solving, however this information has notbeen available in any form other than the �nal point dis
overed. In 
ontrol problemsthere is the potential for the evolution to learn to 
ontrol the problem, and also to
ommuni
ate how it has done so.The form of rule sets 
onsidered in this paper enables 
lassi�
ations of the state spa
ebased on the values of the 
o-ordinate variables but not on 
ombinations of 
o-ordinatevariables. Future resear
h will relax this 
ondition and so enable more 
ompli
ated
ontrol stru
tures to be dis
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