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Abstract

Thispaperdiscussestheapplicationof machinelearningtothe
designof power systemblackout predictioncriteria,usinga
largedatabaseof randompower systemscenariosgenerated
by Monte-Carlosimulation. Eachscenariois describedby
temporalvariablesand sequencesof events describingthe
dynamicsof the systemas it might be observed from real-
time measurements.The aim is to exploit the databasein
orderto deriveassimpleaspossibleruleswhichwouldallow
to detectan incipient blackout early enoughto prevent or
mitigate it. We proposea novel “temporal tree induction”
algorithmin orderto exploit temporalattributesandreacha
compromisebetweendegreeof anticipationandselectivity of
detectionrules.Testsarecarriedoutonadatabaserelatedto
voltagecollapseof anexisting largescalepowersystem.

Intr oduction
This paperpresentsa new methodfor theinductionof tem-
poraldetectionrulesfrom largeamountsof mixedsymbolic
andnumericaldata. The databaseis composedof a large
numberof dynamicscenariosof a systemcharacterizedby
two typesof attributes: variablestep-sizenumerictime-
seriesandtime-taggedsequencesof events.Eachscenariois
classifiedwith respectto atargetsymbolicclass,andtheaim
of machinelearningis to build adetectionrulewhichwould
beableto detectasearlyaspossiblethescenariosof thetar-
getclass.Thedevisedmethodbuildsupdetectionrulesin the
form of temporaltrees,usinga two-stagegreedyapproach:
first a largetreeis grown, thenthis treeis prunedin orderto
avoid overfitting. Themethodis testedona fairly largedata
basecorrespondingto thedetectionof powersystemvoltage
collapsesfrom real-timeinformation.

Thepaperis organizedasfollows. Next sectiondescribes
thephysicalproblemanddiscussesits peculiaritiesfrom the
machinelearningpointof view. Thefollowing two sections
describein detail the devisedalgorithmsfor temporaltree
inductionandtheresultsobtainedin our empirical casestudy.
The last sectionsof the paperdiscussfurther researchand
providea preliminarycomparisonwith relatedwork.

Problemstatement
We startby describingthephysicalproblemconsideredand
thendiscussits peculiaritiesfromthemachinelearningpoint
of view. Weendby statingtheobjectiveof thetemporaltree
inductionmethodproposed.

The physical problem
Electric power systemsareamongthe mostcomplex man
madesystemson the world. Oneof the main problemsin
powersystemsis to arbitratebetweeneconomyandsecurity.
Simplystated,thesecurityof apowersystemdenotesits ca-
pability to providecontinuousoperationin spiteof thelarge
diversity of disturbances(variationsin consumerdemand,
internalfailures,externalperturbationslikelightningstrikes,
storms ). Securityishandledin practicethroughtwocom-
plementarystrategies: preventive control,which is carried
outby humanoperatorsin orderto maintainthesystemin a
statewhereit canwithstanddisturbances;emergency control,
whichactsautomaticallyafteradisturbancehasoccurredin
orderto minimizeits consequences.Sincedisturbancesare
intrinsically random,preventivecontrolwill essentiallyaim
at balancingthe economiccost of normal operationwith
therisk (expectedseverity) of instability/insecurity. On the
otherhand,emergency controlessentiallyaimsat reducing
theseverity of instabilities. It is worth noticing thatdueto
increasingcompetitive pressurein theelectricindustry, and
thanksto thepossibilitiesofferedby moderncommunication
andcomputingtechnologies,the trendin power systemsis
to rely morestronglyonemergency control.

Oneof themainproblemsin thedesignof emergency con-
trolsis todefineappropriatecriteriawhichareabletopredict
in real-timewhetherthesystemis in theprocessof loosing
stabilityornot. Thisimpliestheselectionof appropriatereal-
time measurements(amonga multitudeof possibleones),
filtering out the useful informationcontainedin them(e.g.
separatingshorttermtransientsfromtherelevanttrends),and
combiningthesein ordertoformulatedetectionrules.Notice
thatsinceemergency controlsaresupposedto operateunder
extremelystringentbut very seldomlyobservedconditions,
their designprocessessentiallyrelieson numericalsimula-
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tion of thepower systembehavior undervariousconditions
likely todriveit towardsaninstability. Thanksto thequickly
growingamountof availablecomputingpowerit is now pos-
sible to useMonte-Carlosamplingtechniquesin order to
screenvery largesamples(several thousand)of largescale
simulations,yielding largedatabasesof simulationresults.
Thesedatacanthenbe exploited usingautomaticlearning
(machinelearning,statisticaltechniques,neuralnetworks)
and other datamining tools (visualization,sorting, subset
selection...)in orderto extractsyntheticinformation.

The framework combining automatic learning with
Monte-Carlosimulationsin powersystemplanningandoper-
ationis verygeneral,andhasbeenappliedto variousdesign,
predictionandmonitoringproblems.Werefertheinterested
readerto (Wehenkel1997)for anoverview andto (Wehenkel
1998)for a deeperdiscussionof this topic. In this paperwe
focusonemergency controlandmorespecificallyontheway
to exploit temporalattributesby machinelearning,in order
to automaticallybuild predictionruleswhichareat thesame
timeselectiveandanticipativeenough.

Whileweusetheabovepowersystememergency statede-
tectionproblemin our experiments,we noticethatthereare
many otherpracticalapplicationswhichpresentsimilarchar-
acteristics,suchas,for example,monitoringof otherkinds
of largescalesystem(telecommunicationnetworks, indus-
trial processcontrol ) or monitoring patientsin various
medicalapplications.

The early detectionproblem
From the machinelearningpoint of view, our problemis
intuitively formulatedasfollows (to save space,we will not
discussthis from theformalpointof view) :

Universeof scenarios. We aregivena universe of ob-
jects(denotedby ) representingdynamicsystemtrajectories
(scenarios),whichareontheonehanddescribedby acertain
numberof temporal candidateattributes, on theotherhand
classifiedinto oneof two possibleclasses .

Wedenoteby 1 acandidateattribute(a
functiondefinedon 0 ), andby itsvalue.
We considerthetwo following typesof temporalattributes:

Numerical: ;

Eventsubsets: , where is a finite setof
possibleevents.

Detection rules. Denotingby the attribute vector
1 , andby 0 its restrictionto

theinterval 0 , weconsideradetectionrule for class
asa function

: 0 1

whichhasthefollowing property

0 :
0 0

2

Thus,a detectionrule classifiesan objectat time on the
basisof 0 , or, in otherwords,it dependsonly on
presentandpastattributesvalues.

Monotonicity. Wealsoassumethatif anobjectisclassified
into class atsometime,it will remainsofor all latertimes
(monotonicity).In otherwords,

: 3

Thus,for anobject , we will denoteby thefirst time
it is detected

and : 4

Machine learning problem. Given a learningset
1 (asampleof objects)of knownclass,and

whoseattributesvaluesareobservedfor somefinite period
of time 0 , theobjective is to automaticallyderive
a detectionrule which would performaswell aspossiblein
detectingobjectsfrom . Clearly, a gooddetectionrule is
a rule which will detectonly thoseobjectswhich actually
belongto class , andamonggoodrules,thebetteronesare
thosehaving thesmallestdetectiontimes.

Comments
Notethatin our formulationtimeis continuous.In theprac-
tical applicationdiscussedin thispaper, numericalattributes
arerepresentedaspiecewise linear functionsof time, with
stepsizesvarying from oneobject to anotherandpossibly
fromoneattributetoanother. Ontheotherhand,eventsubset
attributesareexplicitly representedaslistsof pairs

1 1 5

where 1 and denotesthesubsetof events
whichhappenat time .

Note alsothat in our applicationit is preferableto min-
imize thenumberof differentattributesusedin a detection
rule,in orderto improvecomprehensibilitysoasto facilitate
validationof resultsby humanexperts,andalso to reduce
thecostof actualimplementation.Giventhe largescaleof
powersystems,thenumberof potentialcandidateattributes
is however very large. Thus,themachinelearningmethod
shouldbe able to selectamongthe proposedcandidateat-
tributesa small numberof relevant ones,if theseexist, or
indicatethattherearenosuch“ideal” measurementsamong
thoseusedto representthescenarios.

The monotonicitypropertythat we imposeon detection
rules may appearas quite restrictive. However, we think
that in theearlydetectionproblemthis assumptionis rather
natural,in the sensethat what mattersis whetherandhow
earlydetectionhappens.As we will seein thenext section,
this assumptionmakesit possibleto setup a rathersimple
machinelearningalgorithm.
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Figure1: Exampletemporaltree

Temporal tr eeinduction algorithm
Theproposedalgorithmis amodificationof thewell-known
TDIDT (top down induction of decision trees) method
(Breimanetal. 1984;Quinlan1986).As in TDIDT, tempo-
ral treeinductionis composedof two searchstages: (i) tree
growing, which aimsat selectingthe appropriateattributes
anddefining the treestructureasa collectionof tests;(ii)
treepruning,whichaimsatdeterminingtheappropriatetree
complexity in orderto avoid overfittingthedatacontainedin
thelearningset. Prior to treeinduction,theoverall learning
set isfirstdecomposedin two disjointsubsets: thegrow-
ing sample( ) usedto evaluatethe quality of candidate
treesduringgrowing, andthepruningsample( ) usedto
evaluatetreesduringpruning.

Wefirst describetheproposedsemanticsof temporaltrees
and introducethe quality measuresusedto evaluatethem,
thenwediscusstheproposedgrowing andpruningmethods.

Proposedsemanticsof temporal tr ees
Figure 1 shows a simple temporaltree. The elementary
bricks of this device are the tests correspondingto its
arcs.Eachsuchtestis a logical functionalof theattributes

: 0 6

whichsatisfies

0 :
0 0

7
andwhich hasa monotonicitypropertysimilar to thedetec-
tion rules

: 8

Notice that in practicesuchtestsdependonly on a single
attribute.

Usingsucha temporaltree,andgivena valueof , a sce-
nario is propagatedthroughthe treealongall pathsstarting
at theroot (i.e. the top-node),until a condition along

thepathis falseor aterminalnodeis reached.If thescenario
reachesat leastoneterminalnode,it is classifiedinto class

, otherwiseit is classifiedinto class at time .
Noticethatthemonotonicitypropertyof testsimpliesthe

monotonicityof thetreedetection.It impliesalsothatsce-
narioscanonly movedownwardsthetreeastimeadvances.
Indeed,astime advances,conditionswhich aretrueremain
soandotherconditionsmaybecometrueallowingascenario
to movedown thetree.For a giventree anda scenario ,
wedenoteby thetimeatwhich first reachesatermi-
nalnode.Of course,someof thescenariosmaynever reach
a terminalnodeandwill thusremainclassifiedpermanently
in class .

Noticealsothatfor thesakeof consistency weimposethat
atrivial tree(composedof only its root)classifiesall objects
in class atany time .

Given a sample of objects,eachnodeof sucha tree
correspondsto a subsetof , namely thosestateswhich
eventuallysatisfy(for somefinite time ) all thetestsalong
thepathfromtheroot to thenode.In particular, theroot
correspondsto , andthesubsetsalongabrancharenested.
However, the subsetscorrespondingto different branches
mayoverlap.

Evaluation function
In ordertoassessthequalityof atemporaltreefromasample
of objects , we proposethefollowing evaluationfunction,
composedof two terms:

1 9

where evaluatestheselectivity of discriminationbetween
sampleobjectsof differentclasses, thedegreeof anticipa-
tionof detection,and 0 1 isauserdefinedparameter
to tradeoff anticipationvs selectivity.

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

1
1

, 0 1 10

where (resp. ) denotesthe numberof samplesof
class (resp. ), (resp. ) denotesthenumber
of themclassified (resp. ) by thetree , and is a user
definedparameterto tradeoff non-detectionsvsfalse-alarms.

For weproposethefollowing definition

1
11

where denotesthe subsetof of objectsof class
correctlydetectedby thetree, thetimeto detectobject
, and isamonotonicallydecreasingfunctiondefinedon
0 1 suchthat 0 1 and 1 0 (in oursimulations

1 ). In eqn.(11) denotesthemaximaltime
afterwhichobservationof stops.Thistimeis fixedapriori
for eachobject,andallowsoneto specifya timeafterwhich
detectionis notconsideredanymoreuseful.



Table1: Temporaltreegrowing algorithm

INITIALIZE
I1. Denoteby thesample(partof thelearningset)usedfor treegrowing;
I2. Denoteby thecurrenttree: set to thetrivial treecontainingonly therootnode ;
I3. Push ontheintitially emptystack(at any time thestackcontainsa list of nodescandidatefor expansion);

ENDINITIALIZE
BEGINLOOP
L1. If thestackis emptyReturn (treebuilding is finished);
L2. Let bethenodeat thetopof thestack;

IF thesubsetof correspondingto containsonly objectsof class

THEN thenodebecomesa terminalnodeof thetreeandis permanentlyremovedfrom thestack;
OTHERWISE determineamongcandidatetestsanoptimalone suchthat is maximal;

IF

THEN set to (addarcandsuccessornode),pushthenew successoron thestackanddetermineits subsetof ;

OTHERWISE donotmodify andremovethenode from thestack;
ENDIF

ENDIF
ENDLOOP

Temporal tr eegrowing
The treegrowing methodis basedon the repetitive appli-
cationof a singleoperatorwhich consistsof expandingthe
treeby addinga testto oneof its nodes.It usesthegrowing
sample (partof theoverall learningsample)in orderto
guide the search. Table1 describesthe overall algorithm,
which proceedsuntil no further expansionis required. In
Table1, wedenoteby thecurrenttreeandby

12

theresultof expandingit by addinga test to its node .
Startingwith thetrivial treewhichclassifiesall objectsin

class at time 0, the purposeof the algorithm is to
addtestswhich shouldoperateasfilters preventingobjects
of class to reachterminalnodes,and,at the sametime,
shouldletobjectsof class reachaterminalnodeasquickly
aspossible.

Thealgorithmusesastackof “open” nodes(initializedto
the root nodecorrespondingto the completegrowing sam-
ple), thenproceedsby consideringthenodeat thetopof the
stackfor expansion. At eachexpansionstep,it pushesthe
createdsuccessoronthetopof thestack.It thusoperatesin a
depthfirst fashion: it startsby determiningatestto attachat
theroot node,thenproceedsalongthatbranchby consider-
ing thelastcreatedsuccessornode.While developingsucha
first branch,testsareaddedin orderto preventfalsealarms;
developmentof thebranchstopsassoonasquality cannot
beincreasedanymore,or if all thestatesbelongingto thetip
of thebrancharein class . Oncea branchhasbeenfully
developed,the next stageof the algorithm is to add tests
in parallel to thosealreadyinstalled,so as to increasethe

numberof statesof class detectedand/orto reducetheir
detectiontimesby providing alternativedetectionlogics.

Anticipatingon thenext section,let usmentionthateach
individual test will use information provided by a single
attribute. In order to determinean optimal testat a given
step,the methodscansa certainnumberof candidatetests
for eachcandidateattribute (seebelow) andcomputesthe
correspondingvariationof the tree quality with respectto
thetreeobtainedat thepreviousstep. Amongall candidate
tests,it will usethe one yielding a maximumincreasein
quality.

Hypothesisspaceof candidatetests

Numerical temporal attrib utes. Thealgorithmconsiders
testsin theform

∆ :
13

and

∆ :
14

It thusdetermines (attribute selection),∆ (filtering) and
(discretization)to maximizequality. The userdefines

for eachcandidateattributealimitednumberof candidate∆
values.Then,themethodusesabruteforcesearchscreening,
for eachcandidateattributeand∆ value,all locally relevant
candidatethresholds,computingtheir incrementalquality.



Event subsets. Eventsubsetsareattributeswhichrecorda
time-taggedsequenceof events;they arethetemporalversion
of qualitative attributes. We consideredthe two following
typesof tests( denotesthefinite setof possiblevaluesof
anattribute , i.e. )

15

and

16

whereV is selectedamongasetof candidatesubsetsof ,
whichis thesetof all eventswhichappearat leastin one
objectof class .

Notice that in our practicalexample, the number of
differenteventsin a set may be of the orderof 50 to
100. Thus,it wasintractableto screenall possiblesubsets
(theirnumberis 2 1).

Thus,for the conjunctive tests(eqn. 15) we limited the
searchto subsets containingonly two events.

On the otherhand,the disjunctive tests(eqn. 16) were
determinedusinga greedysearch,asfollows. First,all sin-
gletonsubsetsof areconsideredandsortedbydecreasing
orderof theirincrementalquality. Thenthemethodevaluates
the incrementalquality of the following sequenceof event
subsets

1

1 1 17

where the 1
1

1 denotethe singleton event subsets
sortedby decreasingincrementalquality. Among the can-
didate subsets,the oneyielding a maximalincremental
quality is retained.Noticethatthis family of candidatetests
containsthebestsingletonalso.

Discussion. Theabove typesof testsweredesignedin or-
derto handlethepracticalproblemof powersystemvoltage
collapsedetection.

For example, we definedthe hypothesisspaceof can-
didatetestson numericalattributesbasedon the fact that
voltagecollapsemay be detectedby observingmonotoni-
cally decreasingvoltagemagnitudesand/orexcitation cur-
rentsreachingtheir upperlimits. However, dueto the su-
perpositionof short-termtransientsit is necessaryto use
temporizations,which shouldbe long enoughto filter out
irrelevant oscillatory transientsand short enoughto avoid
postponingthedetectiontoo much. On theotherhand,due
to thenon-linearbehavior of powersystemsit is necessaryto
selecttheappropriatelocationsin thesystemwherevoltages
or excitation currentsshouldbe measuredand thresholds
needto beadaptedto systemspecifics.

However, themethodcouldbeeasilytailoredtoothertypes
of problemsby extendingor modifying its hypothesisspace

of candidatetests.For example,in ordertodetectoscillatory
instabilitiesit wouldbeinterestingtoconsidercandidatetests
whichdetectconsecutiveoscillationsof acertainmagnitude;
they wouldalsobecharacterizedby two parameters: oscil-
lationmagnitudeandnumberof consecutiveoscillations.

Pruning
Thetemporaltreegrowing methoddescribedabovetendsto
produceoverly complex trees,which needto be prunedto
avoid overfitting the informationcontainedin the learning
set.

Theproposedpruningmethodis similarin principleto the
standardtreepruningmethodsusedin TDIDT. It consistsin
generatinga nestedsequenceof shrinkingtrees 0

startingwith the full tree and endingwith the trivial one,
composedof a singlenode. At eachstep,themethodcom-
putesthe incrementalquality which would be obtainedby
pruningany oneof theterminalnodesof thecurrenttree,and
removestheone(togetherwith its test)whichmaximizesthis
quantity. It usesanindependentsetof objects(i.e. different
from thelearningset)in orderto providehonestestimatesof
thetreequalities,andhenceto detectthe irrelevantpartsof
theinitial tree.Thetreeof maximalquality is selected.

Notice that, while temporaltreegrowing is quite heavy
from thecomputationalpointof view, theoverheadof prun-
ing is negligible. As we will seebelow, pruning reduces
significantlythe treecomplexity (often by about50%)and
improvesalsoquality.

Empirical study
Brief description of the practical study
Our testswerecarriedout on a large scaledatabasebuilt
by numericalsimulationfor the study of blackouts of the
Frenchpowersystem(Wehenkel etal. 1997).Thescenarios
correspondto randomcombinationsof largeexternaldistur-
bancesand faulting protectiondevices (line overloadpro-
tections,generatorprotections,substationprotections ).
Theanalyticalmodelof thissystemusesabout11,000states
variables,and the simulationswere carriedout in parallel
usinga clusterof workstations(eachsimulationtook about
11hoursCPUtime). Eachscenariois characterizedby about
800numericalvariables,observedduringabout40 minutes
of real-time. In the data base,theseare representedus-
ing piecewise linear functions,with variablestep-size(the
numberof stepsvariesfrom one scenarioto another, and
is typically of about50 for stablescenariosandlarger than
500for highly unstableones).Thereareabout200million
valuesstoredin thedatabase.

In the above databasetherearevariouspossiblemodes
of unstablebehaviour (e.g. fast electromechanicaltran-
sients,mid-termvoltagecollapses,cascadesof overloaded
line tripping ) which may act in differentregionsof the
system. In our investigationswe have consideredonly the
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Figure2: Voltagecollapsedetectiontree(partialview)

voltagecollapseproblems,relatedto a particularperipheral
areaof the system. The databasecontained1100scenar-
ios, andwe useda subsetof about100candidateattributes
(voltagemagnitudesat differentbuses,generatorexcitation
currents,variouslistsof events).Amongthe1100scenarios,
thereareabout250unstableones.

Obtained results

Figure 2 shows a partial view of a temporaltree built by
the above methodon the voltagecollapseproblem. The
growing sampleusedto build the tree is composedof 385
randomscenarios(64correspondto voltagecollapse).Tests
areshown beneaththe correspondingarcsof the tree,and
eachnodeis graphicallyrepresentedby a box divided ver-
tically into threeparts: (i) the uppermostpart represents
theproportionof objectclassesin thelocal growing subset,
whicharetheobjectswhicheventuallyreachthenode(atthe
root this correspondsto thecompletegrowing sample);(ii)
in themiddle,a similar representationshows theobjectsof
the growing subsetwhich never move downwardsthe tree
(at theroot this subsetcorrespondsto theobjectswhich are
not detectedby thetree,at theterminalnodesit is identical
to the local growing subset);(iii) the lower part provides
informationabouttheaveragetimeneededto reachthenode
andits decompositioninto thepartrequiredby all preceding

tests(in black)and(in grey) theadditionaltime requiredby
the last test(noticethat the time requiredto reachthe root
nodeis equalto zerofor all states).Thenumbersin paren-
thesesbelow aterminalnodeindicatethenumberof objects
whicharereally detectedby this node,i.e. which reachthis
nodebeforeany otherterminalnode.For example,theright
most terminalnode(namedL4) correspondsto a growing
subsetcomposedof 15 collapsestates,amongwhich only
oneis detectedby this node(all othersaredetectedearlier
by anotherterminalnodeof thetree).

In orderto build the treewe proposed29 numericalcan-
didateattributes,togetherwith threecandidatevaluesfor ∆
(0, 1, and2 secondsfor excitation currents,and0, 5, and
10 secondsfor voltages),andused 0 4 and 0 8 in
orderto balanceearlydetectionwith selectivity.

The treebuilding algorithmhasselected17 relevant at-
tributes,to grow a treecomprizingall in all 26 tests,22 ter-
minal nodesand5 internalnodes.This treewasthentested
on theremaining(736)scenariosof thedatabase,yielding
anoverall errorrateof 7 2% (1 non-detectionamong
167collapsetestscenarios;52falsealarmsamong569stable
testscenarios).Theearlinessof detectionis measuredby the
meandetectiontimeof unstablescenarios

avg
36%(the

meanvalueof theratio ). Notethatthebrancheswhich
weredevelopedfirst arein left-mostpartof thetree.



Table2: Treecharacteristicsundervariousconditions

Conditions Fully grown tree Prunedtree

# LS CA SA C (%) (%) (%)
avg

(%) SA C (%) (%) (%)
avg

(%)

200 29 1.0 0.5 2 4 4.4 3.6 0.8 57.6 2 3 4.9 4.2 0.7 56.3
200 29 0.8 0.5 15 22 10.2 9.9 0.3 47.4 5 6 6.7 5.7 1 50.2
200 29 0.8 0.3 13 16 10.2 9.9 0.3 47.2 5 6 7.1 6.5 0.6 51
200 29 0.7 0.4 19 30 11.3 10.1 1.2 45.8 6 7 9.2 6.3 2.9 45.3
385 29 0.8 0.4 17 27 7.2 7.1 0.1 36 11 17 5.5 5.3 0.2 40.3

385 13 0.8 0.4 6 22 14.8 8.4 6.4 40.4 4 10 13.3 6.9 6.3 38
600 13 0.8 0.4 6 19 8.7 7.7 1 34.1 6 15 8 7 1 34.2

CA: numberof candidateattributes SA: numberof selectedattributes C: total numberof nodes(complexity)

The tree was then pruned: this lead to a reductionin
complexity (to a total of 17 nodes)andof errorrate(5.5%:
5.3% falsealarmsand0.2% of non-detections),and to an
increasein theaveragedetectiontime (to 40.3%).

Sensitivity analysis
In orderto provide further insight into the behavior of the
method,letusbrieflydiscussthevarioustrendswhichappear
from Table2, which collectsresultsobtainedundervarious
conditions(learningsetsize,candidateattributes,valuesof

and ).

Effect of pruning. A quick comparisonof the prunedand
unprunedtrees’ characteristicsconfirmsthe very strong
effect of pruning : it reducescomplexity by more than
50% in the mean,improveserrorsratesby about10%,
but mayeitherincreaseor decreasedegreeof anticipation
(which is inverselyproportionalto

avg
).

Influenceof . Looking at the relative numbersof false
alarms and non-detections , it appearsthat the
methodis notverysensitive to .

Influenceof . Comparingthe valuesof avg for the first
four trees,weobservethatthey areindeedquitecorrelated
to thecorrespondingvalueof (negatively, asexpected).

Incr easednumber of learning states(# LS). The quality
of prunedandunprunedtreesandthe complexity of the
prunedonesincreasesignificantly, as expected. Notice
thatqualityassessmentof thethreelastprunedtreesmight
beslightlyoptimistic,sinceweusedthesamesetof objects
thanthoseusedfor pruning.

Effect of candidateattrib utes. Comparing the last two
trees(built usingonly event subsetstypesof attributes)
with thosein thefirst partof thetable(built usingonly nu-
mericalattributes),wenoticethatthetypeof errors(false
alarmsvs non-detections)is muchmoresensitive to the
typesof candidateattributesthanto .

Computational performances
The algorithm was implementedin GNU CommonLisp
(GCL). IndicativeCPUtimesona200MHz SunUltraSparc
workstationareof 15 hoursfor a treebuilt with 400 learn-
ing objects,30 attributes,3 candidatevaluesof ∆ . As for
classicalTDIDT, the computationalcomplexity is slightly
superlinearin thenumberof learningstates,andlinearin the
numberof candidateattributesandtemporizations.

Discussion
We believe that thefirst resultsobtainedwith theproposed
temporaltreegrowing methodarequite encouraging,spe-
cially sincethey were obtainedon a large scaledatabase
from a real problem. We also believe that the methodis
flexible enoughto allow its applicationto other temporal
machinelearningproblems.However, it needsclearly fur-
thervalidation,andtherearevariousproblemswhich have
not yet beenaddressed.We mentionsomeof themin place
of a conclusion.

Temporal constraint along a path. In our application,a
pathin a temporaltreeis supposedto correspondphysically
toaparticularinstabilitymode,representedby aconjunction
of logical tests.Thus,theseconditionsshouldbecometrue
altogetherwithin a certainlimited time interval. Hence,we
proposeto addto eachpathin a treea life-timeparameter,
to constrainthe time spanwithin which its testsmust be
satisfied. This parametercan be derived either from the
validationset usedfor pruningor be fixed a priori by the
user. Notice that this would actuallyconsistin relaxinga
posteriorithemonotonicityassumption.

Computational tradeoffs. The present (brute force)
searchalgorithm is quite slow for large problems. In or-
der to improve its efficiency it might be possibleto add
someheuristicssoasto reducethenumberof candidatetests
evaluatedat eachstep(e.g. reducethenumberof candidate
thresholdstoallow for searchingmoresystematicallyfor op-



timal valuesof ∆ ). On theotherhand,thereis ampleroom
for codeimprovementandparallization,if required.

Extensionsto other problems, types of tests for differ -
ent temporal features. In our work we concentratedon
theautomaticidentificationof thresholdswith delays. The
methodcould,however, beeasilyextendedto identify other
types of candidatetests, for example temporal patterns,
suchlocal maxima,changein pseudo-frequency, changein
concavity , which would be relevant in variouspractical
applications.

Multiple classesto detect. It shouldbepossibleto extend
the methodso asto be ableto detectseveral classesrather
thana singleone. We believe alsothat theapproachcould
beadaptedin ordertohandlenumericaloutputs,aswouldbe
requiredfor examplein timeseriesforecastingapplications.

Relatedwork
In themachinelearningliteraturetheconsiderationof tem-
poral problemsis ratherrecent,andthereis not yet a clear
bodyof publicationsto which we couldcompareour work.
Nevertheless,in therecentliteratureon thesubjectonemay
identify severaltrends.

A first trendconsistsof separatinglearningfrom tempo-
ral data into two successive steps(seee.g. (Torgo 1995;
Manganaris1997)) : (i) representation,where scalarat-
tributesaredefinedin ordertoextracttemporalfeaturesfrom
time series;(ii) modelselection,wherethescalarattributes
areusedby anexistingmachinelearningmethodin orderto
extractrules. With respectto this approach,we believe that
the methodpresentedin this papermay take betteradvan-
tageof availabledata,by treatingthesetwo problemsin an
integratedfashionandtakinginto accountexplicitly therole
of time in theevaluationof detectionrules.

Anotherapproach(e.g.(Paliouras1997))consistsin using
ana priori definedmodelstructure(possiblymorepowerful
thanour temporaltrees)andthenusing learningset infor-
mationin orderto tunetheparametersof this model. This
approachmaybewell suitedin situationswherethemodel
structureis indeedknown a priori, but not appropriatein
applicationslike thoseconsideredin thispaper.

Another researchtheme concernsunsupervisedlearn-
ing, such as identifying similar time seriesor frequent
patternsof events(Mannila, Toivonen,& Verkamo1997;
Das,Gunopulos,& Mannila1997).Thelattertypeof meth-
odsareessentiallycomplementaryto ourwork.

Finally, yet anotherproposalwhich is alsorelatedto our
methodis the onegiven in (Jordan1994;Jordan,Ghahra-
mani,& Saul1996). In thesepublicationsa hiddenMarkov
decisiontreemodelis proposed,wheredecisionsat a node
andat sometimedependonthedecisionstakenat thatnode
at the previous time step. One importantdifferencewith

temporaltreesis that the resultingmodel,while very pow-
erful from the statisticalpoint of view, is ratherdifficult to
interprete.Theotherimportantdifferenceis thatthehidden
Markov treesdo not modelexplicitly theearlinessof detec-
tion, sincetheir aim is to predictthe outputvariableat the
currenttime, givenpastandpresentinputs(andthecurrent
statesof the hiddenMarkov modelscorrespondingto each
testnode).Thealgorithmsproposedtobuild suchmodelsare
alsoquitedifferentfrom thetemporaltreeinductionmethod
proposedin thepresentpaper.
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