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Abstract

We introducethe framework of recall systems
for ef�cient learningand retrieval of categories
whenthenumberof categoriesis large.A recall-
systemhere is a simple feature-basedinterme-
diate �ltering step which reducesthe potential
categories for an instanceto a small manage-
ableset.Thecorrectcategoriesfrom this setcan
then be determinedusing traditional classi�ers.
We presenta formalizationof theindex learning
problemandestablishNP-hardnessandapproxi-
mationhardness.We proceedto giveanef�cient
heuristicfor learningindices,andevaluateit on
several large datasets. In our experiments,the
index is learnedwithin minutes,andreducesthe
numberof categoriesby severalordersof magni-
tude,without affecting the quality of classi�ca-
tion overall.

1 Intr oduction
A coreproblemin machinelearningandarti�cial intelli-
genceis to recognizeinto which of many candidatecate-
goriesa given instancefalls. This problemhasmany nat-
ural applications,including: (1) categorizing web pages
into the Yahoo! topic hierarchy (http://dir.yahoo.com)
[LYW+ 05, GM98], (2) predictingwordsor modelinglan-
guage[Goo01, EZR00], and(3) determiningthevisualcat-
egoriesfor imagetaggingandobjectrecognition[WLW01,
FP03]. Beyondthenaturalclassi�cationformulation,these
exampleapplicationsshareanothercrucial property: the
numberof traininginstancesis very largeor practicallyun-
bounded,and the numberof categoriescanbe extremely
largeaswell. This leadsto challengesin ensuringthatboth
learningof categoriesandcategorizationof itemsbe ef�-
cientin their usageof timeandspace.

In this paper, we proposea solutionapproachwe termre-
call system. A recallsystemis basedonintroducinga layer
of indirection betweeninstancesand categories, namely
features. The numberof useful featuresis signi�cantly

smallerthanthe numberof instances.We usesupervised
learningto learn an index, i.e., a mappingfrom features
to categories, from training examplesthat consistof in-
stanceslabeledwith correctapplicablefeaturesandcate-
gories.Whenretrieving categoriesfor an instance,the re-
call systemwill returnall thecategoriesindexedby at least
oneof theinstance's features.

As a result,a recall systemwill have very few falsenega-
tives,but may have morefalsepositives. In otherwords,
the focus is on excellent recall, while allowing for worse
precision.In orderto improve precision,therecallsystem
can then be usedwithin a recognition system, which ap-
pliesmorespeci�c classi�ersto all categoriesreturnedby
the recall system,in orderto narrow down the numberof
categoriesthewholesystemreturns.Figure1 givesa high
level overview of asimplerecallandrecognitionsystem.

In Sec.2, we formally de�ne the index learningproblem,
and establishboth NP-hardnessand approximationhard-
ness.Wethenpresentasimpleandef�cient heuristicwhich
learnsan index in an online mistake-driven manner, and
show its convergencein an ideal setting. Sec.3 describes
thedatasetwe usefor the experimentalevaluationof our
algorithm,andpresentsthe experimentalresults. We test
our framework both for text categorizationand for word
prediction[LYRL04, EZR00]. Word predictionin particu-
lar hasthousandsof categoriesandpracticallyunbounded
instances,and thus demonstratesthe potentialof the ap-
proachfor making massive discriminative learningfeasi-
ble. Text categorizationis attractive asa testbedbecause
the choice of featuresis generallyagreedon (see,e.g.,
[LYRL04]). In addition,muchtraining datais now often
available.We �nd that learningtheindex is relatively fast,
on the order of minutesfor thousandsof categoriesand
hundredsof thousandsof instances.(On the other hand,
standardtrainingof all theclassi�erswould takeon theor-
der of hoursor days.) The recall systemsigni�cantly ac-
celeratestraining,asit tendsto reducethenumberof clas-
si�ers to be updatedfrom hundredsor thousandsto tens.
Theaccuracy achieved is similar to whenthesameonline
learnersaretrainedon all instances.In Sec.4 we discuss
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relatedwork, andconcludein Sec.5.

2 Indexing Categories

An ideal recall system,whenpresentedwith an instance,
will quickly reducethesetof possiblecategoriesto a few
without loosingthe right categories. Our recall systemis
realizedby aninvertedindex which mapseachfeatureto a
setof zeroor morecategories.

We saya featureis active in an instanceif it haspositive
value. In this paper, for learningthe index (and not the
classi�ers), we treat featuresas boolean,either active or
not. An instancebelongsto oneor morecategories. Let
v[i ] denotethevalueof featurei in vectorv. An instancex
maybeviewedasapairhFx ; Yx i , whereFx denotestheset
of featuresactive in x, andYx 6= ; thesetof categoriesx
belongsto. S is a �nite setor an in�nite sequenceof such
instances.Weuse~Yx to denoteasetof candidatecategories
calculatedfor instancex by arecallsystem.

It is helpful to view anindex asabipartitegraphof features
andcategories(Fig.1). Thereis anedgeconnectingfeature
f andcategory c if f f mapsto c in theindex. Let C(f ) be
thesetof categoriesthatfeaturef mapsto. Then,therecall
system,on input x, retrieves the set ~Yx =

S
f 2 F x

C(f ).
Thus,theindex implementsa disjunctionconditionfor the
retrieval of eachcategory, meaningthat if a category c is
indexedby featuresf andf 0, thenc is retrievedwhenever
at leastoneof f or f 0 is active: f 2 Fx or f 0 2 Fx .

Theexecutioncycleof asimplerecallandrecognitionsys-
tem at a high level is given in Fig. 1. We seeka system
which on averagequickly outputsan approximateset of
categories ~Yx with thepropertythat: (1) Yx � ~Yx , and(2)
j ~Yx n Yx j is small. Furtherprocessingmay then be per-
formedon x and ~Yx , for examplesorting or ranking ~Yx .
In this paper, (binary)classi�erscorrespondingto thecat-
egoriesin ~Yx areappliedto the instanceto moreprecisely
determinethecategoriesof theinstance.Thebinaryclassi-
�ers mayalsobetrainedwhile learningtheindex. Notethat
the recall systemimposesa distribution on the instances
presentedto the learningalgorithmsof eachcategory. In

orderto be ableto learnthe classi�erswithin the system,
they themselves have to be online, as that is the way in
which instanceswill be presentedto them. Thus,Percep-
tronandWinnow [Ros58, Lit88], amongothers,arenatural
choicesfor step5 in Fig. 1.

2.1 ProblemFormulation and Complexity

A �rst questionis the computationalcomplexity of the
problem: are thereef�cient algorithmswhich, given any
probleminstance,can�nd an index that doeswell on the
training set? A probleminstancehereis a �nite setS of
(training)instances,hFx ; Yx i , speci�edby featuresandtrue
categoriesfor eachinstance.

In orderto evaluatethequalityof acomputedindex, weuse
the following notation. Let � � (x) denotethe setof false
negativecategoriesoninstancex, i.e., thesetof all truecat-
egoriesmissedby theindex onx: � � (x) = Yx n ~Yx . Sim-
ilarly, let � + (x) denotethesetof falsepositive categories
retrieved by the index on instancex: � + (x) = ~Yx n Yx .
The falsenegative count is the total numberof falseneg-
atives for all instances:� � =

P
x 2 S j� � (x)j; similarly,

thefalsepositivecountis � + =
P

x 2 S j� + (x)j. Wede�ne
a (� � ; � + )-index (on a �nite trainingset)asan index with
� � � � � and� + � � + . Thedecisionproblemis: givena
�nite setS of traininginstancesanddesiredthresholds� �

and� + , is therean(� � ; � + )-index?

Theorem2.1 Givena learning problemwith instanceset
S aswell asthresholds� � and� + , let � �

+ betheminimum
fp-count in an index with fn-countat most � � . For any
� > 0: (1) it is NP-hard to computean(� � ; � + )-index with
� + < � �

+ (1 � � ) ln B with B beingthemaximumnumber
of instancesto which a feature belongs;(2) it is NP-hard
to computean (� � ; � + )-index with � + < � �

+ (k � 1 � � )
with k � 3 beingthe maximumnumberof featuresin an
instance.

Proof. We give a reductionfrom theSET COVER problem
[GJ79]. An instanceI of SET COVER consistof asetU =
f e1; : : : ; en g of elementsanda setS = f S1; : : : ; Sm g of
subsetsof U. Thegoal is to �nd a smallestsubsetS0 � S



Original Instances

Extra Instances

f1

f

x1

x

Features

c

c

2

1

n
m

Figure2: Reductionof minimumsetcover problemto the
(0,� + )-index problem.

suchthat
S

Si 2S 0 = U. Given a SET COVER instanceI ,
weconstructaninstanceof theindexing problemwith only
two categoriesc1 andc2 suchthat thereis a SET COVER

solutionof sizeC for I if f thereis a (0; � + )-index with fp-
count � + = C. Thereis onefeaturef i correspondingto
eachsetSi 2 S, for a total of m features.Thereis also
one instancex j for eachelementej 2 U (1 � j � n),
andx j containsfeaturef i (x j is connectedto f i ) if f the
elementej belongsto thesetSi . Theseinstances,calledthe
“original instances”,belongto bothcategoriesc1 andc2. In
addition,therearem “extra” instances,onefor eachset(or
eachfeature).Eachof theseextra instancescontainsonly
thefeatureit correspondsto, andbelongsonly to category
c2 (seeFig. 2).

We will be concernedonly with indiceswith an fn-count
of 0. First, note that for any suchindex in this indexing
problem,every featurein the index mustbe connectedto
c2, asc2 mustberetrievedfor all theinstances.Now, if the
SET COVER instancehasa coverof sizeC, thentheindex
in which only thecorrespondingfeaturesareconnectedto
c1 hasan fp-countof C on theextra instances(only C of
the extra instancesincur a falsepositive cost), for a total
fp-countof C. Theconversecanalsobeveri�ed to betrue:
if thereis anindex with fp-countC, thentheremustexist a
correspondingcoverof sizeC.

Relaxing� � to bepositivedoesnotmaketheproblemeas-
ier: onecanaddextrainstancesthatcannotbecovered.Re-
laxing � + to be greaterdoesnot make the problemeasier
either: onecanaddextra categoriesandinstancesto each
featurein thereduction.

It is known [Fei98, Tre01] thatapproximatingSET COVER

instanceswith setsizesboundedby B to within a factorof
(1� � ) ln B is NP-hard.Also,Dinur etal. [DGKR03] show
that approximatingSET COVER instancesin which every
elementbelongsto at mostk sets(for k � 3) to within a
factorof k � 1 � � is NP-hard.Fromthesetwo result,the
theoremfollows immediately. 2

Empirically, in high dimensionalproblems,thenumberof
featuresis largeandin facttheproblemsareoftencloserto
beingunder-constrained.And we really seekindicesthat
have adequategeneralization, and not just perform well
on the given training set. For a �x ed index, let the fn-
rate and the fp-rate be the expectationsof j� � (x)j and
j� + (x)j: fn-rate = Ex � X j� � (x)j = Ex � X jYx n ~Yx j,
fp-rate= Ex � X j� + (x)j = Ex � X j ~Yx n Yx j; wherex � X
meansdrawing instancex from distribution X , andE de-
notestheexpectation.A goodindex haslow fn andfp rates.
Wewill seein Sec.3 thatouralgorithmspresentednext ef-
�ciently �nd goodindiceson realdatasets.A goodques-
tion is whetheronecancharacterizerealisticproblemsad-
equatelysothatwe canbetterexplain theobservationsthat
suf�ciently goodindicesexist andcanbefoundquickly.

2.2 Algorithms

In light of the approximationhardnessresults proved
above, for the rest of the paper, we focus on a fast and
simpleheuristic,andevaluateits performancein practice.
The index is learnedby the indexer algorithm shown in
Fig.2.2.Theindexeralgorithmhastwo parameters,atoler-
ance� � 0 andalearningrater > 1. It maintains,for each
category c, a sparsevectorvc of featureweights. These
vectorsareinitialized to beall 0. In eachiteration,we will
have a temporaryindex, in which a category is indexedby
thosefeatureswhoseweightsin thecategoryvectorexceed
a speci�ed inclusion thresholdg. That is, c 2 C(f i ) if f
vc[i ] > g.

Whenaninstancex causesafalsenegativeor falsepositive,
the indexer calls an updatesubroutine. In the caseof a
falsenegativec 2 � � (x), all featuresof theinstancex are
promoted: their vectorentriesvc[i ] aremultiplied by the
learningrater . This aggressive rule follows our intent to
ensuregoodrecall,i.e., few falsenegatives.Falsepositives
c 2 � + (x) only trigger an updateif the numberof false
positivesexceedsthethegiventhreshold(� + (x) > � ), in
which caseall featuresf i 2 Fx aredemoted, by reducing
their weightsfor all falsepositive categoriesc by a factor
of r . Afterwards, the index is updatedaccordingto the
thresholdg, i.e.,edgesareremovedor inserted.

Given that the updaterules aremultiplicative, we needa
specialrule for the �rst promotionof a feature. Our ex-
perimentssuggestthat initializing a featuref i 's weight to
1=df(i ), wheredf(i ) is featurei 's “documentfrequency”
(the numberof instancesin which the featurehas been
seenso far) is a signi�cantly betterchoicethanusingunit
weights.Hence,all our experimentsusethis initialization.
Themeasureis relatedto thecommontfidf weightingand
its variants[LYRL04]; weareusingit herenotto weighthe
featuresin thedocuments,but asa biasin initializing fea-
tureweightsin thecategoryvectors.Thenormalizationby
the max featureweight (step2 in Update)guaranteesthat



Algorithm Indexer( S, � , r , g)
1. Begin with an empty index:

8f 2 F ; C(f )  ; , and 8c 2 C; vc  ~0
2. For each instance x in the sample S:

2.1 Retrieve categories:
S

f i 2 F x
C(f i )

2.2 Promote for each false negative
category c 2 � � (x):

Update( x, c, r , g)
2.3 If fp count exceeds tolerance � ,

then demote for each false positive
category c 2 � + (x):

Update( x, c, 1=r, g)
2.4 For each of the retrieved

categories, apply their classifiers;
update the classifiers as necessary.

Subroutine Update( x, c, r , g)
1. For every feature f i 2 Fx ,

If ( vc [i ] is 0, and r > 1),
then vc [i ]  1=df (i ),
else vc [i ]  vc [i ] � r

2� . Max normalize vc : 8i , vc [i ]  vc [ i ]
max j vc [ j ]

3. Update index for c so this condition
holds again: c 2 C(f i ) iff vc [i ] > g

Figure3: TheIndexer algorithmfor computinganindex. S is a
setof traininginstances,� > 0 is a toleranceonthefalsepositive
count, r > 1 is the learningrate, and g > 0 is the inclusion
threshold.

every category, onceseenduringtraining,is indexedby at
leastonefeature,andmaybeespeciallybene�cial for rare
categories.However, in our experiments,we havenot seen
it impacttheaveragerecall(or thefalsenegativerate).We
seeit asoptionalandleave it in thedescriptionof thealgo-
rithm, asin ourexperimentsit wasperformedby default.

2.3 Running Time and Convergence

TheupdatesubroutinetakestimeO(jxj + jvcj)1. Notethat
thealgorithmis presentedconceptually;we implementin-
dividualoperationsef�ciently . Forexample,in step1 of the
indexeralgorithm,wemaynotknow thenumberof features
or categoriesa priori, andsodo not initialize valueexplic-
itly. Similarly, in steps1 and2 of the updateroutine,the
algorithmonly goesthroughthefeaturesthatareexplicitly
givenin Fx andvc. Theindex is implementedby a doubly
linkedlist of features,andtherearepointersfrom features
active in vc to their entriesin theindex. Thus,step3 takes
time O(jvc j) aswell. The indexer algorithmhasbeende-
signedintentionallyto besimpleandfast,leaving thetask
of moreaccurateclassi�cationto theclassi�ers.

The indexer algorithmis guaranteedto convergeto a per-
fect(0; 0)-index if oneexistsandtoleranceis setto 0. Here,
weassumetheonlinesetting,whereinstancesarepresented

1If a sparsevectorrepresentationis usedfor vc , andthemax
normalizationstep is removed, then the updatecan be imple-
mentedin time O(jxj).

oneafteranother. A featuref is “pure” for acategoryc, if,
wheneveraninstancecontainsf , thentheinstancebelongs
to categoryc. Thus,a purefeatureis neverdemotedfor its
category. Therefore,if all features'weightsareinitialized
to 1, thenpurefeaturesremainat 1. In fact,assumingthe
averagenumberof featuresin an instanceis `, anda cat-
egory hask purefeatures,the category is a falsenegative
at most k times, eachtime a pure featureis encountered
by the indexer for the �rst time. At every suchpoint, the
remainingpossiblyirrelevant features,on average` � 1,
areaddedto the index aswell, andeachtake O(1) demo-
tions to disappearfrom the index. Therefore,the number
of demotionsis at most O(k`), and the total numberof
updatesis alsoO(k`). Theconvergencetime hasa depen-
denceon both ` and k. While idealized,this analysisis
worst-casein thefollowingsense:it assumesthateachpure
featurewill requireO(`) demotionsof theremainingirrel-
evantfeatures,regardlessof theotherpurefeatures.Since
we provedabove(in Theorem2.1) thattheproblemis NP-
hardfor � + > 0, we of coursecannotexpectconvergence
to thebestpossibleindex in thosecases.However, aswe
will seein the next section,the performanceof the algo-
rithm in practiceis quitegood.

3 Experiments
In this section,we describeexperimentswith the indexer
algorithmonseveralmassivedatasets.Ourgoalis to eval-
uateboththeef�ciency of thealgorithmandtherecalland
accuracy of the index it produces.Clearly, therewill be
dependencies:combiningthe recall systemwith category
classi�erswill leadto slower learning,but higheraccuracy.
Also, thenumberof passes2 thattheindexeralgorithmper-
forms throughthe datawill affect the recall andaccuracy
level, in additionto increasingtherunningtime.

We used four large categorization data sets (Figure
4): Reuters, Ads, ODP (Open Directory Project,
http://dmoz.org/), and the concatenationof six on-
line novels by Jane Austen from Project Gutenberg
(http://www.gutenberg.org/). The categoriesfor Reuters,
Ads,andODPformedahierarchy. Eachdocumentwasla-
beledwith all of the categorieson the pathsto the nodes
that it wascategorizedunder. The Reutersdatais a tok-
enizedversionof theReutersRCV1corpus[LYRL04]. We
obtainedtheAds datafrom Yahoo!TheODPdatawasob-
tainedby standardcrawling andtokenizingusingtheNutch
searchengineof thepagesin theOpenDirectory Project.
To speedup theexperiments,we usedonly a random330k
subsampleof the crawled pages.Our preprocessing(e.g.,
unigramsandbigramsasfeatures,stopword removal, and
l2 normalization)is standard;we leave the detailsaswell
asmoreinformationonthecategoriesin thedatasetsto the
techreport[MG06].

2While the algorithm works in an online manner, the same
instancescanbepresentedmultipletimes,andthisoftenimproves
theperformance(like otheronlinealgorithms).



Domains M N jCj l Cav g

Reuters 804; 414 47; 236 453 75.7 3.9
Ads 2,576,118 662,280 12,827 27.3 4.2
ODP 326,338 3,422,164 70,431 331 4.9
J.Austen 906,072 94,444 13,346 11.8 1

Figure4: Domains:M is numberof instances,N is thenumber
of features,jCj is thenumberof categories,l is theaveragevector
length,andCav g is theaveragenumberof categoriesperinstance.

W (1) F P (1) F P (2) F N (1) F N (2) F N (10)

Reuters,d(1) = 1m, d(10) = 1:4m, d(20) = 1:8m, T (20) = 0:46h
Train 68 37 40 0.3 0.2 0.18
Test 72 38 41 0.23 0.23 0.22
Ads,d(1) = 0:8m, d(10) = 0:75m, d(20) = 0:8m, T (20) = 0:26h
Train 89 46 44 0.1 0.016 0.003
Test 89 47 46 0.15 0.136 0.11
ODP, d(1) = 74m, d(2) = 56m, d(20) = 0:43m,T (20) = 4:15h

Train 237 147 59 2.38 0.38 0.004
Test 144 86 55 2.16 2.22 2.27

Figure 5: Indexer's performance.W ( i ) is averagenumberof
categoriestouchedduring retrieval in passi , F P ( i ) andF N ( i )

denotethe fp andfn-ratesat passi (eg the averagefp countper
instance),d( i ) denotestime taken in passi , andT ( i ) total time
takenafter�nishing passi (m = minutes,h=hours).

In order to test the generalizationpropertiesof our algo-
rithm, werandomlyselected30%of thedatato beheldout
for eachdataset. In the caseof repeatedruns, the same
30%washeldout. In all ourexperiments,unlessotherwise
speci�ed, the learningrate is set to 1.2, the falsepositive
toleranceis 100,andthe inclusionthresholdis g 0.1. The
choiceof 100 for the falsepositive thresholdis chosenas
a trade-off betweenef�ciency andrecall. Our experiments
suggestthatsolongasthelearningrater is between1.2and
2, neitheref�ciency nor recallaresigni�cantly affectedby
theexactvalue.Theinclusionthresholdwaskeptconstant
at0.1for all of ourexperiments.In thecaseswhenweused
classi�ersin additionto therecallsystem,weusedonly de-
fault parametervalues,anddid not tunetheclassi�ers.All
of our experimentswere run on 2.4 GHz AMD Opteron
processorwith 64GB of RAM.

In thedescriptionof theexperiments,eachpassconsistsof
touchingeachtraininginstanceonce.We reporton perfor-
manceafterbothasinglepassaswell asseveralpasses.

3.1 Indexer'sPerformance

Fig. 5 shows theindexer'sperformanceaftera selectionof
passes.The averagenumberof categories“touched” dur-
ing retrieval, denotedby W =

P
f 2 F x

jC(f )j, is a mea-
sureof work per instanceat classi�cationtime. For exam-
ple, Fig. 5 shows that on Reuters,during the �rst passon
thetrainingset,onaverage68categoriesweretouchedper
instance,and37 uniquecategorieswerefalsepositive per

instance.It is possiblethatthefp-ratecanexceedthetoler-
ance:thealgorithmonly strivesto bring the fp-ratedown,
andit maynot succeed,at leastin theinitial passes(ODP).
Note that W andthe fp-ratesarecomparablebetweenthe
trainingandtestdata:thesystemappearsto generalizewell
onthisaspect.WealsoseethatW is lessthantwicethefp-
rate.Weobservethatthefp-rateconvergesto abouthalf the
speci�ed tolerance� . As demotionis only appliedwhen
the falsepositive countexceeds� , themaximumfp-count
is closeto � , but the averagefp-rate can be signi�cantly
lower.

For both the Reutersand Ads data sets,the fp-rate and
W did not changemuchwith morepasses(they converge
quickly). For ODP, the fp-ratedecreasescontinuouslybut
slowly. With morepasses,thetrainingandtestfn-ratesim-
prove except for ODP, but the changeis moresigni�cant
over thetrainingdata.In oneexperiment,weremovedfea-
tureswith frequency lessthan3 from theODPdata.As a
result,thetestperformancedid notchange,but thetraining
fn-rateincreasedandbecameverycloseto thetestfn-rate.
This suggeststhat the indexer canindeed“memorize” in-
frequentfeatures,whichcouldhurtgeneralization.

To estimatethevariance,we ranthe indexer for 10 differ-
ent randomsplits on the ReutersandAds datasets. The
standarddeviation over fn-ratesat pass20 were0.04 for
Reutersand0.0021for Ads. Thedeviationoverfp-rateand
W wererelatively small(lessthan5).

The indexer takes the longeston ODP (over 4 hoursfor
20 passes),while it takes lessthanan hour for the other
two domains.Factorssuchasaveragevectorlengthandthe
noiselevel contributeto thedif�culty of ODP. Thelastpass
for ODP takesundera minute,while the �rst two passes
takearoundanhour.

3.2 PerformanceWhen Using Classi�ers

Sincerecallsystemsthemselvesachieve their goodperfor-
mancethrougha focuson recall (at the expenseof some
lossin precision),it is anaturalapproachto combinerecall
systemswith asecondstageof learningandapplyingto ev-
ery instancetheclassi�ersthatcorrespondto theretrieved
categories,in order to improve precision. Here,we com-
parethe performance(in termsof accuracy and time) of
a hybrid systemagainsta pureclassi�er-basedsystemthat
usesone-versus-resttrainingandclassi�cation[RK04]. We
usetheonlinesparsemistake-drivenperceptronalgorithm
asthe learningalgorithm3. Sinceone-versus-restlearning
requirestraining the classi�erson all instancesfor all the
categories,only the Reutersset (with lessthan500 cate-
gories)wasamenableto a full comparison.Ontheremain-
ing two domains,wecomparedtheaccuracy only for asub-

3It beginswith the0 vector. Featuresareaddedto thepercep-
tron with nonzeroweight only in the caseof a promotion(false
negative).



No Yes
F P (1) 0.908 0.903
F N (1) 0.982 1.06

F P (1) + F N (1) 1.89 1.91
F P (10) 0.982 0.878
F N (10) 0.853 0.94

F P (10) + F N (10) 1.84 1.82
T (1) 2.6h 0.74h
T (10) 52h 16h

F (1)
1 F (2)

1 F (10)
1 F (20)

1 T (1) T (20)

Reuters(50samplecategories)
No 0.432 0.475 0.542 0.555 0.36h 14.3h
Yes 0.421 0.464 0.531 0.524 0.05h 1.75h

Ads (76samplecategories)
No 0.451 0.578 0.715 0.731 0.22h 18.6h
Yes 0.471 0.579 0.700 0.736 0.01h 0.5h

ODP(108samplecategories)
No 0.032 0.07 0.14 0.17 0.34h 19h
Yes 0.059 0.10 0.14 0.15 1.3h 4.5h

Figure 6: Top: Performance(averagefalsepositive and false
negative)andtotaltimetakenwhentrainingclassi�ersfor all cate-
goriesin theReutersdatasetwithoutusingtherecallsystem(NO),
andusingit (YES).Bottom: Classi�ers' F1 scoreswith andwith-
out therecallsystemwhentrainedon a sampleof categories,and
total times.

setof thecategories.

The top of Fig. 6 shows the fp-rateandthe fn-rateon the
Reutersdataset.Weobservethattheperformancesin terms
of accuracy andrecallarecomparablefor our recallsystem
andthe approachof learningclassi�ers for all categories.
Notice,however, thattherecallsystemspeedsupthelearn-
ing processby abouta factorof three.

Next, we trackedtheF1 scores(theharmonicmeanof pre-
cision and recall [LYRL04]) on a randomsampleof cat-
egories(Table6). When the recall systemwasnot used,
theclassi�ersfor thosecategoriesweretrainedonall train-
ing instances.Whenthesystemwasused,classi�erswere
trainedonly whenthey wereretrievedor werea falseneg-
ative. Therecallsystem(the index) wastrainedfor all the
categories. Again, we observe comparableaccuracy, but
substantialsavingsin time in bothtables.Theonly excep-
tion is for ODPfor the �rst pass,wherethe indexer alone
takes74minutes(d(1) ). In ODP, theindexeroverheadhides
classi�er trainingcosts,but notethatwe aretrainingclas-
si�ers for a small subsetof all categories. The ODP data
setyieldedthelowestaccuracy. This is probablydueto the
factthatwe usedsimplefeatureextractiontechniques,and
web pagesarenoisy. Nevertheless,we seethat theuseof
the recall systemonly slightly degradesaccuracy on any
dataset.
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Figure 7: Accuracy of the systemwith classi�ers (after 10
passes)as a function of tolerance,on Reuters' leaf nodecate-
gories(averageof two categoriesper instance). The total error
is thesumof falsepositivesandfalsenegatives.Theoverall error
remainssteady, but thesystemis fasterwith lower tolerance.

3.3 Tolerance-AccuracyTrade-off

Fig.7 showstheoverallaccuracy of thesystemwhentrain-
ing perceptronclassi�erswithin the system. It shows the
dependency on thetoleranceparameter, on a subsetof the
Reutersdataset. As expected,the numberof falsenega-
tivesdecreasesdown with increasingtolerance,while the
numberof falsepositivesincreases.Interestingly, thesum
of the two errorsremainsnearlyconstant.The total time
taken increaseswith highertolerance,asexpected.In this
experiment,we only consideredthe450 leaf categoriesof
thedataset,averagingjustovertwo categoriesperinstance.
We haveseenasimilarpatternon theotherdatasetsastol-
eranceis decreasedfrom 100: theoverallerrorremainsthe
sameor even goesdown (while falsenegative error goes
up).

3.4 Prediction in Text

Predictiontaskssuchas word predictionare a natural �t
for classi�cation into many categories [Goo01, EZR00,
Mad06]. In theseproblemsampletraining datais avail-
able,althoughthelabels(classes)maybeviewedasnoisy.
Thesetasks�nd applicationsin speechrecognition,optical
handwritingrecognition,andmachinetranslation,among
others.

In our experiments,we choseunigrams(singlewords) to
predict. Any word is a candidateclass(category), soeach
word occurrencegeneratesan instance. For example,“I
rodemy bike.” generates4 instances.Featureswereup to
3 wordsin thewindow beforeandaftertheword,subjectto
sentenceboundaries.Individualwordsin differentrelative
positionswereconsidereddifferentfeatures(e.g., “rode” is
a differentfeaturein position-1 for the target class“my”
andposition-2 for thetargetclass“bike”).

We concatenatedsix of JaneAusten's novelsandobtained
almost14000uniquewords (Fig. 4). A random30% of



the instanceswere usedfor testing. Sincewe are inter-
estedin predictingwords, there is only one correct cat-
egory for eachinstance. For our experiments,we used
an approachbasedon rankingall the categoriesretrieved
by the recall system.Speci�cally, we consideredtwo ap-
proaches:(1) Rank categoriesby the sum of the feature
weightsfor the featuresthat causedthe category to be re-
trieved,or (2) Rankcategoriesby theraw Perceptronclas-
si�er outputs(applythoseclassi�ersthatcorrespondto the
retrievedcategories).We thentrackedthenumberof times
the true category (the actualword to predict)wasamong
the top 5 rankedcategories,which we refer to asrecall at
5. The resultsafter onepassareshown in Fig. 8. Some
well predictedwordsinclude: “sir”, “young”, and“frank”.
This discriminative approachis quite �e xible: usingstem-
ming, parsing,or othertechniques,it is possibleto utilize
differentkindsof features[EZR00].

3.5 Misc. Comparisons
SVMsarethestateof theartin text classi�cation[LYRL04,
LYW+ 05]. Committeesof onlineclassi�ersyield accura-
cies close to SVMs [CC06, BC03, HHK+ 03], but carry
the advantagesof being online. The committeesize and
numberof passescan be adjustedto tradeoff time ver-
susaccuracy. Our experiencecon�rms their competitive
accuracy: we found that often, mostof the gain in accu-
racy is achievedalreadywith asmallnumberof passesand
committeemembers.For example,we comparedcommit-
teesof 10perceptronsusing10passesagainstlinearSVMs
[KD05] on the 20 news groupdataset [Lan95]. We ob-
tainedan average01-errorof 0.022for linear SVMs, and
a 0.024error for the committee.With a committeeof 10
randomlyinitialized perceptronsfor eachcategory, theac-
curacy (F (20)

1 scores)of our recall systemimprovedfrom
0.53to 0.59(for Reuters),from 0.74to 0.79(for Ads) and
from 0.15 to 0.19 (for ODP). Lewis et. al. [LYRL04] re-
port F1 scoresfor the Reutersdatasetcomparableto our
results: their macroaverageis roughly 0.3 for Industries
androughly0.6for Topiccategories.They uselinearSVM
trainingandoptimizetheregularizationparameter, but train
onasmallertrainingset(andachronologicalsplit).

How would simplerindexer algorithmscompare?To sim-
plify ourrecallsystemapproachfurther, onecouldconsider
omittingcategoryweightvectors,andinsteadaddingedges
to theindex onevery false-negative. Thus,onewouldcon-
nect the false-negative category to all featuresof the in-
stance,anddropappropriateedgeswhenever the fp-count
exceedsthe tolerance,by disconnectingthe false-positive
category from all featuresof the instance.While this sim-
ple algorithmuseslessmemory, it canbe seento be un-
stable,andwe have observed that the index accuracy and
fn-ratesuffer signi�cantly (e.g., fn-ratedoubled).

4 RelatedWork
While batchmethodsfor learningoftenprovide betterac-
curacy, paststudieshave pointedout themany advantages

of online learningmethods.Theseincludetime andmem-
ory ef�ciency, as well as simplicity and versatility (see,
e.g., [CC06, BC03,EZR00, HHK+ 03]). For example,on-
line trainingdoesnot requireinstancesto bestoredondisk
or kept in memory. For instance,in training to categorize
web pagesin an online fashion,eachpagein the training
set, say from the Yahoo! topic hierarchy, canbe crawled
andtokenized,its vectorextractedandusedto updatethe
classi�ers,andthendiscarded.Thesameholdsfor apply-
ing discriminative learningto theproblemof word predic-
tion onlargecorpora.Madani[Mad06] describesandmoti-
vatespredictiontasks,akin to wordprediction,thatneedto
dealwith practicallyunboundedstreamsof input. In such
settings,methodssuchasKNN [HTF01] andcurrentmu-
ticlassversionsof SVMs quickly becomeimpractical. In
addition,asalludedto by our experimentsin Sec.3.5 and
shown by prior research(e.g., [CC06, BC03, HHK+ 03]),
online methodsoften provide competitive accuracy. In
many applications,simplicity andef�ciency during train-
ing andclassi�cationoutweighthe potentiallossin accu-
racy. We notethatmany multiclasslearningmethods(such
asmulticlassNä�veBayes)arenotapplicableto multilabel
settingswithout alterations,asthey assignexactlyonecat-
egory to eachinstance.Largescalediscriminative learning
usingtop-down(hierarchical)trainingof classi�erssuchas
SVMs is fairly ef�cient both at training time andclassi�-
cationtime,althoughtheclassi�cationtimedependsonthe
depthof thetaxonomy[LYW+ 05]. However, thisapproach
requiresprior knowledgein theform of a taxonomy, which
maynot beavailablefor sometasks,suchasword predic-
tion andobjectrecognition. Otherdrawbacksincludethe
engineeringeffort requiredto programthetaxonomystruc-
tureinto thetrainingandclassi�cationarchitecture.

In the past,indexing hasbeenusedfor ef�cient retrieval
of explicit objects,mostnotablydocuments.In our case,
categoriesare implicit (groupings). Grobelniket al. also
useanindex of featuresto categories[GM98]. Their algo-
rithm is similar to a traditionalconstructionof an inverted
index, i.e., it connectsa featureto all categoriesthat con-
tain somedocumentwith that feature.Thus,a category is
theunionof its positive documents.This lowersthenum-
berof categoriesconsideredper instanceto lessthanonly
half of thetotalnumberof categories[GM98], whichis still
high. They usetop-down (hierarchical)trainingfor obtain-
ing classi�ers (e.g., [LYW+ 05]). Our learningapproach
makestheconstructionof theindex dynamicanddrivenby
anobjective. To thebestof our knowledge,this is the�rst
time thatindex learninghasbeeninvestigated.

5 Summary

In this paper, we investigatedthe challengingtask of ef-
�ciently learningandrecognizinga large numberof cate-
gories. We proposedan approachtermed“recall system”,
basedon learningan index of categories. A recall system
quickly reducesthe numberof categoriesunderconsider-



noclassi�ers,b3a3 b3a3 b3a0 b0a3 b2a2 b1a1
recallat top 5 0.273 0.395 0.275 0.297 0.40 0.379

Figure8: Wordprediction:Recallat top5 whentheretrievedcategories(words)areranked,afteronepass.bMaN meansuseM words
beforeandN wordsafter asfeatures.All resultsexceptnoteduseclassi�ers' (raw) outputs,trainedwithin the recall system.Useof
classi�ersanduseof wordsappearingafterandbeforeimprovesranking.Eachexperimenttook lessthan2 minutes.Tolerancewasset
at 20.

ation to a feasiblenumber, at which time classi�erscorre-
spondingto theremainingcategoriescanbeappliedto the
instancefor a moreprecisecategorization.We presenteda
formalizationof theproblem,andestablishedNP-hardness
andapproximationhardness.We thendescribedanonline
index learningalgorithmwhich performswell empirically.
We showed how online learningalgorithmssuchas per-
ceptronscanutilize therecallsystemin orderto ef�ciently
learnclassi�ers for every category. An operational(ade-
quatelyfastandaccurate)systemwasquickly obtainedvia
learningwith relatively little programmingor useof prior
knowledge.Futurework includesexploring alternative re-
call criteria, for instancelearningindicesthat do not just
retrieve categories,but also rank the retrieved categories,
andalternative algorithms,possiblywith provableapprox-
imationguarantees.In addition,we planto furtherexplore
theapplicationof ourapproachin variousdomains.
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