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Abstract

This paperinvestigateslearningin a lifelong context. Lifelong learning
addressessituationsin which a learnerfacesa whole streamof learn-
ing tasks. Suchscenariosprovide theopportunityto transferknowledge
acrossmultiplelearningtasks,in orderto generalizemoreaccuratelyfrom
lesstrainingdata. In this paper, several differentapproachesto lifelong
learningaredescribed,andappliedin an objectrecognitiondomain. It
is shown that acrossthe board,lifelong learningapproachesgeneralize
consistentlymore accuratelyfrom lesstraining data,by their ability to
transferknowledgeacrosslearningtasks.

1 Intr oduction

Supervisedlearningis concernedwith approximatinganunknown functionbasedonexam-
ples. Virtually all currentapproachesto supervisedlearningassumethatoneis givena set
of input-outputexamples,denotedby � , whichcharacterizeanunknown function,denoted
by � . Thetargetfunction � is drawn from a classof functions,� , andthelearneris givena
spaceof hypotheses,denotedby � , andanorder(preference/prior)with which it considers
themduring learning. For example, � might be the spaceof functionsrepresentedby an
arti®cialneuralnetworkwith differentweightvectors.

While this formulationestablishesa rigid framework for researchin machinelearning,it
dismissesimportantaspectsthat areessentialfor humanlearning. Psychologicalstudies
have shown that humansoftenemploymorethanjust the training datafor generalization.
They areoftenableto generalizecorrectlyevenfrom asingletrainingexample[2, 10]. One
of the key aspectsof the learningproblemfacedby humans,which differs from the vast
majorityof problemsstudiedin the®eldof neuralnetworklearning,is thefact thathumans
encountera wholestreamof learningproblemsover their entirelifetime. Whenfacedwith
a new thing to learn,humanscanusuallyexploit anenormousamountof trainingdataand
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experiencesthatstemfromother, relatedlearningtasks.For example,whenlearningtodrive
a car, yearsof learningexperiencewith basicmotor skills, typical traf®cpatterns,logical
reasoning,languageandmuchmoreprecedeandin¯uencethislearningtask.Thetransferof
knowledgeacrosslearningtasksseemsto playanessentialrole for generalizingaccurately,
particularlywhentrainingdatais scarce.

A framework for thestudyof thetransferof knowledgeis thelifelong learningframework.
In this framework, it is assumedthata learnerfacesawholecollectionof learningproblems
over its entirelifetime. Sucha scenarioopenstheopportunityfor synergy. Whenfacingits

� -th learningtask,a learnercanre-useknowledgegatheredin its previous ��� 1 learning
tasksto boostthegeneralizationaccuracy.

In thispaperwewill beinterestedin themostsimpleversionof thelifelong learningproblem,
in whichthelearnerfacesafamily of conceptlearningtasks. Morespeci®cally, thefunctions
tobelearnedoverthelifetimeof thelearner, denotedby � 1 �

� 2 �

� 3 �������

�

� , areall of thetype
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 is an indicator
function that de®nesa particularconcept: a pattern �

�

� is memberof this conceptif
andonly if �����
��� 1. Whenlearningthe � -th indicator function, ��� , the training set �

containsexamplesof thetype ���

�

�������
��� (whichmaybedistortedby noise). In additionto
thetrainingset,thelearneris alsogiven ��� 1 setsof examplesof otherconceptfunctions,
denotedby ��� (  !� 1

�������"�

�#� 1). Each ��� containstrainingexamplesthatcharacterize
��� . Sincethis additionaldatais desiredto supportlearning �$� , �%� is calleda supportset
for thetrainingset � .

An exampleof theabove is therecognitionof faces[5, 7]. Whenlearningto recognizethe
� -th person,say � Bob, the learneris given a setof positive andnegative exampleof face
imagesof thisperson.In lifelonglearning,it mayalsoexploit traininginformationstemming
from otherpersons,suchas �

�

�

� Rich �

� Mike �

� Dave �������


 . Thesupportsetsusuallycannotbe
useddirectlyastrainingpatternswhenlearninga new concept,sincethey describedifferent
concepts(hencehave differentclasslabels).However, certainfeatures(like theshapeof the
eyes)aremoreimportantthanothers(like the facial expression,or thelocationof theface
within theimage).Oncetheinvariancesof thedomainarelearned,they canbetransferred
to new learningtasks(new people)andhenceimprovegeneralization.

To illustrate the potential importanceof relatedlearningtasksin lifelong learning, this
paperdoesnot presentjust oneparticularapproachto the transferof knowledge. Instead,
it describesseveral, all of which extend conventional memory-basedor neuralnetwork
algorithms.Theseapproachesarecomparedwith moretraditionallearningalgorithms,i.e.,
thosethat do not transferknowledge. The goal of this researchis to demonstratethat,
independentof a particularlearningapproach,morecomplex functionscanbelearnedfrom
lesstrainingdataif learningis embeddedinto a lifelong context.

2 Memory-BasedLearning Approaches

Memory-basedalgorithmsmemorizeall trainingexamplesexplicitly andinterpolatethem
at query-time. We will ®rstsketchtwo simple,well-known approachesto memory-based
learning,thenproposeextensionsthattakethesupportsetsinto account.

2.1 NearestNeighbor and Shepard's Method

Probablythe mostwidely usedmemory-basedlearningalgorithm is & -nearest neighbor
(KNN) [15]. Suppose� is a querypattern,for which we would like to know theoutput ' .
KNN searchesthe setof training examples� for those & examples���)(

�

'�(��

�

� whose
input patterns�
( arenearestto � (accordingto somedistancemetric, e.g., the Euclidian
distance).It thenreturnsthemeanoutputvalue 1

*,+

'�( of thesenearestneighbors.

Anothercommonlyusedmethod,which is dueto Shepard[13], averagestheoutputvalues



of all trainingexamplesbut weightseachexampleaccordingto the inversedistanceto the
querypoint � .
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Here
�%$

0 is a smallconstantthatpreventsdivisionby zero.Plainmemory-basedlearning
usesexclusively thetrainingset � for learning.Thereis noobviouswayto incorporatethe
supportsets,sincethey carrythewrongclasslabels.

2.2 Learning A NewRepresentation

The®rstmodi®cationof memory-basedlearningproposedin thispaperemploysthesupport
setsto learnanewrepresentationof thedata.Morespeci®cally, thesupportsetsareemployed
to learna function,denotedby & : �

�)	

��' , whichmapsinputpatternsin � to a new space,
��' . Thisnew space�(' formstheinputspacefor a memory-basedalgorithm.

Obviously, the key propertyof a gooddatarepresentationsis that multiple examplesof a
singleconceptshouldhaveasimilarrepresentation,whereastherepresentationof anexample
anda counterexampleof a conceptshouldbemoredifferent.This propertycandirectlybe
transformedinto anenergy functionfor & :
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Adjusting & to minimize
)

forcesthe distancebetweenpairs of examplesof the same
conceptto besmall,andthedistancebetweenanexampleandacounterexampleof aconcept
to belarge. In our implementation,& is realizedby a neuralnetworkandtrainedusingthe
Back-Propagationalgorithm[12].

Noticethat thenew representation,& , is obtainedthroughthesupportsets.Assumingthat
the learnedrepresentationis appropriatefor new learningtasks,standardmemory-based
learningcanbeappliedusingthisnew representationwhenlearningthe � -th concept.

2.3 Learning A DistanceFunction

An alternativewayfor exploiting supportsetsto improvememory-basedlearningis to learn
adistancefunction[3, 9]. Thisapproachlearnsafunction 1 : �32%�

�)	54 0
�

16 whichaccepts
two input patterns,say � and �7' , andoutputswhether � and ��' aremembersof the same
concept,regardlesswhattheconceptis. Trainingexamplesfor 1 are
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� � 1). In our implementation,1 is anarti®cialneuralnetworktrained
with Back-Propagation.Noticethatthetrainingexamplesfor 1 lackinformationconcerning
theconceptfor which they wereoriginally derived. Hence,all supportsetscanbeusedto
train 1 . After training, 1 canbeinterpretedastheprobabilitythattwo patterns�

�

�:'

�

� are
examplesof thesameconcept.

Oncetrained,1 canbeusedasageneralizeddistancefunctionfor amemory-basedapproach.
Supposeoneis given a training set � anda querypoint �
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Noticethat 1 is notadistancemetric. It generalizesthenotionof adistancemetric,because
thetriangleinequalityneedsnot hold,andbecauseanexampleof thetargetconcept�:' can
provideevidencethat � is not amemberof thatconcept(if 1 � �

�

� ' �

� 0
�

5).

3 Neural Network Approaches

To makeourcomparisonmorecomplete,wewill now brie¯y describeapproachesthatrely
exclusively onarti®cialneuralnetworksfor learning� � .

3.1 Back-Propagation

StandardBack-Propagationcanbeusedtolearntheindicatorfunction � � , using� astraining
set.Thisapproachdoesnot employthesupportsets,henceis unableto transferknowledge
acrosslearningtasks.

3.2 Learning With Hints

Learningwith hints [1, 4, 6, 16] constructsa neuralnetworkwith � outputunits,onefor
eachfunction ��� (  � 1

�

2
������� �

� ). Thisnetworkis thentrainedto simultaneouslyminimize
the error on both the supportsets �

� � 
 andthe trainingset � . By doingso, the internal
representationof this network is not only determinedby � but alsoshapedthroughthe
supportsets �

�
�


 . If similar internal representationsare requiredfor all functions �
�

(  ,� 1
�

2
������� �

� ), the supportsetsprovide additional training examplesfor the internal
representation.

3.3 Explanation-BasedNeural Network Learning

The last methoddescribedhereusesthe explanation-basedneural network learning al-
gorithm(EBNN), which wasoriginally proposedin the context of reinforcementlearning
[8, 17]. EBNN trainsan arti®cialneuralnetwork,denotedby � : �

�)	 4 0
�

16 , just like
Back-Propagation.However, in additionto the target valuesgiven by the training set � ,
EBNNestimatestheslopes(tangents)of thetargetfunction �$� for eachexamplein � . More
speci®cally, trainingexamplesin EBNN areof thesort ���

�

�
�

���
�

���

�

�
�

� � � � , which are®t
usingtheTangent-Propalgorithm[14]. Theinput � andtargetvalue �

�
���
� aretakenfrom

thetrainingset� . Thethird term,theslope
�
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�
�

���
� , isestimatedusingthelearneddistance
function 1 describedabove. Suppose���7'
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� is a (positive) training example.
Then,thefunction 1
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�8' � mapsa singleinput patternto
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16 , andis anapproximationto � � . Since 1 ���

�

�8' � is representedby a neuralnetworkand
neuralnetworksaredifferentiable,thegradient��1

��-

��� �	�
��� is anestimateof theslopeof � �

at � . Setting� : � � yieldsthedesiredestimateof
�

�

��� � � � . As statedabove,boththetarget
value �������
� andtheslopevector

�

�

����� � � are®tusingtheTangent-Propalgorithmfor each
trainingexample �

�

� .

The slope
�

�

�
� providesadditionalinformationaboutthe target function �

� . Since 1 is
learnedusingthesupportsets,EBNN approachtransfersknowledgefrom thesupportsets
to thenew learningtask.EBNN relieson theassumptionthat 1 is accurateenoughto yield
helpful sensitivity information. However, sinceEBNN ®tsboth trainingpatterns(values)
andslopes,misleadingslopescanbeoverriddenby trainingexamples.See[17] for a more
detaileddescriptionof EBNN andfurtherreferences.

4 Experimental Results

All approachesweretestedusinga databaseof color cameraimagesof differentobjects
(seeFig. 3.3). Eachof the object in the databasehasa distinct color or size. The � -th



Figure 1: The sup-
port setswere com-
piledoutof ahundred
imagesof a bottle, a
hat, ahammer, acoke
can, anda book. The

� -th learning tasks
involves distinguish-
ing theshoefrom the
sunglasses. Images
were subsampledto
a 1002 100pixel ma-
trix (eachpixel hasa
color, saturation,and
a brightnessvalue),
shown on the right
side.

learningtaskwasthe recognitionof oneof theseobjects,namelythe shoe. The previous
�#� 1 learningtaskscorrespondto therecognitionof ®ve otherobjects,namelythebottle,
the hat, the hammer, the cokecan, andthe book. To ensurethat the latter imagescould
not beusedsimplyasadditionaltrainingdatafor ��� , theonly counterexamplesof theshoe
wastheseventhobject,thesunglasses. Hence,the trainingsetfor �$� containedimagesof
theshoeandthesunglasses, andthesupportsetscontainedimagesof theother®ve objects.
The objectrecognitiondomainis a goodtestbedfor the transferof knowledgein lifelong
learning.This is because®ndingagoodapproximationto �

� involvesrecognizingthetarget
objectinvariantof rotation,translation,scalingin size,changeof lighting andsoon. Since
theseinvariancesarecommonto all objectrecognitiontasks,imagesshowing otherobjects
canprovideadditionalinformationandboostthegeneralizationaccuracy.

Transferof knowledgeis mostimportantwhentrainingdatais scarce.Hence,in aninitial
experimentwe testedall methodsusinga singleimageof theshoeandthesunglassesonly.
Thosemethodsthatareableto transferknowledgewerealsoprovided100imagesof each
of theother®ve objects.Theresultsareintriguing. Thegeneralizationaccuracies

KNN Shepard repr. � +Shep. distance �

60.4% 60.4% 74.4% 75.2%
�

8.3%
�

8.3%
�

18.5%
�

18.9%

Back-Prop hints EBNN
59.7% 62.1% 74.8%

�

9.0%
�

10.2%
�

11.1%

illustratethat all approachesthat transferknowledge(printedin bold font) generalizesig-
ni®cantlybetterthanthosethatdo not. With theexceptionof thehint learningtechnique,
theapproachescanbegroupedinto two categories:Thosewhich generalizeapproximately
60% of the testingsetcorrectly, andthosewhich achieve approximately75% generaliza-
tion accuracy. Theformergroupcontainsthestandardsupervisedlearningalgorithms,and
the latter containsthe ªnewº algorithmsproposedhere,which arecapableof transferring
knowledge. The differenceswithin eachgrouparestatisticallynot signi®cant,while the
differencesbetweenthemare(atthe95%level). Noticethatrandomguessingclassi®es50%
of thetestingexamplescorrectly.

Theseresultssuggestthat the generalizationaccuracy merely dependson the particular
choiceof the learningalgorithm(memory-basedvs. neuralnetworks). Instead,the main
factor determiningthe generalizationaccuracy is the fact whetheror not knowledge is
transferredfrom pastlearningtasks.
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Figure 2: Generalizationaccuracy as a function of training examples,measuredon an
independenttest set and averagedover 100 experiments. 95%-con®dencebarsare also
displayed.

What happensas more training data arrives? Fig. 2 shows generalizationcurves with
increasingnumbersof training examplesfor someof thesemethods. As the numberof
trainingexamplesincreases,prior knowledgebecomeslessimportant.After presenting20
trainingexamples,theresults

KNN Shepard repr. � +Shep. distance �

81.0% 70.5% 81.7% 87.3%
�

3.4%
�

4.9%
�

2.7%
�

0.9%

Back-Prop hints EBNN
88.4% n.avail. 90.8%

�

2.5%
�

2.7%

illustratethatsomeof thestandardmethods(especiallyBack-Propagation)generalizeabout
asaccuratelyasthosemethodsthatexploit supportsets.Herethedifferencesin theunderlying
learningmechanismsbecomesmoredominant.However, whencomparinglifelong learning
methodswith theircorrespondingstandardapproaches,thelatteronesarestill inferior: Back-
Propagation(88.4%)is outperformedby EBNN (90.8%),andShepard's method(70.5%)
generalizeslessaccuratelywhentherepresentationis learned(81.7%)or whenthedistance
functionis learned(87.3%).All thesedifferencesaresigni®cantatthe95%con®dencelevel.

5 Discussion

Theexperimentalresultsreportedin thispaperprovideevidencethatlearningbecomeseasier
whenembeddedin a lifelong learningcontext. By transferringknowledgeacrossrelated
learningtasks,a learnercanbecomeªmore experiencedºand generalizebetter. To test
this conjecturein a moresystematicway, a varietyof learningapproacheswereevaluated
andcomparedwith methodsthatareunableto transferknowledge.It is consistentlyfound
thatlifelong learningalgorithmsgeneralizesigni®cantlymoreaccurately, particularlywhen
trainingdatais scarce.

Noticethat theseresultsarewell in tunewith otherresultsobtainedby theauthor. Oneof
theapproacheshere,EBNN, hasextensively beenstudiedin thecontext of robotperception
[11], reinforcementlearningfor robotcontrol,andchess[17]. In all thesedomains,it has
consistentlybeenfoundtogeneralizebetterfromlesstrainingdatabytransferringknowledge
from previouslearningtasks.Theresultsarealsoconsistentwith observationsmadeabout
humanlearning[2, 10], namelythatpreviously learnedknowledgeplaysanimportantrole
in generalization,particularlywhentrainingdatais scarce.[18] extendsthesetechniquesto
situationswheremostsupportsetsarenot related.w

However, lifelong learningrestson the assumptionthat more thana single task is to be
learned,and that learningtasksare appropriatelyrelated. Lifelong learningalgorithms
areparticularly well-suitedin domainswherethe costsof collecting training datais the
dominatingfactorin learning,sincethesecostscanbeamortizedoverseverallearningtasks.
Suchdomainsinclude, for example, autonomousservicerobotswhich are to learn and
improve over their entire lifetime. They includepersonalsoftwareassistantswhich have



to performvarioustasksfor varioususers. Patternrecognition,speechrecognition,time
seriesprediction,anddatabaseminingmightbeother, potentialapplicationdomainsfor the
techniquespresentedhere.
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