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Abstract

Lineartext classi cationalgorithmswork by computingan inner prod-
uctbetweeratestdocumenvectorandaparametevector In mary such
algorithmsjncludingnaive BayesandmostTFIDF variants theparame-
tersaredeterminedy somesimple,closed-formfunctionof trainingset
statisticswe call thismappingmappingfrom statisticso parameterghe
parameterfunction.Muchresearclin text classi cationoverthelastfew
decadedasconsistedf manualeffortsto identify betterparametefunc-
tions. In this paper we proposean algorithmfor automaticallylearning
this function from relatedclassi cation problems. The parametefunc-
tion found by our algorithmthende nes a new learning algorithm for
text classi cation,which we canapplyto novel classi cationtasks.We

nd thatourlearnedclassi er outperformsexisting methodson a variety
of multiclasstext classi cationtasks.

1 Intr oduction

In the multiclasstext classi cationtask, we are given a training setof documentsgach
labeledas belongingto one of K disjoint classesand a new unlabeledtest document.
Using the training setas a guide, we mustpredictthe mostlikely 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.,

argmaxye gy 2y Orivi- Choosingparametergéy.; } which give high classi cation
accurayg ontestdata,thus,is themainchallengéefor lineartext classi cationalgorithms.

In this paper we focuson lineartext classi cationalgorithmsin which the parametersre
pre-speci edfunctionsof trainingsetstatisticsthatis, eachdy; is afunctionfy; := g(ux;)
of some xed statisticsuy; of thetrainingset.Unlike discriminatize learningmethodssuch
aslogistic regressior{1] or supportvectormachine{SVMs)[2], which usenumericalop-
timizationto pick parameterghelearnersve considemperformno optimization.Ratherin
ourtechnigueparametetearninginvolvestakulating statisticsvectors{uy; } andapplying
theclosed-fornfunctiong to obtainparameterswWe referto g, this mappingfrom statistics
to parametersasthe parameterfunction

Many commontext classi cation methods—includinghe multinomial and multivariate
Bernoulli event modelsfor nave Bayes[3], the vectorspace-based@FIDF classi er [4],
andits probabilisticvariant, PrTFIDF[5]—belongto this classof algorithms.Here picking
a goodtext classi er from this classis equivalentto nding the right parametefunction
for the availablestatistics.

In practice, researcher®ften develop text classi cation algorithmshby trial-and-erroy
guidedby empiricaltestingon real-world classi cationtasks(cf. [6, 7]). Indeedonecould



amguethatmuchof the 30-yearhistory of informationretrieval hasconsistecbf manually
trying TFIDF formulavariants(i.e. adjustingthe parametefunction g) to optimizeperfor

mance[8]. Eventhoughthis heuristicprocessanoftenleadto goodparametefunctions,
sucha laborioustaskrequiresmuch humaningenuity andrisks failing to nd algorithm
variationsnot consideredy the designer

In this paper we considerthe task of automaticallylearninga parametefunction g for
text classi cation. Givena setof exampletext classi cationproblemswe wish to “meta-
learn”anew learningalgorithm(asspeci edby theparametefunctiong), whichmaythen
be appliednew classi cation problems. The meta-learningechniquewe propose which
leveragedatafrom a variety of relatedclassi cationtasksto obtaina goodclassi er for
new tasks,is thusaninstanceof transferlearning speci cally, our framevork automates
the processof nding a good parametefunction for text classi ers, replacinghours of
hand-tweakingvith a straightforvard,globally-corvergent,cornvex optimizationproblem.

Our experimentsdlemonstrat¢he effectivenesof learningclassi er forms. In low training

dataclassi cationtasksthelearningalgorithmgivenby ourautomaticallylearnedparame-
ter function consistentlyoutperformshuman-designegarametefunctionsbasedon naive

Bayesand TFIDF, aswell asexisting discriminatve learningapproaches.

2 Preliminaries

LetV = {wy,...,w,} bea xedvocahlary of words,andlet ¥ = Z"™ and) =
{1,..., K} betheinputandoutputspacedor our classi cationproblem.A labeleddocu-
mentis a pair (x,y) € X x Y, wherex is ann-dimensionalectorwith z; indicatingthe
numberof occurrencesf word w; in thedocumentandy is thedocument classlabel. A
classi cation problemis atuple (D, S, (Xtest, Ytest)), WhereD is adistribution over X’ x ),
S = {(xs,y:)} M, isasetof M trainingexamples|xe, ytes) iS asingletestexample,and
all M + 1 examplesaredrawn iid from D. GivenatrainingsetS anda testinput vector
Xtest, We Mustpredictthevalueof thetestclasslabelytes.

In linear classi cation algorithms,we evaluatethe score fi, (xtest) := Y, OriXreq; fOr as-
signingxe to eachclassk € {1, ..., K} andpick theclassy = arg max;, fi(Xwest) With
the highestscore.In our meta-learningetting,we de ne eachd,; asthe component-wise
evaluationof the parametefunction g on somevectorof trainingsetstatisticsu;:

Or1 g(ur1)
Or2 g(ur2)
Cl= 0 (1)
gkn g(ukn)
Here,eachuy; € R? (k = 1,...,K,i = 1,...,n) is a vectorwhosecomponentsare

computedrom thetraining setS (we will provide speci ¢ exampleslater). Furthermore,
g : R? — R is the parameterfunctionmappingfrom uy; to its correspondingparameter
0x;. Toillustratethesede nitions, we shav thattwo speci ¢ casesf the naive Bayesand
TFIDF classi cationmethodsbelongto the classof algorithmsdescribedabove.

Naive Bayes: In themultinomialvariantof the naive Bayesclassi cationalgorithm the
scorefor assigninga documentx to classk is

FRB(x) ==logp(y = k) + 31, @ log p(w; | y = k). (2)

The rst term, p(y = k), correspondgo a “prior” over documentclassesand

the secondterm, p(w; | y = k), is the (smoothed)elative frequeng of word

!Despitenaive Bayes' overly strongindependencassumptionsind thusits shortcomingsas a
probabilisticmodelfor text documentswe cannonethelessiew naive Bayesassimply analgorithm
which makes predictionsby computingcertainfunctionsof the training set. This view hasproved
usefulfor analysisof naive Bayesevenwhennoneof its probabilisticassumptionsold [9]; here,we
adoptthis view, without attachingary particularprobabilisticmeaningto the empiricalfrequencies
p(+) thathapperto be computedby thealgorithm.



w; in training documentof classk. For balancedraining sets,the rst termis
irrelevant. Thereforewe have fNB(x) = Y~ 0y;2; wheredy,; = gng(ux;),

Uil numberof timesw; appearsn document®f classk
Upi2 numberof document®f classk containingw;
Uy = |uriz| = total numberof wordsin document®f classk , (3)
Upid total numberof document®f classk
Ukis total numberof documents
and
Uil + €

(4)

uy;) = log ——
gNB( kl) gukingne

wheree is asmoothingparameter(s = 1 givesLaplacesmoothing.)
TFIDF: IntheunnormalizedT FIDF classi er, the scorefor assigningx to classk is

AP ) = S (il los ytsey ) (o los gty ). B)

wherez; |,— (Sometimesalledthe averagetermfrequeng of w;) is theaverage
ith componentof all documentvectorsof classk, andp(xz; > 0) (sometimes
calledthedocumenfrequeng of w;) is theproportionof all documentgontaining
w;.2 As before,we write fI7PF(x) = 3, Ox;z; with 0, = grrpor(ug;). The

statisticsvectoris again de ned asin (3), but thistime,

2
Uk Uki5
gTFIDF(uIm‘) = kil (108; L) . (6)

Ui Uki2

Spaceconstraintgrecludea detaileddiscussionput mary otherclassi cationalgorithms
cansimilarly be expressedn this framawvork, usingotherde nitions of the statisticsvec-
tors {uy; }. Theseinclude mostothervariantsof TFIDF basedon different TF and IDF
terms[7], PrTFIDF[5], andvariousheuristicallymodi ed versionsof naive Bayes[6].

3 Learning the parameter function

In the last section,we gave two examplesof algorithmsthat obtaintheir parameter#,,;
by applyinga function g to a statisticsvectoruy;. In eachcase,the parametefunction
washand-designedsitherfrom probabilistic(in the caseof naive Bayes[3]) or geometric
(in the caseof TFIDF [4]) considerationsWe now considerthe problemof automatically
learninga parametefunctionfrom exampleclassi cationtasks.In the sequelwe assume
x edstatisticsvectors{uy; } andfocuson nding anoptimalparametefunctiong.

In the standardsupervisedearningsetting,we are given a training setof examplessam-
pledfrom someunknawn distribution D, andour goalis to usethe training setto make a
predictionon a new testexamplealsosampledrom D. By usingthetrainingexamplesto
understandhestatisticalregularitiesin D, we hopeto predictyeg from xq With low error.

Analogouslytheproblemof meta-learning is againasupervisedearningtask;here how-
ever, thetraining “examples”arenow classi cationproblemssampledrom a distribution
2 over classi cation problems® By seeingmary instance®f text classi cationproblems

Notethat(5) implicitly de®nesjfl"PF(x) asa dot productof two vectors,eachof whosecom-
ponentsconsistof a productof two terms. In the normalizedTFIDF classi®er both vectorsare
normalizedo unit lengthbeforecomputingthe dot product,a modi®cationthatmakesthe algorithm
morestablefor documentof varying length. This too canbe representeavithin our framework by
consideringappropriatelynormalizedstatisticsvectors.

3Note that in our meta-learningoroblem, the outputof our algorithmis a parametefunction
g mappingstatisticsto parameters.Our training data, however, do not explicitly indicatethe best
parametefunctiong™ for eachexampleclassi®catiorproblem.Effectively then,in themeta-learning
task, the central problemis to ®t g to someunseeng’, basedon testexamplesin eachtraining
classi®catiorproblem.



drawvn from 2, we hopeto learnaparametefunctiong thatexploits thestatisticalregulari-
tiesin problemsfrom 2. Formally, let . = {(DW), 5U) (x(), (1))} m | beacollection
of m classi cation problemssampledid from 2. For a new, testcla55| cationproblem
(Drest, Stests (Xtest; Ytest)) S@mMpledndependentlfrom 2, we desirethatour learnedg cor-
rectly classifyxg With high probability

To achiere our goal,we rst restrictour attentionto parametefunctionsg thatarelinear
in their inputs. Using the linearity assumptionwe posea corvex optimizationproblem
for nding aparametefunctiong thatachiezessmalllossontestexamplesin thetraining
collection. Finally, we generalizeour methodto the non-parametrisettingvia the “k ernel
trick,” thusallowing usto learncomple, highly non-linearfunctionsof theinput statistics.

3.1 Softmaxlearning

Recallthatin softmaxregressionthe classprobabilitiesp(y | x) aremodeledas

p(y =k | x;{0ki}) := exp(2; Onis) k=1,...,K, @

Zk" eXp(Zi 8k/ixi) ’
wherethe parameterddy;} arelearnedfrom thetraining dataS by maximizingthe con-
ditional log likelihoodof the data. In this approacha total of K'n parametersaretrained
jointly usingnumericaloptimization. Here,we consideran alternatve approachn which

eachof the K'n parametergs somefunctionof the prespeci edstatisticsvectors;in partic-
ular, 0x; := g(uy;). Ourgoalis to learnanappropriatey.

To poseour optimizationproblem,we startby learningthelinear form g(uy;) = "y,
Underthis parameterizatiorthe conditionallik elihoodof anexample(x, y) is

—T
— ex . Ug; 25
p(y=k|X ): p(zz —Tk ) y k‘Zl,
> wexp(d T upw)

In this setup,one naturalapproachfor learninga linear function g is to maximizethe
(regularized)conditionallog likelihood/(™ : .#) for theentirecollection.”:

() = logp(yD | xD)T) = CIT |7

m exp Zz EJZ ; EJ)
= log (o - ()) e ©)
= >k €XP ( > ufad )

In (9), thelattertermcorresponds$o a Gaussiarprior on the parameters , which provides
ameandor controllingthe compleity of thelearnedparametefunctiong. Themaximiza-
tion of (9) is similar to softmaxregressiortraining exceptthathere,insteadof optimizing
overthe parameterg6,;} directly, we optimizeoverthechoiceof

e 8)

3.2 Nonparametric function learning

In this section,we generalizehe techniqueof the previous sectionto nonlinearg. By the
RepresenteFheoren(10], thereexistsa maximizingsolutionto (9) for which the optimal
parametewvector * is alinearcombinationof training setstatistics:

BRED DD DRI SRS (10)

Fromthis, we reparameterizéhe original optimizationover  in (9) asanequialentopti-
mizationover trainingexampleweights{«  }. For notationalcornveniencelet

K. g koK) o= 30, Y el () Tall). (11)
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Figurel: Distribution of unnormalizeduy; vectorsin dmozdata(a) with and(b) without
applyingthelog transformatiorin (15). In principle, onecould alternatvely usea feature
vectorrepresentationsingthesefrequenciedlirectly, asin (a). However, applyingthelog
transformatioryieldsafeaturespacewith fewerisolatedpointsin R2, asin (b). Whenusing
the Gaussiarkernel,a featurespacewith few isolatedpointsis importantasthe topology
of thefeaturespaceestablishetocality of in uence for supportvectors.

Substituting(10) and(11) into (9), we obtain
m exp Zm:l Zk O‘jklc(jﬂj/’ k, y(j/))
(i} : )= log (= = — )
=1 Zk/ €xp (Z_j:l Zk O‘jklc(%]/; k, kl))

m m
_CZZzzajkaj’k’lc(jvjlvkvk/)' (12)
j=1j'=1 k K
Notethat(12) is concae anddifferentiable sowe cantrain the modelusingary standard
numericalgradientoptimizationproceduresuchasconjugategradientor L-BFGS[11].

The assumptiorthat g is a linear function of uy;, however, placesa severerestrictionon
the classof learnablgparametefunctions.Noting thatthe statisticsvectorsappearonly as
aninnerproductin (11), we applythe“k erneltrick” to obtain

KGd' k) = 35 S e K (] ul), (13)
wherethe kernelfunction K (u,v) = (®(u),®(v)) de nes the inner productof some
high-dimensionamapping®(-) of its inputs# In particular choosinga Gaussiar(RBF)
kernel,K (u,v) := exp(—v||/u — v||?), givesanon-paametricrepresentatiofor g:

g(ug) =T d (k) = 20, Y X agpr exp(—y|[ufl) —ul?). (14)
Thus,g(uyg;) is aweightedcombinatiorof thevalues{ajk,azgj)}, wheretheweightsdepend

exponentiallyonthesquareds-distanceof uy; to eachof thestatisticwectors{ug) }. Asa
result,we canapproximateary sufciently smoothboundedunctionof u arbitrarily well,
givensufciently mary trainingclassi cationproblems.

4 Experiments

To validateour method,we evaluatedits ability to learnparametefunctionson a variety
of email andwebpageclassi cationtasksin which the numberof classes K, waslarge
(K = 10), andthe numberof numberof training examplesper class,m /K, wassmall
(m/K = 2). We usedthe dmoz OpenDirectory Projecthierarcly,® the 20 Newsgroups
datasef the Reuters-21578atasef, andthe IndustrySectordataset.

“Note also that as a consequencef our kernelization, K itself can be considereda 2kernel®
betweenrall statisticsvectorsfrom two entiredocuments.

Shttp:/iww.dmoz.og

Shttp://kdd.ics.uci.edu/databases/2@agroups/20nesgroups.tagz

"http://www daviddlewis.com/resources/testcollections/reuters21578/reuters21538.tar

8http:/ivww.cs.umass.edu/ mccallum/data/setaogz



Tablel: Testsetaccurag on dmozcateories.Columns2-4 give the proportionof correct
classi cationsusingnon-discriminatre methods:the learnedg, Naive Bayes,and TFIDF,
respectrely. Columns5-7 give the corresponding/aluesfor the discriminatve methods:
softmaxregression,1-vs-all SVMs, andmulticlassSVMs. The bestaccurag in eachrow
is shavn in bold.

Category g gNB JTFIDF 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 ahierarchicakollectionof webpagdinks organizedby subjectmatter
Thetop level of the hierarcly consistf 16 major catgories,eachof which containssev-
eralsubcatgories.To performcross-alidatedtesting,we obtainedclassi cationproblems
from eachof the top-level catgyoriesby retrieving webpagegrom eachof their respec-
tive subcatgories. For the 20 Newsgroups Reuters-21578and Industry Sectordatasets,
we performedsimilar preprocessing.Given a datasebf documentsywe sampledL0-class
2-training-examples-peclassclassi cation problemsby randomlyselecting10 different
classesvithin thedatasetpicking 2 trainingexampleswithin eachclass,andchoosingone
testexamplefrom arandomlychoserclass.

4.1 Choiceof features

Theoretically for the methoddescribedn this paper ary sufciently rich setof features
could be usedto learna parametefunctionfor classi cation. For simplicity, we reduced
thefeaturevectorin (3) to thefollowing two-dimensionatepresentatiof?

s — log(proportionof w; amongwordsfrom document®f classk)

ki log(proportionof documentgontainingw; ) (15)

Note that up to the log transformationthe component®f uy; correspondo the relative
termfrequeny anddocumenfrequeng of aword relative to classk (seeFigurel).

4.2 Generalization performance

We testedour meta-learningalgorithmon classi cation problemstaken from eachof the
16 top-level dmoz categories. For eachtop-level cateyory, we built a collection of 300
classi cation problemsfrom that cateyory; resultsreportedhereare averagesover these

For the Reutersdata,we associategacharticle with its hand-annotate&topic®label and dis-
cardedary articleswith morethanonetopic annotationFor eachdatasetywe discardedll categyories
with fewer than50 examples andselecteda 500-word vocahulary basedn informationgain.

PFeaturesvererescaledo have zeromeanandunit varianceover thetraining set.



Table2: Crosscorporaclassi cationaccurag, usingclassi erstrainedon eachof thefour
corpora.Thebestaccurag in eachrow is shavn in bold.

Dataset | gdmoz  Gnews  Jreut  Jindu gNB  JTFIDF | 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 assesshe accuray of our meta-learninglgorithmfor a particulartestcate-
gory, we usedthe g learnedfrom a setof 450classi cationproblemsdravn from the other
15 top-level categories™ This ensurecho overlapof training andtestingdata. In 15 out
of 16 catagyories,thelearnedparametefunction g outperformsnaive BayesandTFIDF in

additionto the discriminative methodswe tested(softmaxregression1-vs-allSVMs [12],

andmulticlassSVMs [13]*?; seeTable1).3

Next, we assessetheability of g to transferacrossvenmoredissimilarcorpora.Here,for
eachof thefour corpora(dmoz,20 NewsgroupsReuters-21578ndustrySector) we con-
structedindependentraining andtestingdataset®f 480 randomclassi cation problems.
After training separatelassi ers(gamoz, gnews: greut» @Ndgingu) Usingdatafrom eachof the
four corpora,we testedthe performanceof eachlearnedclassi er on the remainingthree
corpora(seeTable2). Again, the learnedparametefunctionscomparefavorably to the
othermethods Moreover, thesetestsshav thata singleparametefunctionmaygive anac-
curateclassi cationalgorithmfor mary differentcorpora,demonstratinghe effectiveness
of ourapproacHor achierzing transferacrosselatedlearningtasks.

5 Discussionand Related Work

In this paper we presentedan algorithm basedon softmaxregressionfor learninga pa-
rameterfunction g from exampleclassi cation problems.Oncelearned,g de nes a new
learningalgorithmthatcanbe appliedto novel classi cationtasks.

AnotherapproactHor learningg is to modify the multiclasssupportvectormachineformu-
lation of Crammerand Singer[13] in a manneranalagougo the modi cation of softmax
regressiorin Section3.1, giving thefollowing quadratigprogram:
e . 11—
Jinimize |7 |* + C ;¢

subject to Y, :EE]) (u?(j(})l

—ul) 2T 0y — & VRV
As usual,taking the dual leadsnaturallyto an SMO-like procedureor optimization. We
implementedhis methodand found that the learnedg, like in the softmaxformulation,

outperformaaive Bayes,TFIDF, andthe otherdiscriminatize methods.

Thetechniqueslescribedn this papergive oneapproacHor achievzing inductivetransferin
classi er design—usindabeleddatafrom relatedexampleclassi cationproblemso solve
a particularclassi cationproblem[16, 17]. Bennettet al. [18] alsoconsiderthe issueof
knowledgetransferin text classi cationin the context of ensemblelassi ers,andpropose
asystemfor usingrelatedclassi cationproblemsto learnthereliability of individual clas-
si ers within theensembleUnlike theirapproachyhich attemptdo meta-learmproperties

"For eachexecutionof thelearningalgorithm,(C, ) parametersveredeterminedia grid search
usinga small holdoutsetof 160 classi®cationproblems. The sameholdoutsetwas usedto select
regularizationparametersor the discriminative learningalgorithms.

2\We usedLIBSVM [14] to assesd VA-SVMs andSVM-Light [15] for multiclassSVMs.

3For larger valuesof m/K (e.g. m/K = 10), softmaxand multiclassSVMs consistentlyout-
performnaive Bayesand TFIDF; neverthelessthelearnedy achiezesa performancen parwith dis-
criminative methodsdespitebeingconstrainedo parametersvhich areexplicit functionsof training
datastatistics. This resultis consistentwith a previous studyin which a heuristicallyhand-tuned
versionof Naive BayesattainednearSVM text classi®catiorperformancdor large dataset$6].



of algorithms,our methodusesmeta-learningo constructa new classi cationalgorithm.
Thoughnot directly appliedto text classi cation, Teevan and Karger [19] considerthe
problemof automaticallearningtermdistributionsfor usein informationretrieval.

Finally, ThrunandO'Sullivan[20] considerthetaskof classi cationin amobilerobotdo-
main. In this work, theauthorsdescribeatask-clusterindTC) algorithmin whichlearning
tasksaregroupedvia a nearesheighborsalgorithm,asa meansof facilitating knowledge
transfer A similar concepts implicit in the kernelizedparametefunctionlearnedby our
algorithm,wherethe Gaussiarkernelfacilitatestransferbetweersimilar statisticsvectors.
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