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Abstract

This paperinvestigatedearningin a lifelong contet. Lifelong learning
addressesituationsin which a learnerfacesa whole streamof learn-
ing tasks. Suchscenarioprovide the opportunityto transferknowledge
acrossnultiplelearningtasksjn orderto generalizenoreaccuratelyfrom
lesstraining data. In this papey several differentapproacheso lifelong
learningare describedandappliedin an objectrecognitiondomain. It
is shawvn that acrossthe board, lifelong learningapproachegeneralize
consistentlymore accuratelyfrom lesstraining data, by their ability to
transferknowledgeacrosdearningtasks.

1 Intr oduction

Supervisedearningis concernedvith approximatinganunknown functionbasedn exam-

ples. Virtually all currentapproacheto supervisedearningassumehatoneis givenaset

of input-outputexamplesdenotedoy , which characterizeanunknowvn function,denoted
by . Thetametfunction isdravnfrom aclassof functions, , andthelearneris givena

spaceof hypothesegjenotedoy , andanorder(preference/prionyvith whichit considers
themduringlearning. For example, might be the spaceof functionsrepresentethy an

arti®cialneuralnetworkwith differentweightvectors.

While this formulationestablishes rigid framewvork for researctin machinelearning, it
dismissesmportantaspectdhat are essentiafor humanlearning. Psychologicaktudies
have shavn that humansoften employ morethanjust the training datafor generalization.
They areoftenableto generalizeorrectlyevenfrom asingletrainingexample[2, 10]. One
of the key aspectf the learningproblemfacedby humanswhich differs from the vast
majority of problemsstudiedin the ®eldof neuralnetworklearning,is thefactthathumans
encounteawhole streamof learningproblemsover their entirelifetime. Whenfacedwith
a new thingto learn,humanscanusuallyexploit anenormousamountof training dataand
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experienceshatstemfrom other relatedearningtasks.For example whenlearningto drive
a car, yearsof learningexperiencewith basicmotor skills, typical traf®c patternsjogical
reasoninglanguagendmuchmoreprecedandin uencethislearningtask. Thetransferof
knowledgeacrosdearningtasksseemdo play anessentiatole for generalizingaccurately
particularlywhentraining datais scarce.

A framework for the studyof thetransferof knowledgeis thelifelong learningframevork.
In thisframawork, it is assumedhatalearnerfacesawholecollectionof learningproblems
over its entirelifetime. Sucha scenaricopensthe opportunityfor synegy. Whenfacingits

-th learningtask, a learnercanre-useknowledgegatheredn its previous 1 learning
tasksto boostthe generalizatiormccurag.

Inthispapemwewill beinterestedn themostsimpleversionof thelifelonglearningproblem,
in whichthelearnerfacesafamily of conceptearningtasks Morespeci®callythefunctions
tobelearnedverthelifetime of thelearnerdenotedby 1 2 3 , areall of thetype

: 0 1 andsampledrom . Eachfunction 1 2 3 is anindicator
function that de®nes particularconcept: a pattern is memberof this conceptif
andonly if 1. Whenlearningthe -th indicatorfunction, , thetrainingset
containsexamplesof thetype (whichmay bedistortedby noise). In additionto
thetrainingset,the learneris alsogiven 1 setsof examplesof otherconcepfunctions,
denotedby ( 1 1). Each  containgtraining examplesthat characterize

. Sincethis additionaldatais desiredto supportlearning is calleda supportset
for thetrainingset

An exampleof theabove is therecognitionof faces[5, 7]. Whenlearningto recognizehe

-th person,say gop, the learneris given a setof positive and neggative exampleof face
imageof thisperson.In lifelong learning it mayalsoexploit traininginformationstemming
from otherpersonssuchas Rich Mike Dave . Thesupportsetsusuallycannotbe
useddirectly astraining patternsvhenlearninga new conceptsincethey describedifferent
conceptghencehave differentclassabels).However, certainfeatureglike theshapeof the
gyes)aremoreimportantthanothers(like the facial expressionpr the locationof the face
within theimage). Oncetheinvariancef the domainarelearnedthey canbetransferred
to new learningtasks(new people)andhenceimprove generalization.

To illustrate the potentialimportanceof relatedlearningtasksin lifelong learning, this
paperdoesnot presenfust one particularapproacho the transferof knowledge. Instead,
it describesseveral, all of which extend corventional memory-basedr neural network
algorithms.Theseapproachearecomparedvith moretraditionallearningalgorithms,i.e.,

thosethat do not transferknowledge. The goal of this researchs to demonstratehat,
independensf a particularlearningapproachmorecomple functionscanbelearnedrom

lesstrainingdataif learningis embeddedhto alifelong context.

2 Memory-BasedLearning Approaches

Memory-basedalgorithmsmemorizeall training examplesexplicitly andinterpolatethem
at query-time. We will ®rstsketchtwo simple,well-known approacheso memory-based
learningthenproposeextensionghattakethe supportsetsinto account.

2.1 NearestNeighbor and Shepard's Method

Probablythe mostwidely usedmemory-basedearningalgorithmis -neaestneighbor
(KNN)[15]. Suppose is a querypatternfor which we would like to know the output .
KNN searcheshe setof trainingexamples for those examples whose
input patterns arenearesto (accordingto somedistancemetric, e.g., the Euclidian
distance) It thenreturnsthe meanoutputvalue + of thesenearesheighbors.

Anothercommonlyusedmethodwhich is dueto Shepard13], averagegshe outputvalues



of all trainingexamplesbut weightseachexampleaccordingto the inversedistanceto the
guerypoint . 1
1
1)

Here 0 is asmallconstanthatpreventsdivision by zero. Plainmemory-basetearning
usesexclusively thetrainingset  for learning. Thereis no obviousway to incorporatehe
supportsets sincethey carrythewrongclasslabels.

2.2 Learning A New Representation

The®rstmodi®catiorof memory-basetkarningproposedn this paperemployshesupport

setdolearnanew representatiorof thedata.More speci®callythesupporisetsareemployed

to learnafunction,denotecby : , whichmapsinput patterndn to anew space,
. Thisnew space formstheinputspaceor amemory-basedlgorithm.

Obhviously, the key propertyof a good datarepresentationis that multiple examplesof a
singleconcepshouldhave asimilarrepresentatiowhereasherepresentatioof anexample
anda countergampleof a conceptshouldbe moredifferent. This propertycandirectly be
transformednto anenegy functionfor

1
)
1 1 1 0
Adjusting to minimize forcesthe distancebetweenpairs of examplesof the same
concepto besmall,andthedistancébetweeranexampleandacountergampleof aconcept
to belarge. In ourimplementation, is realizedby a neuralnetworkandtrainedusingthe
Back-Propagatioalgorithm[12].

Noticethatthe new representation,, is obtainedthroughthe supportsets. Assumingthat
the learnedrepresentatiois appropriatefor new learningtasks,standardmemory-based
learningcanbe appliedusingthis new representatiowhenlearningthe -th concept.

2.3 Learning A DistanceFunction

An alternatve way for exploiting supportsetsto improve memory-basetéarningis to learn
adistancdunction[3, 9]. Thisapproachearnsafunction : 0 1 whichaccepts
two input patternssay and , andoutputswhether and aremembersof the same
conceptregardlessvhatthe concepis. Trainingexamplesfor are

1 if 1

o if 1 0 or 0 1
They arederived from pairsof examples takenfrom a singlesupport
set ( 1 1). In ourimplementation, is anarti®cialneuralnetworktrained

with Back-PropagationNoticethatthetrainingexampledor lackinformationconcerning
the conceptfor which they wereoriginally derived. Hence,all supportsetscanbe usedto

train . After training, canbeinterpretedastheprobabilitythattwo patterns are
examplesof the sameconcept.

Oncetrained, canbeusedasagenealizeddistancgunctionfor amemory-basedpproach.

Supposeoneis givenatrainingset anda query point . Then,for eachpositive
example 1 , canbeinterpretedasthe probabilitythat is amember
of the target concept. Votesfrom multiple positve examples ;1 >, 1 are

combinedusingBayes'rule, yielding .

1 : 1 1 —_ )



Noticethat is notadistancametric. It generalizeshe notionof adistancemetric,because
thetriangleinequalityneedsnot hold, andbecaus@n exampleof thetargetconcept can
provide evidencethat is notamemberof thatconcep((if 05).

3 Neural Network Approaches

To makeour comparisormorecompletewe will now brie'y describeapproachethatrely
exclusively on arti®cialneuralnetworksfor learning

3.1 Back-Propagation

StandardBack-Propagatiocanbeusedo learntheindicatorfunction ,using astraining
set. Thisapproachdoesnot employthe supportsets hences unableto transferknowledge
acrosdearningtasks.

3.2 Learning With Hints

Learningwith hints[1, 4, 6, 16] constructsa neuralnetworkwith  outputunits, one for
eachfunction  ( 12 ). Thisnetworkis thentrainedto simultaneouslyninimize
the error on both the supportsets andthetrainingset . By doingso,theinternal
representatiomf this networkis not only determinedby  but also shapedhroughthe
supportsets . If similar internal representationare requiredfor all functions

( 12 ), the supportsetsprovide additionaltraining examplesfor the internal
representation.

3.3 Explanation-BasedNeural Network Learning

The last methoddescribedhere usesthe explanation-basedeural networklearning al-
gorithm (EBNN), which wasoriginally proposedn the context of reinforcementearning
[8, 17]. EBNN trainsan arti®cialneuralnetwork, denotedby : 0 1, justlike
Back-PropagationHowever, in additionto the target valuesgiven by the training set
EBNN estimatesheslopegtangentspf thetargetfunction  for eachexamplein . More

speci®callytraining examplesin EBNN areof the sort , Which are®t
usingthe Tangent-Promlgorithm[14]. Theinput andtamgetvalue aretakenfrom
thetrainingset . Thethirdterm,theslope , isestimatedisingthelearnedistance
function describedabore. Suppose 1 is a (positive) training example.
Then,thefunction 0 1 with : mapsa singleinput patternto
0 1,andis anapproximatiorto . Since is representetdy a neuralnetworkand
neuralnetworksaredifferentiablethegradient is anestimateof the slopeof

at . Setting : yieldsthedesiredestimateof . As statedabore, boththetarget
value andtheslopevector are®tusingthe Tangent-Proglgorithmfor each

trainingexample

The slope providesadditionalinformationaboutthe target function . Since is
learnedusingthe supportsets,EBNN approachransfersknowledgefrom the supportsets
to thenew learningtask. EBNN reliesonthe assumptiorthat is accurateenoughto yield
helpful sensitvity information. However, sinceEBNN ®tsboth training patterng(values)
andslopesmisleadingslopescanbe overriddenby trainingexamples.See[17] for amore
detaileddescriptionrof EBNN andfurtherreferences.

4 Experimental Results

All approachesveretestedusing a databasef color cameraimagesof differentobjects
(seeFig. 3.3). Eachof the objectin the databasénasa distinct color or size. The -th



Figure 1: The sup-
port setswere com-
piledoutofahundred
imagesof a bottle, a
hat,ahammeracoke
can andabook The

-th learning tasks
involves distinguish-
ing theshoefrom the
sunglasses Images
were subsampledo
al00 100pixel ma-
trix (eachpixel hasa
color, saturationand
a brightnessvalue),
shavn on the right
side.

learningtaskwasthe recognitionof one of theseobjects,namelythe shoe The previous

1 learningtaskscorrespondo the recognitionof ®we otherobjects,namelythe bottle,
the hat, the hammey the cokecan, andthe book To ensurethat the latterimagescould
not be usedsimply asadditionaltrainingdatafor , the only countergamplesof the shoe
wasthe seventhobject,the sunglassesHence the trainingsetfor ~ containedmagesof
theshoeandthe sunglassesandthe supportsetscontainedmagesof the other®we objects.
The objectrecognitiondomainis a goodtestbedor the transferof knowledgein lifelong
learning.Thisis becaus@®ndingagoodapproximatiorto  involvesrecognizinghetarget
objectinvariantof rotation,translation scalingin size,changeof lighting andsoon. Since
theseinvariancesarecommonto all objectrecognitiontasks,imagesshaving otherobjects
canprovide additionalinformationandboostthe generalizatioraccurag.

Transferof knowledgeis mostimportantwhentrainingdatais scarce.Hence,in aninitial
experimentwe testedall methodsusinga singleimageof the shoeandthe sunglassesnly.
Thosemethodghatareableto transferknowledgewerealsoprovided 100 imagesof each
of theother®\e objects.Theresultsareintriguing. Thegeneralizatioraccuracies

KNN | Shepard|| repr. +Shep. | distance Back-Prop hints EBNN
60.4% | 60.4% 74.4% 75.2% 59.7% 62.1% 74.8%
8.3% 8.3% 18.5% 18.9% 9.0% 10.2% 11.1%

illustratethat all approacheshat transferknowledge(printedin bold font) generalizesig-
ni®cantlybetterthanthosethatdo not. With the exceptionof the hint learningtechnique,
theapproachesanbe groupednto two cateyories: Thosewhich generalizeapproximately
60% of the testingsetcorrectly andthosewhich achiere approximately75% generaliza-
tion accurag. Theformergroupcontainsthe standardsupervisedearningalgorithmsand
the latter containsthe 2new® algorithmsproposechere,which are capableof transferring
knowledge. The differenceswithin eachgroup are statisticallynot signi®cantwhile the
differencedetweerthemare(atthe95%level). Noticethatrandomguessinglassi®es0%
of thetestingexamplescorrectly

Theseresultssuggestthat the generalizatioraccurag merely dependson the particular
choiceof the learningalgorithm (memory-baseds. neuralnetworks). Instead,the main
factor determiningthe generalizationaccurag is the fact whetheror not knowledgeis
transferredrom pastlearningtasks.
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Figure 2: Generalizatioraccurag as a function of training examples,measurecn an
independentest set and averagedover 100 experiments. 95%-con®dencbarsare also
displayed.

What happensas more training dataarrives? Fig. 2 shavs generalizationcurves with
increasingnumbersof training examplesfor someof thesemethods. As the numberof
training examplesincreasesprior knowledgebecomedessimportant. After presenting20
trainingexamplestheresults

KNN | Shepard]|| repr. +Shep. | distance Back-Prop]|| hints EBNN
81.0% | 70.5% 81.7% 87.3% 88.4% n.avail. | 90.8%
3.4% 4.9% 2.7% 0.9% 2.5% 2.7%

illustratethatsomeof the standardnethodqespeciallyBack-Propagatiorgeneralizeabout
asaccuratelyasthosanethodshatexploit supporsets.Herethedifference theunderlying
learningmechanismbecomesnoredominant.However, whencomparindifelong learning
methodswith theircorresponihg standardpprachesthelatteronesarestill inferior: Back-

Propagation(88.4%)is outperformedcoy EBNN (90.8%),and Shepards method(70.5%)
generalizet¢essaccuratelywhentherepresentatiois learned81.7%)or whenthedistance
functionis learned87.3%). All thesdifferencesresigni®canatthe95%con®denckevel.

5 Discussion

Theexperimentatesultseportedn thispaperprovide evidencethatlearningpecomegasier
whenembeddedn a lifelong learningcontet. By transferringknowledgeacrossrelated
learningtasks,a learnercan become®more experienced®and generalizebetter To test
this conjecturdn a moresystematiavay, a variety of learningapproachesvereevaluated
andcomparedvith methodghatareunableto transferknowledge. It is consistentlyfound
thatlifelong learningalgorithmsgeneralizesigni®cantlymoreaccuratelyparticularlywhen
trainingdatais scarce.

Noticethattheseresultsarewell in tunewith otherresultsobtainedby the author One of

theapproachekere EBNN, hasextensvely beenstudiedin the context of robotperception
[11], reinforcementearningfor robotcontrol,andchesq17]. In all thesedomainsijt has
consistentlpeerfoundto generalizdetterfrom lesstrainingdataby transferrindknowledge
from previouslearningtasks. Theresultsarealsoconsistentvith obsenationsmadeabout
humanlearning[2, 10], namelythatpreviously learnedknowledgeplaysanimportantrole

in generalizationparticularlywhentrainingdatais scarce [18] extendstheseechniqueso

situationswheremostsupportsetsarenotrelated.w

However, lifelong learningrestson the assumptiorthat more than a single taskis to be
learned,and that learning tasksare appropriatelyrelated. Lifelong learningalgorithms
are particularly well-suitedin domainswherethe costsof collecting training datais the
dominatingfactorin learning sincethesecostscanbeamortizedver severallearningtasks.
Suchdomainsinclude, for example, autonomousservicerobotswhich are to learn and
improve over their entirelifetime. They include personakoftwareassistantsvhich have



to performvarioustasksfor varioususers. Patternrecognition,speechrecognition,time
seriesprediction,anddatabasenining might be other potentialapplicationdomaingor the
techniquepresentedhere.
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