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Abstract

Linear text classi�cationalgorithmswork by computingan inner prod-
uctbetweenatestdocumentvectorandaparametervector. In many such
algorithms,includingnaiveBayesandmostTFIDF variants,theparame-
tersaredeterminedby somesimple,closed-form,functionof trainingset
statistics;wecall thismappingmappingfrom statisticsto parameters,the
parameterfunction.Muchresearchin text classi�cationover thelastfew
decadeshasconsistedof manualeffortsto identify betterparameterfunc-
tions. In this paper, we proposeanalgorithmfor automaticallylearning
this function from relatedclassi�cationproblems.Theparameterfunc-
tion found by our algorithmthende�nes a new learning algorithm for
text classi�cation,which we canapply to novel classi�cationtasks.We
�nd thatour learnedclassi�er outperformsexistingmethodsonavariety
of multiclasstext classi�cationtasks.

1 Intr oduction
In the multiclasstext classi�cation task,we aregiven a training setof documents,each
labeledas belongingto one of K disjoint classes,and a new unlabeledtest document.
Using the training setasa guide,we mustpredict the most likely classfor the testdoc-
ument. “Bag-of-words” linear text classi�ers representa documentas a vector x of
word counts,and predict the classwhosescore(a linear function of x) is highest,i.e.,
arg maxk∈{1,...,K}

∑n

i=1 θkixi. Choosingparameters{θki} whichgive highclassi�cation
accuracy on testdata,thus,is themainchallengefor lineartext classi�cationalgorithms.
In this paper, we focuson lineartext classi�cationalgorithmsin which theparametersare
pre-speci�edfunctionsof trainingsetstatistics;thatis, eachθki is a functionθki := g(uki)
of some�xed statisticsuki of thetrainingset.Unlikediscriminativelearningmethods,such
aslogistic regression[1] or supportvectormachines(SVMs) [2], whichusenumericalop-
timizationto pick parameters,thelearnersweconsiderperformnooptimization.Rather, in
our technique,parameterlearninginvolvestabulatingstatisticsvectors{uki} andapplying
theclosed-formfunctiong to obtainparameters.Wereferto g, thismappingfrom statistics
to parameters,astheparameterfunction.
Many commontext classi�cation methods—includingthe multinomial and multivariate
Bernoulli event modelsfor naive Bayes[3], the vectorspace-basedTFIDF classi�er [4],
andits probabilisticvariant,PrTFIDF[5]—belongto thisclassof algorithms.Here,picking
a goodtext classi�er from this classis equivalentto �nding the right parameterfunction
for theavailablestatistics.
In practice, researchersoften develop text classi�cation algorithmsby trial-and-error,
guidedby empiricaltestingonreal-world classi�cationtasks(cf. [6, 7]). Indeed,onecould



arguethatmuchof the30-yearhistoryof informationretrieval hasconsistedof manually
trying TFIDF formulavariants(i.e. adjustingtheparameterfunctiong) to optimizeperfor-
mance[8]. Eventhoughthis heuristicprocesscanoftenleadto goodparameterfunctions,
sucha laborioustaskrequiresmuchhumaningenuity, andrisks failing to �nd algorithm
variationsnotconsideredby thedesigner.
In this paper, we considerthe taskof automaticallylearninga parameterfunction g for
text classi�cation. Givena setof exampletext classi�cationproblems,we wish to “meta-
learn”anew learningalgorithm(asspeci�edby theparameterfunctiong), whichmaythen
be appliednew classi�cationproblems.The meta-learningtechniquewe propose,which
leveragesdatafrom a variety of relatedclassi�cationtasksto obtaina goodclassi�er for
new tasks,is thusan instanceof transferlearning; speci�cally, our framework automates
the processof �nding a good parameterfunction for text classi�ers, replacinghoursof
hand-tweakingwith astraightforward,globally-convergent,convex optimizationproblem.
Ourexperimentsdemonstratetheeffectivenessof learningclassi�er forms. In low training
dataclassi�cationtasks,thelearningalgorithmgivenby ourautomaticallylearnedparame-
ter functionconsistentlyoutperformshuman-designedparameterfunctionsbasedon naive
BayesandTFIDF, aswell asexistingdiscriminative learningapproaches.

2 Preliminaries
Let V = {w1, . . . , wn} be a �x ed vocabulary of words, and let X = Z

n and Y =
{1, . . . ,K} betheinput andoutputspacesfor our classi�cationproblem.A labeleddocu-
mentis a pair (x, y) ∈ X × Y, wherex is ann-dimensionalvectorwith xi indicatingthe
numberof occurrencesof wordwi in thedocument,andy is thedocument's classlabel.A
classi�cationproblemis a tuple〈D, S, (xtest, ytest)〉, whereD is adistributionoverX × Y,
S = {(xi, yi)}

M
i=1 is asetof M trainingexamples,(xtest, ytest) is asingletestexample,and

all M + 1 examplesaredrawn iid from D. Givena trainingsetS anda testinput vector
xtest, wemustpredictthevalueof thetestclasslabelytest.
In linear classi�cationalgorithms,we evaluatethe scorefk(xtest) :=

∑

i θkixtesti for as-
signingxtest to eachclassk ∈ {1, . . . ,K} andpick theclassy = arg maxk fk(xtest) with
thehighestscore.In our meta-learningsetting,we de�ne eachθki asthecomponent-wise
evaluationof theparameterfunctiong onsomevectorof trainingsetstatisticsuki:
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Here,eachuki ∈ R
q (k = 1, . . . ,K, i = 1, . . . , n) is a vectorwhosecomponentsare

computedfrom thetrainingsetS (we will provide speci�c exampleslater). Furthermore,
g : R

q → R is theparameterfunctionmappingfrom uki to its correspondingparameter
θki. To illustratethesede�nitions, we show thattwo speci�c casesof thenaive Bayesand
TFIDF classi�cationmethodsbelongto theclassof algorithmsdescribedabove.

NaiveBayes: In themultinomialvariantof thenaive Bayesclassi�cationalgorithm,1 the
scorefor assigningadocumentx to classk is

fNB
k (x) := log p̂(y = k) +

∑n

i=1 xi log p̂(wi | y = k). (2)
The �rst term, p̂(y = k), correspondsto a “prior” over documentclasses,and
the secondterm, p̂(wi | y = k), is the (smoothed)relative frequency of word

1Despitenaive Bayes' overly strongindependenceassumptionsandthus its shortcomingsasa
probabilisticmodelfor text documents,wecannonethelessview naiveBayesassimplyanalgorithm
which makespredictionsby computingcertainfunctionsof the training set. This view hasproved
usefulfor analysisof naiveBayesevenwhennoneof its probabilisticassumptionshold [9]; here,we
adoptthis view, without attachingany particularprobabilisticmeaningto theempiricalfrequencies
p̂(·) thathappento becomputedby thealgorithm.



wi in training documentsof classk. For balancedtraining sets,the �rst term is
irrelevant.Therefore,wehavefNB

k (x) =
∑

i θkixi whereθki = gNB(uki),

uki :=
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, (3)

and

gNB(uki) := log
uki1 + ε

uki3 + nε
(4)

whereε is asmoothingparameter. (ε = 1 givesLaplacesmoothing.)

TFIDF: In theunnormalizedTFIDF classi�er, thescorefor assigningx to classk is

fTFIDF
k (x) :=

∑n

i=1

(

xi|y=k · log 1
p̂(xi>0)

)(

xi · log
1

p̂(xi>0)

)

, (5)

wherexi|y=k (sometimescalledtheaveragetermfrequency of wi) is theaverage
ith componentof all documentvectorsof classk, and p̂(xi > 0) (sometimes
calledthedocumentfrequency of wi) is theproportionof all documentscontaining
wi.2 As before,we write fTFIDF

k (x) =
∑

i θkixi with θki = gTFIDF(uki). The
statisticsvectoris againde�ned asin (3), but this time,

gTFIDF(uki) :=
uki1

uki4

(

log
uki5

uki2

)2

. (6)

Spaceconstraintsprecludea detaileddiscussion,but many otherclassi�cationalgorithms
cansimilarly beexpressedin this framework, usingotherde�nitions of thestatisticsvec-
tors {uki}. Theseincludemostothervariantsof TFIDF basedon differentTF andIDF
terms[7], PrTFIDF[5], andvariousheuristicallymodi�ed versionsof naive Bayes[6].

3 Learning the parameter function
In the last section,we gave two examplesof algorithmsthat obtain their parametersθki

by applyinga function g to a statisticsvectoruki. In eachcase,the parameterfunction
washand-designed,eitherfrom probabilistic(in thecaseof naive Bayes[3]) or geometric
(in thecaseof TFIDF [4]) considerations.We now considertheproblemof automatically
learninga parameterfunctionfrom exampleclassi�cationtasks.In thesequel,we assume
�x edstatisticsvectors{uki} andfocuson �nding anoptimalparameterfunctiong.
In the standardsupervisedlearningsetting,we aregiven a training setof examplessam-
pled from someunknown distributionD, andour goal is to usethe trainingsetto make a
predictionon a new testexamplealsosampledfrom D. By usingthetrainingexamplesto
understandthestatisticalregularitiesin D, wehopeto predictytest fromxtest with low error.
Analogously, theproblemof meta-learningg is againasupervisedlearningtask;here,how-
ever, thetraining“examples”arenow classi�cationproblemssampledfrom a distribution
D over classi�cationproblems.3 By seeingmany instancesof text classi�cationproblems

2Note that (5) implicitly de®nesfTFIDF
k (x) asa dot productof two vectors,eachof whosecom-

ponentsconsistof a productof two terms. In the normalizedTFIDF classi®er, both vectorsare
normalizedto unit lengthbeforecomputingthedotproduct,amodi®cationthatmakesthealgorithm
morestablefor documentsof varying length. This too canberepresentedwithin our framework by
consideringappropriatelynormalizedstatisticsvectors.

3Note that in our meta-learningproblem,the output of our algorithm is a parameterfunction
g mappingstatisticsto parameters.Our training data,however, do not explicitly indicatethe best
parameterfunctiong∗ for eachexampleclassi®cationproblem.Effectively then,in themeta-learning
task, the centralproblemis to ®t g to someunseeng∗, basedon test examplesin eachtraining
classi®cationproblem.



drawn from D , wehopeto learnaparameterfunctiong thatexploits thestatisticalregulari-
tiesin problemsfrom D . Formally, let S = {〈D(j), S(j), (x(j), y(j))〉}m

j=1 beacollection
of m classi�cationproblemssamplediid from D . For a new, testclassi�cationproblem
〈Dtest, Stest, (xtest, ytest)〉 sampledindependentlyfrom D , we desirethatour learnedg cor-
rectly classifyxtest with highprobability.
To achieve our goal,we �rst restrictour attentionto parameterfunctionsg thatarelinear
in their inputs. Using the linearity assumption,we posea convex optimizationproblem
for �nding a parameterfunctiong thatachievessmall losson testexamplesin thetraining
collection.Finally, we generalizeour methodto thenon-parametricsettingvia the“kernel
trick,” thusallowing usto learncomplex, highly non-linearfunctionsof theinputstatistics.

3.1 Softmax learning

Recallthatin softmaxregression, theclassprobabilitiesp(y | x) aremodeledas

p(y = k | x; {θki}) :=
exp(

∑

i θkixi)
∑

k′ exp(
∑

i θk′ixi)
, k = 1, . . . ,K, (7)

wheretheparameters{θki} arelearnedfrom the trainingdataS by maximizingthecon-
ditional log likelihoodof thedata. In this approach,a total of Kn parametersaretrained
jointly usingnumericaloptimization.Here,we consideranalternative approachin which
eachof theKn parametersis somefunctionof theprespeci�edstatisticsvectors;in partic-
ular, θki := g(uki). Ourgoalis to learnanappropriateg.

To poseour optimizationproblem,we startby learningthe linear form g(uki) = ¯ T
uki.

Underthisparameterization,theconditionallikelihoodof anexample(x, y) is

p(y = k | x; ¯ ) =
exp(

∑

i ¯ T
ukixi)

∑

k′ exp(
∑

i ¯ T
uk′ixi)

, k = 1, . . . ,K. (8)

In this setup,one naturalapproachfor learninga linear function g is to maximizethe
(regularized)conditionallog likelihood`(¯ : S ) for theentirecollectionS :

`(¯ : S ) :=
∑m

j=1 log p(y(j) | x(j); ¯ ) − C||¯ ||2

=
m
∑

j=1

log


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(

¯ T ∑

i u
(j)

y( j) i
x

(j)
i

)

∑

k exp
(

¯ T ∑

i u
(j)
ki x

(j)
i

)



− C||¯ ||2. (9)

In (9), thelattertermcorrespondsto aGaussianprior on theparameters̄ , whichprovides
ameansfor controllingthecomplexity of thelearnedparameterfunctiong. Themaximiza-
tion of (9) is similar to softmaxregressiontrainingexceptthathere,insteadof optimizing
over theparameters{θki} directly, weoptimizeover thechoiceof ¯ .

3.2 Nonparametric function learning

In this section,we generalizethetechniqueof theprevioussectionto nonlinearg. By the
RepresenterTheorem[10], thereexistsa maximizingsolutionto (9) for which theoptimal
parametervector¯ ∗ is a linearcombinationof trainingsetstatistics:

¯ ∗ =
∑m

j=1

∑

k α∗
jk

∑

i u
(j)
ki x

(j)
i . (10)

Fromthis,we reparameterizetheoriginal optimizationover ¯ in (9) asanequivalentopti-
mizationover trainingexampleweights{αjk}. For notationalconvenience,let

K(j, j′, k, k′) :=
∑

i

∑

i′ x
(j)
i x

(j′)
i′ (u

(j)
ki )T

u
(j′)
k′i′ . (11)
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Figure1: Distribution of unnormalizeduki vectorsin dmozdata(a) with and(b) without
applyingthelog transformationin (15). In principle,onecouldalternatively usea feature
vectorrepresentationusingthesefrequenciesdirectly, asin (a). However, applyingthelog
transformationyieldsafeaturespacewith fewerisolatedpointsin R

2, asin (b). Whenusing
theGaussiankernel,a featurespacewith few isolatedpointsis importantasthe topology
of thefeaturespaceestablisheslocality of in�uence for supportvectors.

Substituting(10)and(11) into (9), weobtain

`({αjk} : S ) :=
m
∑

j′=1

log


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(

∑m

j=1

∑

k αjkK(j, j′, k, y(j′))
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m
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k

∑
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αjkαj′k′K(j, j′, k, k′). (12)

Notethat(12) is concave anddifferentiable,sowe cantrain themodelusingany standard
numericalgradientoptimizationprocedure,suchasconjugategradientor L-BFGS[11].
The assumptionthatg is a linear functionof uki, however, placesa severerestrictionon
theclassof learnableparameterfunctions.Noting thatthestatisticsvectorsappearonly as
aninnerproductin (11),weapplythe“kerneltrick” to obtain

K(j, j′, k, k′) :=
∑

i

∑

i′ x
(j)
i x

(j′)
i′ K(u

(j)
ki ,u

(j′)
k′i′), (13)

wherethe kernel function K(u,v) =
〈

Φ(u),Φ(v)
〉

de�nes the inner productof some
high-dimensionalmappingΦ(·) of its inputs.4 In particular, choosinga Gaussian(RBF)
kernel,K(u,v) := exp(−γ||u − v||2), givesanon-parametricrepresentationfor g:

g(uki) = ¯ T Φ(uki) =
∑m

j=1

∑

k

∑

i αjkx
(j)
i exp(−γ||u

(j)
ki − uki||

2). (14)

Thus,g(uki) is aweightedcombinationof thevalues{αjkx
(j)
i }, wheretheweightsdepend

exponentiallyonthesquared̀ 2-distanceof uki to eachof thestatisticsvectors{u(j)
ki }. As a

result,we canapproximateany suf�ciently smoothboundedfunctionof u arbitrarilywell,
givensuf�ciently many trainingclassi�cationproblems.

4 Experiments
To validateour method,we evaluatedits ability to learnparameterfunctionson a variety
of email andwebpageclassi�cation tasksin which the numberof classes,K, was large
(K = 10), andthe numberof numberof training examplesper class,m/K, wassmall
(m/K = 2). We usedthe dmozOpenDirectory Projecthierarchy,5 the 20 Newsgroups
dataset,6 theReuters-21578dataset,7 andtheIndustrySectordataset8.

4Note also that as a consequenceof our kernelization,K itself can be considereda ªkernelº
betweenall statisticsvectorsfrom two entiredocuments.

5http://www.dmoz.org
6http://kdd.ics.uci.edu/databases/20newsgroups/20newsgroups.tar.gz
7http://www.daviddlewis.com/resources/testcollections/reuters21578/reuters21578.tar.gz
8http://www.cs.umass.edu/˜mccallum/data/sector.tar.gz



Table1: Testsetaccuracy on dmozcategories.Columns2-4give theproportionof correct
classi�cationsusingnon-discriminative methods:thelearnedg, Naive Bayes,andTFIDF,
respectively. Columns5-7 give the correspondingvaluesfor the discriminative methods:
softmaxregression,1-vs-allSVMs, andmulticlassSVMs. Thebestaccuracy in eachrow
is shown in bold.

Category g gNB gTFIDF softmax 1VA-SVM MC-SVM
Arts 0.421 0.296 0.286 0.352 0.203 0.367

Business 0.456 0.283 0.286 0.336 0.233 0.340
Computers 0.467 0.304 0.327 0.344 0.217 0.387

Games 0.411 0.288 0.240 0.279 0.240 0.330
Health 0.479 0.282 0.337 0.382 0.213 0.337
Home 0.640 0.470 0.454 0.501 0.333 0.440

Kids andTeens 0.252 0.205 0.142 0.202 0.173 0.167
News 0.349 0.222 0.212 0.382 0.270 0.397

Recreation 0.663 0.487 0.529 0.477 0.353 0.590
Reference 0.635 0.415 0.458 0.602 0.383 0.543
Regional 0.438 0.268 0.258 0.329 0.260 0.357
Science 0.363 0.256 0.246 0.353 0.223 0.340

Shopping 0.612 0.456 0.556 0.483 0.373 0.550
Society 0.435 0.308 0.285 0.379 0.213 0.377
Sports 0.619 0.432 0.285 0.507 0.267 0.527
World 0.531 0.491 0.352 0.329 0.277 0.303

Average 0.486 0.341 0.328 0.390 0.264 0.397

Thedmozprojectis ahierarchicalcollectionof webpagelinks organizedby subjectmatter.
Thetop level of thehierarchy consistsof 16 majorcategories,eachof which containssev-
eralsubcategories.To performcross-validatedtesting,weobtainedclassi�cationproblems
from eachof the top-level categoriesby retrieving webpagesfrom eachof their respec-
tive subcategories. For the20 Newsgroups,Reuters-21578,andIndustrySectordatasets,
we performedsimilar preprocessing.9 Givena datasetof documents,we sampled10-class
2-training-examples-per-classclassi�cation problemsby randomlyselecting10 different
classeswithin thedataset,picking2 trainingexampleswithin eachclass,andchoosingone
testexamplefrom arandomlychosenclass.

4.1 Choiceof features

Theoretically, for the methoddescribedin this paper, any suf�ciently rich setof features
couldbeusedto learna parameterfunction for classi�cation. For simplicity, we reduced
thefeaturevectorin (3) to thefollowing two-dimensionalrepresentation,10

uki =

[

log(proportionof wi amongwordsfrom documentsof classk)
log(proportionof documentscontainingwi)

]

. (15)

Note that up to the log transformation,the componentsof uki correspondto the relative
termfrequency anddocumentfrequency of aword relative to classk (seeFigure1).

4.2 Generalizationperformance

We testedour meta-learningalgorithmon classi�cationproblemstaken from eachof the
16 top-level dmoz categories. For eachtop-level category, we built a collectionof 300
classi�cation problemsfrom that category; resultsreportedhereareaveragesover these

9For the Reutersdata,we associatedeacharticle with its hand-annotatedªtopicºlabel anddis-
cardedany articleswith morethanonetopicannotation.For eachdataset,wediscardedall categories
with fewer than50examples,andselecteda500-wordvocabularybasedon informationgain.

10Featureswererescaledto havezeromeanandunit varianceover thetrainingset.



Table2: Crosscorporaclassi�cationaccuracy, usingclassi�erstrainedon eachof thefour
corpora.Thebestaccuracy in eachrow is shown in bold.

Dataset gdmoz gnews greut gindu gNB gTFIDF softmax 1VA-SVM MC-SVM
dmoz n/a 0.471 0.475 0.473 0.365 0.352 0.381 0.283 0.412

20Newsgroups 0.369 n/a 0.371 0.369 0.223 0.184 0.217 0.206 0.248
Reuters-21578 0.567 0.567 n/a 0.619 0.463 0.475 0.463 0.308 0.481
IndustrySector 0.438 0.459 0.446 n/a 0.374 0.274 0.376 0.271 0.375

problems.To assesstheaccuracy of our meta-learningalgorithmfor a particulartestcate-
gory, weusedtheg learnedfrom asetof 450classi�cationproblemsdrawn from theother
15 top-level categories.11 This ensuredno overlapof trainingandtestingdata. In 15 out
of 16 categories,thelearnedparameterfunctiong outperformsnaive BayesandTFIDF in
additionto thediscriminative methodswe tested(softmaxregression,1-vs-allSVMs [12],
andmulticlassSVMs [13]12; seeTable1).13

Next, weassessedtheability of g to transferacrossevenmoredissimilarcorpora.Here,for
eachof thefour corpora(dmoz,20Newsgroups,Reuters-21578,IndustrySector),wecon-
structedindependenttraining andtestingdatasetsof 480 randomclassi�cationproblems.
After trainingseparateclassi�ers(gdmoz, gnews, greut, andgindu) usingdatafrom eachof the
four corpora,we testedtheperformanceof eachlearnedclassi�er on the remainingthree
corpora(seeTable2). Again, the learnedparameterfunctionscomparefavorably to the
othermethods.Moreover, thesetestsshow thatasingleparameterfunctionmaygiveanac-
curateclassi�cationalgorithmfor many differentcorpora,demonstratingtheeffectiveness
of ourapproachfor achieving transferacrossrelatedlearningtasks.

5 Discussionand RelatedWork
In this paper, we presentedan algorithmbasedon softmaxregressionfor learninga pa-
rameterfunctiong from exampleclassi�cationproblems.Oncelearned,g de�nes a new
learningalgorithmthatcanbeappliedto novel classi�cationtasks.
Anotherapproachfor learningg is to modify themulticlasssupportvectormachineformu-
lation of CrammerandSinger[13] in a manneranalagousto themodi�cation of softmax
regressionin Section3.1,giving thefollowing quadraticprogram:

minimize
β∈Rn,ξ∈Rm

1
2 ||¯ ||

2 + C
∑

j ξj

subject to ¯ T ∑

i x
(j)
i (u

(j)

y( j) i
− u

(j)
ki ) ≥ I{k 6=y( j) } − ξj , ∀k, ∀j.

As usual,taking thedual leadsnaturallyto anSMO-like procedurefor optimization. We
implementedthis methodand found that the learnedg, like in the softmaxformulation,
outperformsnaive Bayes,TFIDF, andtheotherdiscriminativemethods.
Thetechniquesdescribedin thispapergiveoneapproachfor achieving inductivetransferin
classi�er design—usinglabeleddatafrom relatedexampleclassi�cationproblemsto solve
a particularclassi�cationproblem[16, 17]. Bennettet al. [18] alsoconsiderthe issueof
knowledgetransferin text classi�cationin thecontext of ensembleclassi�ers,andpropose
a systemfor usingrelatedclassi�cationproblemsto learnthereliability of individual clas-
si�ers within theensemble.Unliketheirapproach,whichattemptsto meta-learnproperties

11For eachexecutionof thelearningalgorithm,(C, γ) parametersweredeterminedvia grid search
usinga small holdoutsetof 160 classi®cationproblems.The sameholdoutsetwasusedto select
regularizationparametersfor thediscriminative learningalgorithms.

12WeusedLIBSVM [14] to assess1VA-SVMs andSVM-Light [15] for multiclassSVMs.
13For larger valuesof m/K (e.g. m/K = 10), softmaxandmulticlassSVMs consistentlyout-

performnaiveBayesandTFIDF; nevertheless,thelearnedg achievesaperformanceonparwith dis-
criminativemethods,despitebeingconstrainedto parameterswhichareexplicit functionsof training
datastatistics. This result is consistentwith a previous study in which a heuristicallyhand-tuned
versionof NaiveBayesattainednear-SVM text classi®cationperformancefor largedatasets[6].



of algorithms,our methodusesmeta-learningto constructa new classi�cationalgorithm.
Thoughnot directly appliedto text classi�cation, Teevan and Karger [19] considerthe
problemof automaticallylearningtermdistributionsfor usein informationretrieval.
Finally, ThrunandO'Sullivan[20] considerthetaskof classi�cationin amobilerobotdo-
main. In thiswork, theauthorsdescribea task-clustering(TC) algorithmin which learning
tasksaregroupedvia a nearestneighborsalgorithm,asa meansof facilitatingknowledge
transfer. A similar conceptis implicit in thekernelizedparameterfunctionlearnedby our
algorithm,wheretheGaussiankernelfacilitatestransferbetweensimilar statisticsvectors.
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