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Abstract

This paperintroducesnew learning al-
gorithmsfor naturallanguageprocessing
basedon the perceptronalgorithm. We
shav how thealgorithmscanbeefficiently
applied to exponential sized representa-
tions of parsetrees,suchasthe “all sub-
trees” (DOP) representatiomlescribedby
(Bod 1998), or a representatiortracking
all sub-fragmentsf a taggedsentence.
We give experimentakesultsshoving sig-
nificantimprovementson two tasks:pars-
ing Wall StreetJournaltext, and named-
entity extractionfrom webdata.

1 Intr oduction

The perceptroralgorithmis oneof the oldestalgo-
rithms in machinelearning,going backto (Rosen-
blatt 1958). It is an incredibly simple algorithmto
implement,and yet it hasbeenshavn to be com-
petitive with morerecentlearningmethodssuchas
supportvectormachines- see(Freund& Schapire
1999)for its applicationto imageclassification for
example.

This paper describeshow the perceptronand
voted perceptronalgorithmscan be usedfor pars-
ing andtaggingproblems.Crucially, the algorithms
canbeefficiently appliedto exponentialsizedrepre-
sentationof parsetrees,suchasthe “all subtrees”
(DOP)representatiodescribedy (Bod 1998),0r a
representatiotrackingall sub-fragmentsf atagged
sentencelt might seenmparadoxicato beableto ef-
ficiently learnandapplyamodelwith anexponential
numberof features: Thekey to ouralgorithmsis the

Although see(Goodman1996) for an efficient algorithm
for the DOP model,which we discussn section? of this paper
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“kernel”trick ((CristianiniandShawve-Taylor 2000)
discuskernelmethodsatlength). We describehow
the inner productbetweenfeaturevectorsin these
representationsan be calculatedefficiently using
dynamic programmingalgorithms. This leadsto
polynomialtime? algorithmsfor trainingandapply-
ing the perceptron.The kernelswe describearere-
latedto thekernelsoverdiscretestructuresn (Haus-
sler1999;Lodhi etal. 2001).

A previous paper (Collins and Duffy 2001)
shaved improvementsover a PCFGin parsingthe
ATIS task. In this paperwe shav that the method
scalego farmorecomplex domains.In parsingwall
StreetJournaltext, themethodgivesa5.1%relatve
reductionin error rate over the model of (Collins
1999). In the seconddomain, detectingnamed-
entity boundariesn webdata,we shav a 15.6%rel-
ative errorreduction(animprovementin F-measure
from 85.3%to 87.6%)over a state-of-the-annodel,
a maximum-entrop tagger This resultis derived
usinganew kernel,for taggedsequencesjescribed
in this paper Both resultsrely on a nenv approach
thatincorporateshelog-probabilityfrom abaseline
model,in additionto the“all-fragments”features.

2 Feature—\ector Representationsof Parse
Treesand TaggedSequences

This paperfocuseson the taskof choosingthe cor

rect parseor tag sequencdor a sentencefrom a
groupof “candidates’for thatsentenceThe candi-
datesmightbeenumeratethy a numberof methods.
The experimentsin this paperusethe top n candi-
datedrom abaselingrobabilisticmodel:themodel
of (Collins 1999) for parsing, and a maximum-
entropy taggerfor named-entityecognition.

%j.e., polynomialin the numberof training examples,and
thesizeof treesor sentencem trainingandtestdata.



The choiceof representatiors central: whatfea-
tures should be usedas evidencein choosingbe-
tweencandidatesVe will usea functionh(x) €
R? to denotead-dimensionafeaturevectorthatrep-
resentsatreeor taggedsequence. Therearemary
possibilitiesfor h(x). An obviousexamplefor parse
treesis to have one componentof h(x) for each
rule in a contet-free grammarthat underliesthe
trees. This is the representatiomisedby Stochastic
Contet-FreeGrammars.The featurevectortracks
the countsof rulesin the treex, thusencodingthe
sufficient statisticsfor the SCFG.

Givenarepresentatiomandtwo structuresx and
y, the inner productbetweenthe structurescan be
definedas

The ideaof inner productsbetweenfeaturevectors
is centralto learning algorithms such as Support
VectorMachines(SVMs), andis alsocentralto the
ideasin this paper Intuitively, the inner product
is a similarity measureébetweenobjects: structures
with similarfeaturevectorswill have highvaluesfor
h(x)-h(y). Moreformally, it hasbeenobseredthat
mary algorithmscan be implementedusing inner
productsbetweentraining examplesalone,without
directaccesdo the featurevectorsthemseles. As
we will seein this paper this canbe crucial for the

efficiengy of learningwith certainrepresentations.

Following the SVM literature, we call a function
K (x,y) of two objectsx andy a“kernel”if it can
beshavn that K is aninnerproductin somefeature
spacéh.

3 Algorithms

3.1 Notation

This sectionformalizestheideaof linearmodelsfor
parsingor tagging. The methodis relatedto the
boostingapproachto ranking problems(Freundet
al. 1998), the Markov RandomField methodsof
(Johnsoretal. 1999),andthe boostingapproaches
for parsingin (Collins 2000). The set-upis asfol-
lows:

e Training datais a setof exampleinput/output
pairs. In parsingthe training examplesare {s;, t;}

whereeachs; is asentenceandeacht; is thecorrect
treefor thatsentence.

¢ We assumesomeway of enumeratinga setof
candidatedor a particularsentence We usex;; to
denotethe j'th candidatefor the i'th sentencen
training data,andC(s;) = {x;1,Xi2 ...} to denote
the setof candidatesor s;.

e Without lossof generalitywe take x;; to bethe
correctcandidatdor s; (i.e.,x;1 = t;).

e Eachcandidatex;; is representedby a feature
vector h(x;;) in the spaceR?. The parametersf
the model are also a vectorw € R?¢. The out-
put of the modelon a training or testexamples is
argmaxycc()W - h(x).

Thekey questionhaving definedarepresentation
h, is how to setthe parametersv. We discussone
methodfor settingthe weights,the perceptroralgo-
rithm, in the next section.

3.2 The Perceptron Algorithm

Figure1(a) shavs the perceptroralgorithmapplied
to therankingtask. The methodassumes training
setasdescribedn section3.1, anda representation
h of parsetrees. The algorithmmaintainsa param-
etervectorw, which is initially setto be all zeros.
The algorithmthen makes a passover the training
set,only updatingthe parameterectorwhena mis-
take is madeon an example. The parametewec-
tor updateis very simple,involving addingthe dif-
ferenceof the offending examples’representations
(w = w + h(x;1) — h(x;;) in thefigure). Intu-
itively, this updatehasthe effect of increasingthe
parametewaluesfor featuredn thecorrecttree,and
downweightingthe parametewaluesfor featuresn
the competitor

See(Cristianiniand Shave-Taylor 2000)for dis-
cussionof the perceptronalgorithm, including an
overview of varioustheoremgustifying this way of
settingthe parametersBriefly, the perceptroralgo-
rithm is guaranteetito find a hyperplanethat cor-
rectly classifiesall training points, if sucha hyper
planeexists(i.e.,thedatais “separable”) Moreover,
the numberof mistalesmadewill below, providing
that the datais separablewvith “large magin”, and

3To find sucha hyperplanethe algorithm mustbe run over
thetraining setrepeatedlyuntil no mistalesaremade. The al-
gorithmin figure 1 includesjust a singlepassover the training
set.



(a) Define:
F(x) = w- h(x).
Initialization: Setparametersy = 0
Fori=1...n
j = argmax;_, _, F(x;;)
If (j #* 1) Thenw =w + h(Xﬂ) - h(Xz'j)
Output on testsentences:
argmaxycc(s)F(x).

(b)Define:
G(x) = i) @, ((xi1) - h(x) — h(x;) - h(x))
Initialization: Setdualparametersy; ; = 0
Fori=1...n

j = argmaxj:l...niG(xij)
If (] # 1) Then Qij = oy + 1

Output on testsentences:

argmaxycc(s)G(x).

Figurel: a) The perceptroralgorithmfor rankingproblems.b) Thealgorithmin dualform.

this translatedo guaranteesbouthow the method
generalizedo test examples. (Freund& Schapire
1999) give theoremsshawing that the voted per
ceptron(avariantdescribedelow) generalizesvell
evengivennon-separabldata.

3.3 The Algorithm in Dual Form

Figure 1(b) shavs an equivalent algorithm to the
perceptron,an algorithm which we will call the
“dual form” of the perceptron. The dual-form al-
gorithm doesnot store a parametervector w, in-
steadstoringa setof dual parametersg; ; for i =
1...m,7 = 2...n;. Thescorefor a parsex is de-
finedby thedualparametergas

G(x) = ) aij (h(xi1) - h(x) — h(x;;) - h(x))
(4,9)

Thisisin contrasto F(x) = w - h(x), thescorein
theoriginal algorithm.

In spite of these differencesthe algorithms
give identical results on training and test exam-
ples: to seethis, it can be verified that w =
> @i (h(xi1) — h(x;;)), andhencethat G (x) =
F(x), throughoutraining.

Theimportantdifferencebetweenthe algorithms
lies in the analysisof their computationatomple-
ity. Say T is the size of the training set, i.e.,
T = 3, n;. Also, take d to be the dimensional-
ity of the parametewvectorw. Thenthe algorithm
in figure 1(a) takes O(T'd) time? This follows be-
causeF'(x) mustbe calculatedfor eachmemberof
the training set,and eachcalculationof F' involves
O(d) time. Now saythetime takento computethe

4If thevectorsh(x) aresparsethend canbetakento bethe
numberof non-zeroelementf h, assuminghatit takesO(d)

time to addfeaturevectorswith O(d) non-zeroelementspr to
take innerproducts.

inner productbetweentwo examplesis k. Therun-
ning time of thealgorithmin figure 1(b)is O(T'nk).

This follows becausghroughoutthe algorithmthe
numberof non-zerodual parameterss boundedby

n, and hencethe calculationof G(x) takesat most
O(nk) time. (Notethatthedualform algorithmruns
in quadratidimein thenumberof trainingexamples
n, becausq’ > n.)

The dual algorithmis thereforemore efficient in
casewherenk << d. This mightseemunlikely to
be the case- naively, it would be expectedthatthe
time to calculatethe inner producth(x) - h(y) be-
tweentwo vectorsto be atleastO(d). Butit turns
out that for somehigh-dimensionalepresentations
the inner product can be calculatedin much bet-
terthanO(d) time, makingthe dualform algorithm
moreefficientthantheoriginal algorithm. Thedual-
form algorithm goesbackto (Aizermanet al. 64).
See(Cristianini and Shave-Taylor 2000) for more
explanationof thealgorithm.

3.4 The Voted Perceptron

(Freund& Schapirel999)describea refinementof
the perceptronalgorithm, the “voted perceptron”.
They give theorywhich suggestshatthe votedper
ceptronis preferablein casesof noisy or unsepara-
ble data. The training phaseof the algorithmis un-
changed-thechangesin how themethods applied
to testexamples.Thealgorithmin figure 1(b) canbe
consideredo build aseriesof hypothese&? (x), for
t =1...n,whereG! is definedas

> i (h(xit) - h(x) = h(x;) - h(x))

(i<t.5)

Gl(x) =

G is thescoringfunctionfrom thealgorithmtrained
onjustthefirstt trainingexamples.The outputof a
modeltrainedonthefirstt exampledor asentence
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Figure2: a) An exampleparsetree.b) Thesub-treenf theNP
coveringthe man. Thetreein (a) containsall of thesesubtrees,
aswell asmary others.

is V(s) = arg maxyec(s) G*(x). Thusthetraining

algorithmcanbe consideredo construciasequence
of n models,V!... V™. Onatestsentence, each

of thesen functionswill returnits own parsetree,

Vi(s) for t = 1...n. The voted perceptrorpicks

themostlikely treeasthatwhich occursmostoften

intheset{V1(s), V2(s)...V"(s)}.

Note that G* is easily derved from G*~!,
through the identity G*(x) G i(x) +
Sy gy (B(xn) - h(x) — h(xy;) -h(x)).  Be-
causeof this the voted perceptroncan be imple-
mentedwith thesamenumberof kernelcalculations,
andhenceoughlythesamecomputationatomplex-
ity, asthe original perceptron.

4 A TreeKernel

We now considerrepresentatiothattracksall sub-
treesseenin training data, the representatiorstud-
ied extensvely by (Bod 1998). Seefigure 2 for
an example. Conceptuallywe begin by enumer
ating all tree fragmentsthat occur in the training
datal...d. Notethatthisis doneonly implicitly.
Eachtreeis representedby a d dimensionalector
wherethe:’th componentountsthe numberof oc-
curencef thes'th treefragment. Definethe func-
tion h;(x) to bethenumberof occurencesf thei’'th
treefragmentin treex, sothatx is now represented
ash(x) = (hi(x), ha(x),...,hq(x)). Notethatd
will behuge(agiventreewill have anumberof sub-
treesthatis exponentialin its size). Becausef this
we aim to designalgorithmswhosecomputational
compleity is independentf d.

The key to our efficient use of this representa-
tion is adynamicprogrammingalgorithmthatcom-
putesthe inner productbetweentwo examplesx;
and x5 in polynomial (in the size of the treesin-
volved), ratherthan O(d), time. The algorithmis
describedn (Collins andDuffy 2001),but for com-
pletenessve repeatit here. We first definethe set
of nodesin treesx; andxy as N; and N, respec-
tively. We definethe indicatorfunction I;(n) to be
1 if sub-treei is seenrootedat noden andO other
wise. It follows thath;(x1) = >, en, Li(n1) and
hi(x2) = Y, en, Li(n2). Thefirst stepto efficient
computationof the inner productis the following
property:

h(x;) - h(xz) = 3, hi(x1)hi(x2)

= ZZ (Zn1€N1 Il(nl)) (Zn2€N2 IZ(nQ))

= YnieN Lnsen, i Li(na)1i(ng)

= EHIENI ZnZENQ A(nlﬂ n2)
where we define A(nq,ns) i Li(n1)Ii(ng).
Next, we notethat A(ni,n2) canbe computedef-
ficiently, dueto thefollowing recursve definition:

e If the productionsat n; andno are different
A(ni,ng2) = 0.

o If theproductionsatn, andns arethesameand
ny andny arepre-terminalsthenA(ny, ny) = 1.5

¢ Elseif theproductionsatn, andn, arethesame
andny andng arenotpre-terminals,

n

H (1+ A (ch(ny,j),ch(ne,j))) ,

nlanQ

wherenc(n1) is thenumberof childrenof n in the
tree;becausehe productionsat n,/ny arethesame,
we have nc(n1) = nc(ng). Thei'th child-nodeof
ny isch(nq,1).

To seethatthis recursve definitionis correct,note
that A(ni,n2) = >, Ii(n1)I;(n2) simply counts
the number of common subtrees that are found
rootedat bothny andny. The first two casesare
trivially correct. The last, recursve, definition fol-
lows becausea commonsubtreefor n; andny can
be formed by taking the productionat ni/ns, to-
getherwith a choice at eachchild of simply tak-
ing the non-terminalat that child, or ary one of
the commonsub-treesat that child. Thusthereare

SPre-terminalsirenodeddirectly abore wordsin thesurface
string,for exampletheN, V, andD symbolsin Figure2.
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Figure 3: a) A taggedsequence.b) Example“fragments”
of the taggedsequencethe taggingkernelis sensitve to the
countsof all suchfragments.

(1+ A(child(ny,1), child(ne,1))) possiblechoices
atthes’th child. (Notethatasimilarrecursions de-
scribedby Goodman(Goodmanl996), Goodmars
application being the corversion of Bod’s model
(Bod 1998)to anequialentPCFG.)

It is clear from the identity h(x;) - h(xz) =
> onims A(n1,m2), and the recursve definition of
A(n1,n2), thath(x;) - h(x2) canbe calculatedin
O(|N1||N2|) time: the matrix of A(ny,n2) values
canbefilled in, thensummed?

Since there will be mary more tree fragments
of larger size — say depthfour versusdepththree
— it makes senseto downweight the contritu-
tion of larger tree fragmentsto the kernel. This
can be achieved by introducing a parameter) <
A < 1, and modifying the base case and re-
cursive case of the definitions of A to be re-
spectvely A(ni,ns2) A and A(ni,n2)

AT (A + A(eh(na, ), ch(na, 1))). This cor
respondsto a modified kernel h(x;) - h(xz) =

> A€ b (x1) hi (x2) Wheresize; is thenumberof
rulesin the ¢'th fragment. This is roughly equia-
lentto having a prior thatlarge sub-treesill beless
usefulin thelearningtask.

5 A TaggingKernel

The secondproblemwe consideris tagging,where
eachword in a sentencés mappedo oneof afinite
setof tags. The tagsmight represenpart-of-speech
tags, named-entityboundariesbasenoun-phrases,
or otherstructures.In the experimentsn this paper
we considemamed-entityecognition.

®This canbe a pessimisticestimateof the runtime. A more
usefulcharacterizatiois thatit runsin timelinearin thenumber
of membergni,n2) € N1 x N suchthatthe productionsat
ny andny arethesame.ln our datawe have foundthe number
of nodeswith identical productiongto be approximatelylinear

in thesizeof thetrees sotherunningtimeis alsocloseto linear
in thesizeof thetrees.

A taggedsequencas a sequenceof word/state
pairsx = {wi/s1...wn/sp} Wherew; is thei’'th
word, and s; is the tag for that word. The par
ticular representationve consideris similar to the
all sub-treesrepresentatiorfor trees. A tagged-
sequencéfragment” is a subgraphthat containsa
subsequencef statelabels,whereeachlabel may
or may not containthe word below it. Seefigure 3
for anexample.Eachtaggedsequences represented
by ad dimensionalectorwherethei’th component
hi(x) countsthe numberof occurrence®f thei’'th
fragmentin x.

The inner productunderthis representatiorcan
be calculatedusingdynamicprogrammingn avery
similar way to the tree algorithm. We first define
the setof statesin taggedsequences; andx, as
Ny and N, respectrely. Eachstatehasan asso-
ciated label and an associatedvord. We define
the indicator function I;(n) to be 1 if fragments
is seenwith left-moststateat noden, andO other
wise. It follows thath;(x1) = 3, cn, Li(n1) and
hi(x2) = >,,en, Lli(n2). As before,somesimple
algebrashaws that

h(xi) - h(x2) = X0 enm Lnsen, A1, n2)
where we define A(ny,n2) = X, Ii(n1)I;(n2).
Next, for ary givenstaten; € N; definenezt(n;)
to be the stateto the right of n; in the structure
x1. An analogousdefinition holds for next(ns).
Then A(n1,n2) can be computedusing dynamic
programminggdueto arecursve definition:

e If the statelabelsat n; and ny are different
A(ni,ng2) = 0.

o If the statelabelsat n; andn, arethe same,
but the words at n; and no are different, then
A(ni,ng) =1+ A(next(ny), next(nz)).

e Elseif the statelabelsat n; and nq are the
sameandthewordsatn; andny arethesamethen
A(ni,n2) =2+ 2 x A(next(ny), next(ns)).

Therearea coupleof usefulmodificationsto this
kernel. Oneis to introducea parametef) < A <1
which penalizeslarger substructures. The recur
sive definitions are modfied to be A(ny,n2)
14+ AA(next(n1), next(n2)) andA(ni,ng) =2+
2AA(next(n1), next(nsy)) respectiely. This gives
aninnerproducty”; A\*#¢ih;(x1)h;(x2) wheresize;
is the numberof statelabelsin theith fragment.

Anotherusefulmodificationis asfollows. Define



MODEL < 40Words(2245sentences)
[R | [P [CBsJO0OCBs] 2CBs
CO99 | 88.5% | 88.7% | 0.92] 66.7% | 87.1%
VP 89.1% | 89.4% | 0.85| 69.3% | 88.2%
MODEL < 100Words(2416sentences)
LR LP CBs | 0CBs | 2CBs
CO99 | 88.1% | 88.3% | 1.06 | 64.0% | 85.1%
VP 88.6% | 88.9% | 0.99 | 66.5% | 86.3%

Figure4: Resultson Section23 of theWSJTreebank LR/LP

= labeledrecall/precision.CBs = averagenumberof crossing
bracletspersentence0 CBs, 2 CBs arethe percentagef sen-
tenceswith 0 or < 2 crossingbracletsrespectiely. CO99is
model2 of (Collins 1999). VP is the voted perceptrorwith the
treekernel.

Simy (wy,ws) for wordsw; andws to bel if wy =

ws, 0 otherwise Define Simq (w1, we) to bel if wy

andw, sharethe sameword features, O otherwise.
For example, Sim, might be definedto be 1 if w;

andws are both capitalized: in this caseSims is

a loosernotion of similarity than the exact match
criterion of Sim4. Finally, the definition of A can
be modifiedto:

o If labelsatn; /ny aredifferent,A(ny,ng) = 0.
° ElSEA(nl,ng) =
(1 + 0.5Sim1 (’w1, ’LUQ) + O.5Sim2 (wl, wg))
x (14 A x A(next(ny), next(nsg)))

wherew;, wy arethe wordsat n; andny respec-
tively. This inner productimplicitly includesfea-
tureswhich track word featuresandthuscanmalke
betteruseof sparsadata.

6 Experiments

6.1 Parsing Wall StreetJournal Text

We used the samedata set as that describedin
(Collins 2000). The PennWall StreetJournaltree-
bank(Marcuset al. 1993)wasusedastrainingand
testdata. Sections2-21 inclusive (around40,000
sentencesyvere usedas training data, section 23
wasusedasthe final testset. Of the 40,000train-
ing sentencesthe first 36,000were usedto train
theperceptronTheremaining4,000sentencewiere
usedas developmentdata, and for tuning parame-
tersof thealgorithm.Model 2 of (Collins 1999)was
usedto parseboththetrainingandtestdata,produc-
ing multiple hypothesedor eachsentence.In or-
derto gainarepresentate setof training data,the
36,000training sentencewereparsedn 2,000sen-
tencechunksgachchunkbeingparsedvith amodel

trainedon theremaining34,000sentencegthis pre-
ventedthe initial model from being unrealistically
“good” onthetrainingsentences)The 4,000devel-
opmentsentencesvereparsedwith a modeltrained
on the 36,000training sentences.Section23 was
parsedvith amodeltrainedon all 40,000sentences.

Therepresentatiomve useincorporateshe prob-
ability from the original model, as well as the
all-subtreesrepresentation. We introduce a pa-
rameter 8 which controls the relative contritu-
tion of the two terms. If L(x) is the log prob-
ability of a tree x under the original probability
model, and h(x) = (hi(x), ha(x),...,hq(x)) is
the featurevector underthe all subtreesepresen-
tation, then the new representations hy(x) =
(VBL(x), hy(x), ha(x), ..., hqe(x)), and the inner
productbetweentwo examplesx andy is hy(x) -
hy(y) = BL(x)L(y) + h(x) - h(y). Thisallowsthe
perceptroralgorithmto usethe probabilityfrom the
originalmodelaswell asthesubtreesnformationto
ranktrees.We would thusexpectthe modelto do at
leastaswell astheoriginal probabilisticmodel.

The algorithmin figure 1(b) was appliedto the
problem,with theinnerproducthy(x) - ho(y) used
in the definition of G(x). The algorithmin 1(b)
runsin approximatelyguadratictime in the number
of training examples. This madeit somevhat ex-
pensve to runthealgorithmover all 36,000training
sentences onepass.Insteadwe broke thetraining
setinto 6 chunksof roughly equalsize,andtrained
6 separatgerceptron®n thesedatasets. This has
the adwantageof reducingtraining time, both be-
causeof the quadraticdependenc®n training set
size,andalsobecausd is easyto trainthe6 models
in parallel. The outputsfrom the 6 runson testex-
amplesverecombinedhroughthevoting procedure
describedn section3.4.

Figure 4 shaws the resultsfor the voted percep-
tron with the treekernel. The parameterg and A
were setto 0.2 and 0.3 respectiely throughtun-
ing on the developmentset. The method shavs
a 0.6% absoluteimprovementin average preci-
sionandrecall (from 88.2%to 88.8%o0n sentences
< 100 words), a 5.1% relative reductionin er
ror. The boostingmethodof (Collins 2000)shaved
89.6%/89.9%recall and precisionon rerankingap-
proachedor the samedatasetgsentencesessthan
100 wordsin length). (Charniak2000) describesa



different methodwhich achieves very similar per
formanceto (Collins 2000). (Bod 2001) describes
experimentsgiving 90.6%/90.8%recall and preci-
sion for sentence®sf lessthan40 wordsin length,
usingthe all-subtreesepresentatiorut usingvery
differentalgorithmsandparameteestimatiormeth-
odsfrom theperceptroralgorithmsin this papern(see
section7 for morediscussion).

6.2 Named-Entity Extraction

Over a periodof ayearor sowe have hadover one
million wordsof named-entitydataannotated.The
datais drawvn from webpagestheaim beingto sup-
port a question-answeringystemover web data. A

numberof categoriesare annotated:the usualpeo-
ple, organizationandlocationcateyories,aswell as
lessfrequentcatgyoriessuchasbrand-namesscien-
tific terms,eventtitles (suchasconcertslandsoon.

As aresult,we createda training setof 53,609sen-
tences(1,047,491words), and a testsetof 14,717
sentencef291,898words).

The taskwe consideris to recover named-entity
boundariesWe leave therecovery of the catgories
of entitiesto aseparatstageof processingWe eval-
uatedifferentmethodson thetaskthroughprecision
andrecall! The problemcanbe framedas a tag-
ging task—to tageachword asbeingeitherthe start
of an entity, a continuationof an entity, or not to
be part of an entity at all. As a baselinemodelwe
useda maximumentropy tagger very similar to the
onedescribedn (Ratnaparkhil996). Maximumen-
tropy taggershave beenshavn to be highly com-
petitive on a numberof taggingtasks,suchaspart-
of-speechtagging (Ratnaparkhil996),and named-
entity recognition(Borthwick et. al 1998). Thus
the maximum-entrop taggerwe usedrepresenta
seriousbaselinefor the task. We useda feature
setwhich includedthe current, next, and previous
word; the previous two tags; variouscapitalization
andotherfeaturesof theword beingtaggedthe full
featuresetis describedn (Collins 2002a)).

As a baselinewe trained a model on the full
53,609sentencesf training data,and decodedhe
14,717 sentence®f testdatausinga beamsearch

’If a methodproposes entitieson the testset, and ¢ of
thesearecorrectthenthe precisionof a methodis 100% * ¢/p.
Similarly, if g is thenumberof entitiesin the humanannotated
versionof thetestset,thentherecallis 100% * ¢/g.

| [P IR 1F |
Max-Ent || 84.4% | 86.3%| 85.3%
Perc. | 86.1% | 89.1%| 87.6%
imp. || 10.9% | 20.4% | 15.6%

Figure5: Resultsfor the max-entandvotedperceptrormeth-
ods. “Imp.” is therelative error reductiongiven by usingthe
perceptron P = precision,R = recall, FF = F-measure.

which keepsthe top 20 hypothesest eachstageof

a left-to-right search.In training the voted percep-
tron we split the training datainto a 41,992 sen-
tencetraining set,anda 11,617 sentencedevelop-
mentset. Thetraining setwassplit into 5 portions,
andin eachcasethe maximum-entrop taggerwas
trainedon 4/5 of the data,thenusedto decodethe
remainingl/5. In this way the whole training data
wasdecoded.Thetop 20 hypothesesindera beam
searchtogethemwith theirlog probabilities werere-

coveredfor eachtrainingsentenceln asimilarway;

amodeltrainedonthe41,992sentencsetwasused
to produce20 hypothesegor eachsentencen the
developmentset.

As in the parsingexperimentsthefinal kernelin-
corporatesthe probability from the maximum en-
tropy tagger i.e. hy(x) - hao(y) = BL(x)L(y) +
h(x) - h(y) where L(x) is the log-likelihood of x
underthetaggingmodel,h(x) - h(y) is thetagging
kernel describedpreviously, and 3 is a parameter
weighting the two terms. The other free parame-
terin thekernelis A, which determinesiow quickly
larger structuresaredownweighted.In runningsev-
eral training runs with different parametewalues,
andthentestingerror rateson the developmentset,
the bestparametervalueswe foundwere g = 0.2,
A = 0.5. Figure5 shaws resultson the testdata
for the baselinemaximum-entrop tagger andthe
votedperceptronTheresultsshav a15.6%relative
improvementin F-measure.

7 Relationshipto Previous Work

(Bod 1998)describegjuite differentparameteesti-
mationand parsingmethodsfor the DOP represen-
tation. The methodsexplicitly dealwith the param-
etersassociateavith subtreeswith sub-samplingf
treefragmentsmakingthe computatiormanageabile.
Even after this, Bod’s methodis left with a huge
grammar: (Bod 2001) describesa grammarwith



over 5 million sub-structuresThe methodrequires
searchfor the 1,000 most probablederivationsun-
derthis grammay usingbeamsearch presumablya
challengingcomputationataskgiventhe sizeof the
grammar In spite of theseproblems,(Bod 2001)
gives excellent resultsfor the methodon parsing
Wall StreetJournatext. Thealgorithmsin thispaper
have a differentflavor, avoiding the needto explic-
itly dealwith featurevectorsthattrack all subtrees,
andalsoavoiding the needto sumover anexponen-
tial numberof derivationsunderlyinga giventree.

(Goodman1996) gives a polynomial time con-
versionof a DOP modelinto an equivalent PCFG
whosesizeis linear in the size of the training set.
The methodusesa similar recursionto thecommon
sub-treegecursiondescribedn this paper Good-
mans methodstill leaves exact parsingunderthe
modelintractable(becausef the needto sumover
multiple derivationsunderlyingthe sametree), but
he givesanapproximatiorto finding the mostprob-
abletree,which canbe computedefficiently.

From a theoreticalpoint of view, it is difficult to
find motivation for the parameteestimationmeth-
ods usedby (Bod 1998) — see(Johnsorn2002) for
discussion. In contrast,the parameterestimation
methodsn this paperhave astrongtheoreticabasis
(see(Cristianini and Shave-Taylor 2000) chapter2
and(Freund& Schapirel999)for statisticaltheory
underlyingthe perceptron).

For relatedwork on the voted perceptronalgo-

rithm appliedto NLP problems see(Collins 2002a)
and(Collins 2002b). (Collins 2002a)describesex-
perimentson the samenamed-entitydatasetas in
this paperbut usingexplicit featuregatherthanker-
nels. (Collins 2002b)describeshow the voted per
ceptroncanbeusedto train maximum-entrop style
taggersandalsogivesa morethoroughdiscussion
of the theory behindthe perceptronalgorithm ap-
pliedto rankingtasks.
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