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Abstract

Thispapediscussetheapplicatiorof machnelearningtothe
designof power systemblackout predictioncriteria, usinga
large databaseof randompower systemscenariogenerated
by Monte-Carlosimulation. Eachscenariois describedby
temporalvariablesand sequence®f events describingthe
dynamicsof the systemasit might be obsered from real-
time measurementsThe aim is to exploit the databasein
orderto derive assimpleaspossibleruleswhichwould allow
to detectan incipient blaclout early enoughto prevent or
mitigateit. We proposea novel “temporaltree induction”
algorithmin orderto exploit temporalattributesandreacha
compromisédetweerdegreeof anticipationandselectvity of
detectiorrules. Testsarecarriedout on a databaserelatedto
voltagecollapseof anexisting large scalepower system.

Intr oduction

This paperpresenta new methodfor theinductionof tem-
poraldetectiorrulesfrom largeamountf mixed symbolic
andnumericaldata. The databaseis composedf a large
numberof dynamicscenarioof a systemcharacterizedy

two typesof attributes: variable step-sizenumerictime-
seriesaandtime-taggedequencesf events.Eachscenarias

classifiedwith respecto atargetsymbolicclass andtheaim

of machindearningis to build a detectiorrule whichwould

beableto detectasearlyaspossiblethe scenario®f thetar

getclass.Thedevisedmethodbuildsupdetectiorrulesin the
form of temporaltrees,usingatwo-stagegreedyapproach

firstalargetreeis grown, thenthistreeis prunedin orderto

avoid overfitting. Themethodis testedon afairly largedata
basecorrespondingo thedetectiorof power systenvoltage
collapsedrom real-timeinformation.

Thepaperis organizedasfollows. Next sectiondescribes
thephysicalproblemanddiscussefs peculiaritiesrom the
machindearningpointof view. Thefollowing two sections
describein detail the devised algorithmsfor temporaltree
inductionandtheresultsobtainedin our emgrical casestudy
The last sectionsof the paperdiscussfurther researchand
provide a preliminarycomparisorwith relatedwork.

Problem statement

We startby describingthe physicalproblemconsiderednd
thendiscussts peculiaritiefrom themachindearningpoint
of view. We endby statingthe objective of thetemporalree
inductionmethodproposed.

The physical problem

Electric power systemsare amongthe mostcomple< man
madesystemson the world. One of the main problemsin
power systemss to arbitratebetweereconomyandsecurity
Simply statedthe securityof a power systemdenotests ca-
pability to provide continuousoperationn spiteof thelarge
diversity of disturbancegvariationsin consumerdemand,
internalfailures externalperturbationdik e lightningstrikes,
storms..). Securityishandledn practicethroughtwo com-
plementarystratgjies: preventive control, whichis carried
outby humanoperatorsn orderto maintainthe systemin a
statewhereit canwithstanddisturbancesmegeng control,
which actsautomaticallyaftera disturbancénasoccurredn
orderto minimizeits consequencesSincedisturbancegre
intrinsically random preventive controlwill essentiallyaim
at balancingthe economiccost of normal operationwith
therisk (expectedsererity) of instability/insecurity On the
otherhand,emepgeng control essentiallyaimsat reducing
the severity of instabilities. It is worth noticing thatdueto
increasingcompetitve pressuren the electricindustry and
thankgo thepossibilitiesofferedby moderncommunication
andcomputingtechnologiesthe trendin power systemss
to rely morestronglyon emegeng control.

Oneof themainproblemsn thedesignof emegeng con-
trolsis to defineappropriateriteriawhichareableto predict
in real-timewhetherthe systemis in the procesof loosing
stabilityor not. Thisimpliestheselectiorof apgopriatereal-
time measurementé@monga multitude of possibleones),
filtering out the usefulinformation containedn them (e.g.
separatinghorttermtransientsromtherelevanttrends) and
combiningthesdn ordertoformulatedetectiorrules. Notice
thatsinceemegeng controlsaresupposedo operatainder
extremelystringentbut very seldomlyobsened conditions,
their designprocessessentiallyrelieson numericalsimula-



tion of the power systembehaior undervariousconditions
likely to driveit towardsaninstability. Thanksto thequickly

growing amountof availablecomputingpowerit is now pos-
sible to use Monte-Carlosamplingtechniquesn orderto

screenvery large samplegqseveralthousand)f large scale
simulationsyielding large databasesf simulationresults.
Thesedatacanthenbe exploited using automaticlearning
(machinelearning, statisticaltechniquespeuralnetworks)

and other datamining tools (visualization,sorting, subset
selection...)in orderto extractsyntheticinformation.

The framewvork combining automatic learning with
Monte-Carlosimulationsn powersystenplamingand oper
ationis verygeneralandhasbeenappliedto variousdesign,
predictionandmonitoringproblems.We refertheinterested
readeto (Wehenlel 1997)for anoverview andto (Wehenlel
1998)for a deepediscussiorof this topic. In this paperwe
focusonemepgeng controlandmorespecificallyontheway
to exploit temporalattributesby machinelearning,in order
to automaticallybuild predictionruleswhichareatthesame
time selectve andanticipatve enough.

While weusetheaborepowersystenemegeng statede-
tectionproblemin our experimentswe noticethatthereare
mary otherpracticalapplicationsvhichpresensimilarchar
acteristicssuchas, for example,monitoringof otherkinds
of large scalesystem(telecommunicatiometworks, indus-
trial processcontrol ..) or monitoring patientsin various
medicalapplications.

The early detectionproblem

From the machinelearning point of view, our problemis
intuitively formulatedasfollows (to save spacewe will not
discusghis from theformal point of view) :

Universeof scenarios. We aregivenauniverseU of ob-
jects(denotedy o) representingynamicsystentrajectories
(scenarioswhichareontheonehanddescribedy acertain
numberof tempoal candidateattributes on the otherhand
classifiednto oneof two possibleclasses(o) € {+,—}.
We denotebya’(-,-)(i = 1...m)acandidatettribute(a
functiondefinedonU x [0. ..+ cc[), andby a¥(o, t) itsvalue.
We considetthetwo following typesof temporalattributes:

Numerical: a'(o,t) € IR;

Eventsubsets ai(o,t) C E,i, whereE,: is afinite setof
possiblesvents.

Detectionrules. Denotingby a(o,-) the attribute vector
(a*(0,-),...a™(0,)), andby a|q_4(0,") its restrictionto
theinterval [0.. . . #], we considera detectiorrule for class+
asafunction

d(-,):Ux[0...+00] = {+,-} (1)
which hasthefollowing property

Yo,d e UVt € [0...4 o0 :

(ap.q(0) = a0, )] = [dlo.t) = d(o 1), P

Thus, a detectionrule classifiesan objectat time ¢ on the
basisof ajo. 4 (0,), o, in otherwords, it dependnly on
presentandpastattributesvalues.

Monotonicity. Wealsoassuméhatif anobjectis classified
into class+ atsometime, it will remainsofor all latertimes
(monotonicity).In otherwords,

do,t) =4+ & VYt >t 1d(o,t) =+. (3)
Thus,for anobjecto, we will denoteby ¢4 (o) thefirst time
it is detected

d(o ty(0)) =+ and V' <ty(o) :d(o,t')=—. (4

Machine learning problem. GivenalearningsetLS =
{o1...0on} C U (asampleof N objects)f known classand
whoseattributesvaluesare obsened for somefinite period
oftime (0. .. ¢(0)], the objectveis to automaticallyderive
a detectionrule which would performaswell aspossiblen
detectingobjectsfrom U. Clearly, a gooddetectionrule is
a rule which will detectonly thoseobjectswhich actually
belongto class+, andamonggoodrules,thebetteronesare
thosehaving the smallesidetectiortimes.

Comments

Notethatin ourformulationtimeis continuous.In theprac-
tical applicationdiscussedh this paper numericalattributes
arerepresente@s piecavise linear functionsof time, with
stepsizesvarying from oneobjectto anotherand possibly
from oneattributeto another Ontheotherhandeventsubset
attributesareexplicitly representedslists of pairs

((By,ta). .- (B, 1)), (5

wheret; < t;+1 andE; C E,: denoteghe subsebf events
which happerattime ¢;.

Note alsothatin our applicationit is preferableto min-
imize the numberof differentattributesusedin a detection
rule,in orderto improve comprehensibilitysoasto facilitate
validation of resultsby humanexperts,andalsoto reduce
the costof actualimplementation.Giventhe large scaleof
power systemsthe numberof potentialcandidateattributes
is however very large. Thus,the machinelearningmethod
shouldbe ableto selectamongthe proposedcandidateat-
tributesa small numberof relevant ones,if theseexist, or
indicatethatthereareno such“ideal” measurementmong
thoseusedto representhe scenarios.

The monotonicitypropertythat we imposeon detection
rules may appearas quite restrictve. However, we think
thatin the early detectionproblemthis assumptioris rather
natural,in the sensethat what mattersis whetherandhow
earlydetectionhappensAs we will seein the next section,
this assumptiomalesit possibleto setup a rathersimple
machindearningalgorithm.
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Temporal tr eeinduction algorithm

Theproposedilgorithmis amodificationof thewell-known
TDIDT (top down induction of decision trees) method
(Breimanetal. 1984;Quinlan1986).Asin TDIDT, tempo-
ral treeinductionis composeaf two searctstages (i) tree
growing, which aimsat selectingthe appropriateattributes
and definingthe tree structureas a collection of tests; (ii)
treepruning,which aimsat determiningheappropriatdree
compleity in orderto avoid overfittingthedatacontainedn
thelearningset. Prior to treeinduction,the overalllearning
setL S isfirstdecomposeih two disjointsubsets thegrow-
ing sample(G S) usedto evaluatethe quality of candidate
treesduring growing, andthe pruningsample(P.S) usedto
evaluatetreesduringpruning.
Wefirstdescribeheproposedemanticef temporatrees
and introducethe quality measuresisedto evaluatethem,
thenwe discusgheproposedyronving andpruningmethods.

Proposedsemanticsof temporal trees
Figure 1 shavs a simple temporaltree. The elementary

bricks of this device are the testsT; correspondingo its
arcs.Eachsuchtestis alogical functionalof theattributes

T(,y:Ux[0...+00] — {T, F}, (6)
which satisfies

Vo,0' e UNte[0...+ o0 :
lajo..q1(0, 1) = ajo..41 (0", )] = [T'(0, 1) =T'(d, 1)],
(7)
andwhich hasa monotonicitypropertysimilar to the detec-
tion rules

Tlo,t)=T & V'>t :T(o,t)=T. (8)

Notice that in practicesuchtestsdependonly on a single
attribute.

Usingsuchatemporaltree,andgivenavalueof ¢, a sce-
nariois propagatedhroughthe treealongall pathsstarting
attherootR (i.e. thetop-node)until a condition?’; along

thepathis falseor aterminalnodeis reachedIf thescenario
reachest leastoneterminalnode,it is classifiedinto class
+, otherwiseit is classifiednto class— attime.

Noticethatthe monotonicitypropertyof testsimpliesthe
monotonicityof thetreedetection.It impliesalsothatsce-
narioscanonly move downwardsthetreeastime advances.
Indeed,astime advancesgconditionswhich aretrue remain
soandotherconditionamaybecomedrueallowing ascenario
to move down thetree. For a giventree7 andascenario,
we denoteby ¢ 7 (o) thetimeatwhicho first reachesitermi-
nalnode.Of course someof the scenariosnay neverreach
aterminalnodeandwill thusremainclassifiedpermanently
in class—.

Noticealsothatfor thesale of consisteng weimposethat
atrivial tree(composeaf only its root) classifiesall objects
in class+ atary timet.

Given a sample S of objects,eachnodeof sucha tree
correspondgo a subsetof S, namelythose stateswhich
eventuallysatisfy(for somefinite time ¢) all the testsalong
thepathfromtherootR tothenode.In particulartheroot’R
correspond$o S, andthe subsetslongabrancharenested.
However, the subsetscorrespondingo different branches
mayoverlap.

Evaluation function
In orderto assesthequalityof atemporalreefromasample
of objectssS, we proposehefollowing evaluationfunction,
composeaf two terms:

Q(T,S) :ﬁQS(T7 S)+(1_ﬁ)Qt(T75)7 (9)
where(Q) ; evaluategheselectvity of discriminatiorbetween
sampleobjectof differentclassesq): thedegreeof anticipa-
tionof detectionandg € [0... 1] isauserdefinedparameter
to tradeof anticipationvs selectvity.

Qs is definedby (e.g. see(Paliouras1997))

(1 - a)N1,+ 4+ aNT —
(1—a)N, +aN_

where N (resp. N_) denotesthe numberof samplesof

class+ (resp. —), N7 4 (resp. N7 _) denoteghe number

of themclassifiedt+ (resp. —) by thetree7, anda is auser

definedparameteto tradeof non-detectiongsfalse-alarms.
For @)+ we proposehefollowing definition

N
Loy 79y

Nt .7 iy (o)

Qs(7,5) =

ya €[0,1], (10

Qt(Tv S) =

where 7+ denotesthe subsetof S of objectsof class+
correctlydetectedy thetree,t 7 (o) thetimeto detectobject
o,andf(-) isamonotonicallydecreasinfunctiondefinedon
[0...1]) suchthatf(0) = 1andf(1) = O (in oursimulations
f(x) =1—x). Ineqn.(11)t,(o) denotegshemaximaltime
afterwhichobsenationof o stops.Thistimeis fixeda priori
for eachobject,andallows oneto specifyatime afterwhich
detectionis not considerecrnymoreuseful.



Tablel: Temporaltreegrowing algorithm

INITIALIZE

I1. Denoteby G S thesample(partof thelearningset)usedfor treegrowing;
I2. Denoteby 7 thecurrenttree: set7 to thetrivial treecontainingonly therootnodeR;
I3. PushR ontheintitially emptystack(atary time the stackcontainsalist of nodescandidatdor expansion);

ENDINITIALIZE
BEGINLOOP

L1. If thestackis emptyReturn 7 (treebuilding is finished);

L2. Let A/ bethenodeatthetop of thestack;

IF thesubsebf GS correspondingo. A" containsonly objectsof class+
THEN thenodebecomesterminalnodeof thetreeandis permanentlyemovedfrom thestack;
OTHERWISE determineamongcandidatdestsanoptimaloneT’, suchthatQ(7 @ T,,GS) is maximal;

IFE Q(TET.,GS) >Q(T,GS)

N
THEN set7 to 7T & T, (addarcandsuccessonode),pushthenewx successoon the stackanddeterminéts subsebf G.S;
OTHERWISE donotmodify 7 andremovethenodeN from the stack;

ENDIF
ENDIF
ENDLOOP

Temporal tr eegrowing

The tree growing methodis basedon the repetitve appli-
cationof a single operatorwhich consistsof expandingthe
treeby addingatestto oneof its nodes.It useshegrowing
sampleG S (partof the overall learningsample)in orderto
guidethe search. Table 1 describeghe overall algorithm,
which proceedauntil no further expansionis required. In
Tablel, we denoteby 7 thecurrenttreeandby

ThT (12)

theresultof expandingit by addingatestT to its node).

Startingwith thetrivial treewhich classifiesall objectsin
class+ attime ¢t = 0, the purposeof the algorithmis to
addtestswhich shouldoperateasfilters preventingobjects
of class— to reachterminalnodes,and, at the sametime,
shouldlet objectsof class+ reachaterminalnodeasquickly
aspossible.

Thealgorithmusesa stackof “open” nodeg(initialized to
the root nodecorrespondindo the completegrowing sam-
ple), thenproceeddy consideringhe nodeat thetop of the
stackfor expansion. At eachexpansionstep,it pusheshe
createdsuccessoonthetop of thestack.It thusoperatesn a
depthfirst fashion: it startsby determiningatestto attachat
theroot node,thenproceedslongthatbranchby consider
ing thelastcreatedsuccessanode. While developingsucha
first branch testsareaddedn orderto preventfalsealarms;
developmentof the branchstopsassoonasquality cannot
beincreasednymore,or if all thestatedelongingto thetip
of thebrancharein class+. Oncea branchhasbeenfully
developed,the next stageof the algorithmis to add tests
in parallelto thosealreadyinstalled,so asto increasethe

numberof statesof class+ detectedand/orto reducetheir
detectiontimesby providing alternatve detectionogics.

Anticipatingon the next section let us mentionthateach
individual test will useinformation provided by a single
attribute. In orderto determinean optimal testat a given
step,the methodscansa certainnumberof candidateests
for eachcandidateattribute (seebelow) and computesthe
correspondingrariation of the tree quality with respectto
thetreeobtainedat the previous step. Amongall candidate
tests,it will usethe oneyielding a maximumincreasein
quality.

Hypothesisspaceof candidatetests

Numerical temporal attrib utes. Thealgorithmconsiders
testsin theform

T(o,t)=T
& ' (13)
W<t |Vrelt' —At...t'] 1a' (o, 7) < v,
and
T'(0,t) =T
& (14)

I <t | Vrelt —At...t'] 1a (o, 7) > v,

It thus determines (attribute selection),At (filtering) and
vy, (discretization)}to maximizequality. The userdefines
for eachcandidatattributealimited numberof candidate\t

values.Then themethodusesabruteforcesearchscreening,
for eachcandidatattributeandAt value,all locally relevant
candidatehresholdscomputingtheirincrementabuality.



Eventsubsets. Eventsubsetsreattributeswhichrecorda
time-taggedequencef eventsthey arethetemporalersion
of qualitatve attributes. We consideredhe two following
typesof tests(E,,: denoteghefinite setof possiblevaluesof
anattributea;(-,-), i.e.a’(o,t) C E,:)

T(o,t) =T
& (15)
It <t | U,cpa'(o,r) 2V
and
T(o,t) =T
& (16)

3¢ <t | a'(o,t )NV #D

whereV is selectecamonga setof candidatesubsetof E(j ,
whichis thesetof all eventswhichappeaatleastin oneG S
objectof class+.

Notice that in our practical example, the numberk of
differenteventsin a setEaﬁ may be of the orderof 50 to
100. Thus,it wasintractableto screerall possiblesubsetd”
(theirnumberis 2% — 1).

Thus, for the conjunctie tests(egn. 15) we limited the
searcho subsetsd” containingonly two events.

On the otherhand, the disjunctive tests(eqn. 16) were
determinedisinga greedysearchasfollows. First, all sin-
gletonsubsetsf E;“ areconsidere@ndsortecby decreasing
orderof theirincrementafuality. Thenthemethodevaluates
the incrementalquality of the following sequencef event
subsets _

vi= |J vhi=1.. .k (17)
J=1,

where the Vi1,...V;! denotethe singleton event subsets
sortedby decreasingncrementalquality. Among the can-

didate V¢ subsetsthe oneyielding a maximalincremental
quality is retained.Noticethatthis family of candidateests
containghe bestsingletonalso.

Discussion. Theabove typesof testsweredesignedn or-
derto handlethe practicalproblemof power systenvoltage
collapsedetection.

For example, we definedthe hypothesisspaceof can-
didatetestson numericalattributesbasedon the fact that
voltage collapsemay be detectedby observingmonotoni-
cally decreasing/oltage magnitudesand/orexcitation cur-
rentsreachingtheir upperlimits. However, dueto the su-
perpositionof short-termtransientsit is necessaryo use
temporizationswhich shouldbe long enoughto filter out
irrelevant oscillatory transientsand short enoughto avoid
postponinghe detectiontoo much. On the otherhand,due
tothenon-lineatbehaior of powersystemst is necessarto
selectheappropriatdocationsin thesystemwherevoltages
or excitation currentsshould be measuredand thresholds
needto beadaptedo systemspecifics.

However, themethodcouldbeeasilytailoredto othertypes
of problemsby extendingor modifying its hypothesispace

of candidataests.For example,in orderto detectoscillatory
instabilitiest wouldbeinterestingo considecandidatéests
whichdetecttonsecutie oscillationsof acertainmagnitude;
they would alsobe characterizethy two parameters oscil-

lation magnitudeandnumberof consecutie oscillations.

Pruning

Thetemporaltreegrowing methoddescribedibove tendsto
produceoverly complex trees,which needto be prunedto
avoid overfitting the information containedin the learning
set.

Theproposegruningmethods similarin principleto the
standardreepruningmethodausedin TDIDT. It consistsn
generatinga nestedsequencef shrinkingtreesTy, ... 7k
startingwith the full tree and endingwith the trivial one,
composedf asinglenode. At eachstep,the methodcom-
putesthe incrementalquality which would be obtainedby
pruningary oneof theterminalnodef thecurrentree,and
removestheone(togethemvith its test)whichmaximizeghis
guantity It usesanindependensetof objects(i.e. different
fromthelearningset)in orderto provide honesestimate ®f
thetreequalities,andhenceto detecttheirrelevant partsof
theinitial tree. Thetreeof maximalqualityis selected.

Notice that, while temporaltree growing is quite heary
from the computationapoint of view, the overheadf prun-
ing is neggligible. As we will seebelow, pruning reduces
significantlythe tree compleity (often by about50%) and
improvesalsoquality.

Empirical study

Brief description of the practical study

Our testswere carriedout on a large scaledatabasebuilt
by numericalsimulationfor the study of blackouts of the
Frenchpowersystem(Wehenlel etal. 1997). Thescenarios
correspondo randomcombination®f largeexternaldistur
bancesand faulting protectiondevices (line overloadpro-
tections,generatorprotections,substationprotections. . ).
Theanalyticalmodelof this systemusesabout11,000states
variables,and the simulationswere carriedout in parallel
usinga clusterof workstationgeachsimulationtook about
11hoursCPUtime). Eachscenarias characterizetty about
800 numericalvariables,obsened during about40 minutes
of real-time. In the database,theseare representedis-
ing piecavise linear functions,with variablestep-size(the
numberof stepsvariesfrom one scenarioto anothey and
is typically of about50 for stablescenariosandlargerthan
500for highly unstableones). Thereareabout200 million
valuesstoredin thedatabase.

In the above databasethereare variouspossiblemodes
of unstablebehaiour (e.g. fast electromechanicatran-
sients,mid-termvoltagecollapsescascade®sf overloaded
line tripping. . .) which may actin differentregions of the
system. In our investigationsve have considerednly the
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Figure2: Voltagecollapsedetectiontree(partial view)

voltagecollapseproblemsrelatedto a particularperipheral
areaof the system. The databasecontained1100scenar

ios, andwe useda subsetbf about100 candidateattributes
(voltagemagnitudesat differentbuses generatoexcitation

currentsyariouslists of events). Amongthe1100scenarios,
thereareabout250unstableones.

Obtained results

Figure 2 shavs a partial view of a temporaltree built by
the abore methodon the voltage collapseproblem. The
growing sampleusedto build the treeis composedf 385
randomscenariog64 correspondo voltagecollapse).Tests
are shovn beneaththe correspondingrcsof the tree, and
eachnodeis graphicallyrepresentedby a box divided ver-
tically into threeparts: (i) the uppermostpartrepresents
the proportionof objectclassesn thelocal growing subset,
whicharetheobjectswhich eventuallyreachthenode(atthe
root this correspondso the completegrowing sample);(ii)
in the middle, a similar representatioshavs the objectsof
the growing subsetwhich never move downwardsthe tree
(attherootthis subsetorrespondso the objectswhich are
not detectedby thetree,at theterminalnodesit is identical
to the local growing subset);(iii) the lower part provides
informationabouttheaveragdime neededo reachthenode
andits decompositiorinto the partrequiredby all preceding

tests(in black)and(in grey) theadditionaltime requiredby
the last test(noticethat the time requiredto reachthe root
nodeis equalto zerofor all states).The numberdn paren-
thesesdelown aterminalnodeindicatethe numberof objects
which arereally detectedy this node,i.e. which reachthis
nodebeforeary otherterminalnode. For example theright
mostterminalnode (hamedL4) corresponds$o a growing
subsetcomposedf 15 collapsestates,amongwhich only
oneis detectedby this node(all othersare detectecearlier
by anothetterminalnodeof thetree).

In orderto build the treewe proposed9 numericalcan-
didateattributes,togethemwith threecandidatevaluesfor At
(0, 1, and 2 seconddor excitation currents,and0, 5, and
10 seconddor voltages)anduseda = 0.4ands = 0.8in
orderto balancesarlydetectionwith selectvity.

The tree building algorithm hasselectedl? relevant at-
tributes,to grow atreecomprizingall in all 26 tests,22 ter-
minal nodesand5 internalnodes.This treewasthentested
on the remaining(736) scenariof the database,yielding
anoverall errorrateof P, = 7.2% (1 non-detectioramong
167collapseestscenariosh2falsealarmsamongb69stable
testscenarios)Theearlines®f detectionis measuredby the
meandetectiontime of unstablecenariost?vg = 36%(the
mearvalueof theratio tt—”;%). Notethatthe branchesvhich
weredevelopedfirst arein left-mostpartof thetree.



Table2: Treecharacteristicsindervariousconditions

Conditions Fully growntree Prunedree

#LS|CA| 8 | a [ SA| C|P.(%)] Pru@) | Pou() | 159%) || SA| C | P.(%) | Pro(%) | Bu(%) ] 19(%)
2001 29 |1.0|05)| 2 | 4 4.4 3.6 0.8 57.6 213 4.9 4.2 0.7 56.3
200|129 10.8| 05| 15 (22| 10.2 9.9 0.3 47.4 5 6 6.7 57 1 50.2
2001 29 |0.8{0.3| 13|16| 10.2 9.9 0.3 47.2 516 7.1 6.5 0.6 51
2001 29 |10.7|10.4| 19 |30| 11.3 10.1 1.2 45.8 6 7 9.2 6.3 2.9 45.3
3851290804 17 |27| 7.2 7.1 0.1 36 11 (17| 5.5 5.3 0.2 40.3
385 |13(08(04| 6 |22| 14.8 8.4 6.4 40.4 4 |110| 13.3 6.9 6.3 38
600 | 13|0.8{04| 6 |19| 87 7.7 1 34.1 6 |15 8 7 1 34.2

CA: numberof candidatettributes SA: numberof selectedttributes C: total numberof nodegcompleity

The tree was then pruned: this lead to a reductionin
compleity (to atotal of 17 nodes)andof errorrate(5.5%:
5.3% falsealarmsand 0.2% of non-detections)andto an
increasan theaveragedetectiortime (to 40.3%).

Sensitvity analysis

In orderto provide further insight into the behaior of the

methodJetusbriefly discusghevarioustrendswhichappear
from Table 2, which collectsresultsobtainedundervarious
conditions(learningsetsize,candidateattributes,valuesof

a andp).

Effect of pruning. A quick comparisorof the prunedand
unprunedtrees’ characteristiczonfirmsthe very strong
effect of pruning: it reducescompleity by morethan
50% in the mean,improves errorsratesby about10%,
but mayeitherincreaseor decreaseegreeof anticipation

(whichis inverselyproportionalto tgvg)_

Influence of a. Looking at the relatve numbersof false
alarms Py, andnon-detections’,q, it appearghat the
methodis notvery sensitve to a.

Influence of 3. Comparingthe valuesof t?yg for the first
fourtreeswe obsenrethatthey areindeedquitecorrelated
to thecorrespondingalueof 3 (negatively, asexpected).

Increasednumber of learning states(# LS). The quality
of prunedand unprunedreesandthe compleity of the
prunedonesincreasesignificantly as expected. Notice
thatqualityassessmeuwf thethreelastprunedreesmight
beslightly optimistic,sinceweusedhesamesetof objects
thanthoseusedfor pruning.

Effect of candidateattrib utes. Comparing the last two
trees(built usingonly event subsetdypesof attributes)
with thosein thefirst partof thetable(built usingonly nu-
mericalattributes),we noticethatthetypeof errors(false
alarmsvs non-detections)s much more sensitve to the
typesof candidatettributesthanto .

Computational performances

The algorithm was implementedin GNU CommonLisp
(GCL). Indicative CPUtimesona 200MHz SunUltraSparc
workstationareof 15 hoursfor a treebuilt with 400 learn-
ing objects,30 attributes,3 candidatevaluesof At. As for

classicalTDIDT, the computationakcompleity is slightly

superlineain thenumberof learningstatesandlinearin the
numberof candidatettributesandtemporizations.

Discussion

We believe that the first resultsobtainedwith the proposed
temporaltree growing methodare quite encouragingspe-
cially sincethey were obtainedon a large scaledatabase
from a real problem. We also believe that the methodis
flexible enoughto allow its applicationto othertemporal
machinelearningproblems. However, it needsclearly fur-
thervalidation,andtherearevariousproblemswhich have
not yet beenaddressedWe mentionsomeof themin place
of aconclusion.

Temporal constraint along a path. In our application,a
pathin atemporalreeis supposedo correspongbhysically
toaparticularinstability mode representetly aconjunction
of logical tests. Thus,theseconditionsshouldbecometrue
altogethemvithin a certainlimited time interval. Hence we
proposeo addto eachpathin atreea life-time parameter
to constrainthe time spanwithin which its testsmust be
satisfied. This parametercan be derived either from the
validation set usedfor pruningor be fixed a priori by the
user Notice that this would actually consistin relaxinga
posteriorithe monotonicityassumption.

Computational tradeoffs. The present (brute force)
searchalgorithmis quite slow for large problems. In or-
der to improve its efficiengy it might be possibleto add
someheuristicssoasto reduceghenumberof candidateests
evaluatedat eachstep(e.g. reducethe numberof candidate
thresholdgo allow for searchingnoresystematicalljor op-



timal valuesof At). Ontheotherhand,thereis ampleroom
for codeimprovementandparallization jf required.

Extensionsto other problems, types of testsfor differ-

ent temporal features. In our work we concentrateen
the automaticidentificationof thresholdswith delays. The
methodcould, however, be easilyextendedo identify other
types of candidatetests, for example temporal patterns,
suchlocal maxima,changein pseudo-frequeng changen

concaity. . ., which would be relevantin variouspractical
applications.

Multiple classedo detect. It shouldbepossibleto extend
the methodso asto be ableto detectseveral classegather
thana singleone. We believe alsothatthe approacicould
beadaptedn orderto handlenumericabutputs aswouldbe
requiredfor examplein time seriesforecastingapplications.

Relatedwork

In the machinelearningliteraturethe consideratiorof tem-
poral problemsis ratherrecent,andthereis not yet a clear
body of publicationsto which we could compareour work.
Neverthelessin therecentliteratureon the subjectonemay
identify severaltrends.

A first trend consistsof separatindearningfrom tempo-
ral datainto two successie steps(seee.g. (Torgo 1995;
Manganaris1997)) : (i) representationwhere scalarat-
tributesaredefinedn orderto extracttemporafeaturegrom
time series;(ii) modelselectionwherethe scalarattributes
areusedby anexisting machindearningmethodin orderto
extractrules. With respecto this approachyve believe that
the methodpresentedn this papermay take betteradvan-
tageof availabledata,by treatingthesetwo problemsin an
integratedfashionandtakinginto accoungexplicitly therole
of timein theevaluationof detectiorrules.

Anotherapproactfe.g. (Paliourasl997))consistsn using
ana priori definedmodelstructure(possiblymorepowerful
than our temporaltrees)andthen using learningsetinfor-
mationin orderto tunethe parametersf this model. This
approachmay be well suitedin situationswherethe model
structureis indeedknown a priori, but not appropriatein
applicationdik e thoseconsideredn this paper

Another researchtheme concernsunsupervisedearn-
ing, such as identifying similar time seriesor frequent
patternsof events(Mannila, Toivonen, & Verkamo1997;
Das,Gunopulos& Mannila1997). Thelattertype of meth-
odsareessentiallycomplementaryo our work.

Finally, yet anothemproposalhich is alsorelatedto our
methodis the one givenin (Jordan1994; Jordan,Ghahra-
mani,& Saul1996). In thesepublicationsa hiddenMarkov
decisiontreemodelis proposedwheredecisionsat a node
andat sometime dependnthedecisiongakenatthatnode
at the previous time step. One importantdifferencewith

temporaltreesis thatthe resultingmodel, while very pow-
erful from the statisticalpoint of view, is ratherdifficult to
interprete.The otherimportantdifferences thatthe hidden
Markov treesdo not modelexplicitly the earlinesf detec-
tion, sincetheir aim is to predictthe outputvariableat the
currenttime, given pastandpreseninputs(andthe current
statesof the hiddenMarkov modelscorrespondindo each
testnode).Thealgorithmsproposedo build suchmodelsare
alsoquitedifferentfrom thetemporaltreeinductionmethod
proposedn thepresenpaper
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