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Abstract

Perceptronlike largemargin algorithms
areintroducedfor theexperimentswith
variousmargin selections. Compared
to thepreviousperceptronrerankingal-
gorithms, the new algorithmsuse full
pairwisesamplesandallow usto search
for margins in a larger space.Our ex-
perimental results on the data set of
(Collins, 2000) show that a percep-
tron like ordinal regressionalgorithm
with uneven margin can achieve Re-
call/Precisionof 89.5/90.0on section
23 of WSJ PTB. Our result on mar-
gin selectioncanbeemployed in other
large margin machine learning algo-
rithmsaswell asin otherNLP tasks.

1 Intr oduction

In recent years, the so-called reranking tech-
niques (Collins, 2000) have been successfully
used in parameterestimationin many applica-
tions which were previously modeledas gener-
ative models. A baselinegenerative modelgen-
eratesN-best candidates,and then thesecandi-
datesarererankedby usinga rich setof localand
global features. Variousmachinelearningalgo-
rithmshave beenadaptedto thererankingtasks.

In the field of machinelearning, a class of
tasks,which arecalledrankingor ordinal regres-
sion, are similar to the rerankingtasksin NLP.
A primary motivation of the presentpaperis to
applyrankingor ordinalregressionalgorithmsto
thererankingtasksin NLP, especiallybecausewe
observe that thereis no directway to applythese
ranking algorithmsto reranking. More specifi-
cally, we will comparetheexisting rerankingand

ranking algorithmsin the framework of margin
selection. Thegoal thenis to look for a desirable
margin for thererankingtasksin NLP.

In order to experimentwith variousmargins,
we will introducevariantsof the traditionalper-
ceptronalgorithm (Rosenblatt,1958; Novikoff,
1962)for reranking,which allows theuseof var-
iousmargins; The training is alsovery fast. The
basicideaof theseperceptronlike algorithmsis
thatwe dynamicallysearchfor pairsof inconsis-
tent objectsand use them to updatethe weight
vector. Sincetheranksareordered,thedynamical
searchcanbe implementedefficiently. Theseal-
gorithmswill be justifiedby modifying theproof
for theperceptrontrainingin (KrauthandMezard,
1987).

Comparedto previous work on perceptronfor
parsereranking(Collins and Duffy, 2002), our
new algorithmsusefull pairwisesamplesinstead
of partial pairwise samples. This allows us to
searchfor margins desirablefor rerankingtasks
in a largerspace,which is unavailablein thepre-
viouswork.

In this paper, we focus on the parsererank-
ing task. However, the methodscan,of course,
be applied to other NLP rerankingtasks. Our
experimentalresultson the dataset of (Collins,
2000)show thata perceptronlike ordinal regres-
sion algorithm with uneven margin can achieve
Recall/Precisionof 89.5/90.0on section 23 of
WSJPTB,which is comparableto 89.6/89.9with
theboostingalgorithmin Collins’ paper, although
boosting is believed to have more generaliza-
tion capability. Our resultsalso show that the
new margins introducedin this paperare supe-
rior to the margins usedin the previous works
on reranking. The resultson margin selection
canbe employed in rerankingsystemsbasedon



othermachinelearningalgorithms,suchasWin-
now, BoostingandSVMs, aswell asotherNLP
tasks,e.g.machinetranslationreranking.

Thepaperis organizedasfollows. In section2,
wesummarizethepreviousworksonrankingand
reranking,andinvestigatetheseworksin thecon-
text of ranksandmargins.Thenwe proposeade-
sirablemargin selectionfor rerankingin section3.
In section4weproposetwo new perceptronbased
algorithms.Thenew algorithmsareappliedto the
parsererankingproblemin section5. Finally, we
will describesomenew experimentsrelatedto the
parsererankingtask.

2 Previous Works

2.1 Reranking

In recentyears,rerankinghasbeensuccessfully
appliedto someNLP problems,especiallyto the
problemof parsereranking. Ratnaparkhi(1997)
noticed that by ranking the 20-bestparsingre-
sultsgeneratedby hismaximalentropy parser, the
F-measurewent to 93% from 87%, if the oracle
parsewassuccessfullydetected.Charniak(2000)
reranked theN-bestparsesby reestimatinga lan-
guagemodelona largenumberof features.

Collins (2000) first usedmachinelearningal-
gorithms for parsereranking. Two approaches
were proposedin that paper; one used Boost-
ing LossandtheotherusedLog-LikelihoodLoss.
BoostingLossachievedbetterresults.TheBoost-
ing Lossmodelis asfollows. Let ����� � bethefea-
turevectorof the �
	�� parseof the 
�	�� sentence.Let���� be the featurevectorof the bestparsefor the
 	�� sentence.Let ��� beascorefunction

� ��� ����� ����������� ����� �"!
where� is aweightvector. Themargin # � � ��� � on
sample����� � is definedas
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The Boostingalgorithm was usedto searchthe
weightvector � to minimizetheBoostLoss.

We may rewrite the definition of the margin# � � ��� � by usingpairwisesamplesasfollows.

J ��� �K� ����L&M����� � , then

# � � ��� � G � ��� ����N�3&'� ��� ����� � � G � ��� �����&M����� �(�G � ��� J ��� ���
SotheBoostingLossapproachin (Collins,2000)
is similar to maximizingthemargin (Schapireet
al., 1997)between0 and � ��� J ��� ��� , where J ��� � are
pairwisesamplesaswehave describedabove.

In (CollinsandDuffy, 2002),thevotedpercep-
tron and the Tree kernel were applied to parse
reranking. Similar to (Collins, 2000), pairwise
sampleswereusedastrainingsamples.Theper-
ceptronupdatingstepwasdefinedas

O 	@PRQ G O 	IS �� � &T� ��� � !
whereO 	 is theweightvectorat the

.
th updating.

This is equivalentto usingpairwisesampleJ ��� � as
we have definedabove.

O 	@PRQ G O 	 S J ��� �
ShenandJoshi(2003) appliedSupportVector

Machines (SVMs) and Tree kernels to parse
reranking. In that paper, pairwisesampleswere
usedexplicitly throughthePreferencekernel. U P��� �
and U A��� � definedasfollows wereusedaspositive
samplesandnegative samplesrespectively.

U P��� � � � �� � !V� ��� � �W!XU A��� � � � � ��� � ! �� � �
SVM is usedto maximize the margin between
positive samplesandnegative samples,which in
turnisproportionalto themargin betweenthebest
parseof eachsentenceandtherestof theN-best
parses.

In the works on reranking,the margin is de-
fined as the distancebetweenthe bestcandidate
andtherest.Thererankingproblemis reducedto
a classificationproblemby using pairwisesam-
plesimplicitly or explicitly.

2.2 Ranking

In the previous works on ranking or ordinal re-
gression,themargin is definedasthedistancebe-
tweentwo consecutive ranks. Two large margin



approacheshave beenused.Oneis to extendthe
perceptronalgorithmby usingmultiple biasesto
representtheboundariesbetweenevery two con-
secutive ranks(CrammerandSinger, 2001). The
otherapproachis to reducethe rankingproblem
to a classificationproblemby using the trick of
pairwisesamples(Herbrichet al., 2000).

CrammerandSinger(2001) proposed the
PRank algorithm, a perceptronbasedranking
algorithm. In their framework eachinstanceis
associatedwith a rank which is an integer from
1 to Y . The goal of their rankingalgorithmis to
predict the correct rank of eachinstance. The
PRankalgorithm is a variant of the perceptron
algorithm. The difference is that the PRank
algorithm maintainsa set of biaseswhich are
used as boundariesbetween two neighboring
ranks.

PRankworks very well for the ranking prob-
lems in which eachsampleis associatedwith a
integer rank. However, due to the introduction
of a set of biasesit is not possibleto usethem
in otherranking-like problems.For example,the
PRankalgorithmcannotbetrainedonthedataas-
sociatedwith apartialorderinsteadof totalorder
onranks.Furthermore,aswewill show in section
3, thePRankalgorithmcannothandlethererank-
ing problems.

Herbrichetal. (2000) proposedamargin based
approachfor ranking, or ordinal regressionas
they called in their paper. In their framework,
eachtraining sampleis associatedwith a rank
which is an integer. The target function is re-
quiredto maximizethemarginsbetweenthesam-
ples of neighboringranks. The Support Vec-
tor Machines(SVMs) (Vapnik, 1998)wereused
to computethe uniquefunction maximizing the
margins. In contrastto PRank,rank boundaries
werenotusedexplicitly in thetraining.Their ap-
proachis implementedby usingpairwisesamples
in training. For example,thereare two samplesUZ!V[ , whereU ranks
 and [ ranks
 S � , then U\&][
is usedasa positive sampleand [T&^U is useda
negativesample.ThePreferenceKernelwasused
for thekerneltrick to beappliedontheinputsam-
ples.

The underlyingassumptionof the ordinal re-
gression is that samplesbetween consecutive
ranksare separable.This may becomea prob-

lem in thecasethattheranksareunreliablewhen
ranking is too fine. On the other hand,the size
of generatedtraining sampleswill be very large.
Supposethereare _ samples.The total number
of pairwisesamplesin (Herbrichet al., 2000) is
roughly _�` .
2.3 Lar geMar gin Classifiers

There are quite a few linear classifiers1 that
canseparatesampleswith large margin, suchas
SVMs (Vapnik,1998),Boosting(Schapireet al.,
1997), Winnow (Zhang, 2000) and Perceptron
(KrauthandMezard,1987). Theperformanceof
SVMs is superiorto other linear classifiersbe-
causeof theirability to maximizethemargin.

However, SVMs are extremely slow in train-
ing sincethey needto solve quadraticprogram-
ming problemsfor optimization. Often speedis
achieved by dividing the datainto sections(e.g.
in (ShenandJoshi,2003)).However, theSVMs’
capabilityof global margin optimizationis com-
promised.

For margin selection,we do needanalgorithm
thatrunsfastfor training,sothatwecantestvari-
ousmargins. Thentheresultof themargin selec-
tion can be employed in other linear classifiers.
For thepurposeof margin selectionwe proposes
perceptronlike algorithmsfor the following two
reasons.First,perceptronis fastin trainingwhich
allows us to do experimentswith variousmargin
selectionson real-world data. Furthermore,per-
ceptronalgorithmsaresimplein principle,which
makesit easyto implementmodification.

3 Ranks and Mar gins for Reranking

In the previous works on ranking, ranksarede-
fined on the whole training and testdata. Thus
we can define boundariesbetweenconsecutive
rankson the whole data. In the rerankingprob-
lem, ranks are local. They are definedover a
subsetof thesamplesin thedataset. For exam-
ple, in the parsererankingproblem,the rank of
a parseis only definedasthe rankamongall the
parsesfor thesamesentence.Thetrainingdatain-
cludes36,000sentence,with anaverageof about
27 parsespersentence(Collins,2000).

As aresult,wecannotusethePRankalgorithm
in the rerankingtask, sincethereare no global

1Herewe donot considerkernelsof infinite dimension



ranksor boundariesin reranking,as the PRank
algorithmis designedto estimatetheglobal rank
boundariesover all thesamplesduring the train-
ing. If we introduceauxiliary variablesfor the
boundariesfor eachcluster, thenumberof thepa-
rameterswill be as large as the numberof sam-
ples.Obviously this is not agoodidea.However,
the approachof using pairwise samplesworks.
By pairingup two samples,we actuallycompute
the relative distancebetweenthesetwo samples
in thescoringmetric.

Let a � be thecandidateparsethat ranksasthe
�	�� bestfor a sentence.The parsesof the same
sentencearerankedwith respectto their f-scores,
whichmeasurethesimilarity to thegoldstandard
parse. A parsewith a large f-score is assigned
a high rank. In rerankingtasks,the margins be-
tween the bestcandidateand the rest are more
useful. A hyperplanesuccessfullyseparatinga Q
and a `�bDbDb a�c is morepredictive thana hyperplane
successfullyseparatinga QdbDbDb a Qfe and a QVQdbDbDb a�c , if
weareonly interestedin thetopmostresultin test.
This is also how the existing rerankingsystems
aredesigned.However therearesomeproblems
with thisapproach.

Thereis a practicalproblemfor the definition
of thebestparsein asentence.In parsereranking,
we mayfind severalbestparsesfor eachtraining
sentenceinsteadof one. In orderto breakthetie,
usuallyoneselectsjust oneof themarbitrarily as
thetop rankedparseanddiscardall others.

Furthermore,if we only look for the hyper-
planeto separatethe bestonefrom the rest,we,
in fact, discardthe orderinformationof a ` bDbDb a c .
For example,we did not employ the information
that a Qfe is betterthan a QVQ in thetraining.Knowinga Qfe is betterthan a QVQ maybeuselessfor training
to someextent,but knowing a ` is betterthan a QVQ
is useful.

Ontheotherthehand,theresultingweightvec-
tor O is supposedto assignthe highestscoretoa Q . Shouldit not assignthesecondhighestscore
to a ` ? Although we cannotgive an affirmative
answerat this time, it is at least reasonableto
usemore pairwisesamples.This approachwas
avoidedin the previous works on reranking,due
to theproblemof complexity of boththedatasize
andthe executiontime. Thuswe have provided
a strongmotivation for investigatingsomenew

rerankingalgorithmssuchthat

g They utilize all theordinalrelationsencoded
in therankedlists.

g Thesizeof trainingdataremainsthesameas
theoriginal sizeof therankedlists.

g Thetrainingtime increasesonly moderately,
althoughmoreinformation is usedin train-
ing.

4 Perceptron for Ordinal Regression

4.1 Ordinal Regression

Let ����� �"!V� ��� h be the featurevectorsof two parses
for sentence
 and i"��� ��!Vi ��� h be their ranksrespec-
tively, wherei ��� � Skjml i ��� h , and j isanon-negative
real number. It meansthat the rank of ����� � of j
higherthanthe rankof � ��� h . In this case,we say����� � is significantlybetterthan � ��� h . We areinter-
estedin findingaweightvector O , suchthat

O �d����� �]n O �d� ��� h Spo , if i"��� � S^jml i ��� h
We ignoreany pair of parsesin which thediffer-
encein the ranksis q j . Hence,this problemis
called j -insensitiveordinal regression.

Let thetrainingsamplesber G s � ����� �
!Vi"��� � �mt;ukqv
wqvxM!muyq'�zq{YI|
!
where x is thenumberof sentencesand Y is the
sizeof theN-bestlist. Let } � �R� G O �/� . We say
thetrainingdatais j -distinguishableby } if

O �d����� �yn O �d� ��� h , if i"��� � Svjml i ��� h !
for ukqv
wqvxM!muyq'�
!�~�q{Y .

Supposethe training datais j -distinguishable
by } , theordinal margin for parsesfor sentence

is definedasfollows

� � }L! j !V
�� G ���@���� h�� � >DC E P���� � >DC � } � ����� � ��&'} � � ��� h �
The minimal ordinal margin, �����1���f� , for } and j
is definedasfollows.

� ���V����� � }L! j � G ������ � � }L! j !V
��
G ������ >�C E P���� � >DC � } � ����� � �3&'} � � ��� h �

If j G%� , thenit is almostaregressionproblem,
sinceit requiresall theparsesto keeptheoriginal
orderunderfunction } .



4.2 Dynamic Pairing

A straightforwardmethodof usingpairwisesam-
plesis to definepositive andnegative sampleson
the differencesof vectorsas in (Herbrich et al.,
2000). For eachsentence
 , ����� �y&^� ��� h is a pos-
itive sampleif i"��� � l i ��� h , where i"��� � is the rank
of parse����� � . Similarly, ����� �y&v� ��� h is a negative
sampleif i ��� h l i"��� � .

However, for real tasks,this greatly increases
the data complexity from � � x�Y�� to � � x�Y ` � ,
wherex is thenumberof trainingsentences,andY is thesizeof n-bestlist. For parsererankingY is
about27,andfor machinetranslationrerankingY
is about1000. Dueto the limit of memoryspace
we cannotdefinepairwisesamplesexplicitly in
thisway.

Themethodto avoid thisproblemis to look up
pairwisesamplesdynamically, asshown in Algo-
rithm 1, a perceptronlike algorithm. The basic
ideais that, for eachpair of parsesfor the same
sentence,if

g the rank of � ��� � is significantlyhigher than
therankof � ��� h , i"��� � S^j$l i ��� h

g the weight vector O can not successfully
separate� ����� � and � ��� h � with a learningmar-
gin o , O � ����� � l O �/� ��� h Svo ,

then we needto update O with the addition of� ��� � &\� ��� h . It is notdifficult to show Algorithm 1 is
equivalentto usingpairwisesamplesin training.

4.3 Sentence-Level Updating

In Algorithm 1, for each repeat iteration, the
complexity is � � x�Y;`d�;� , where x and Y arede-
fined as above, and � is the averagenumberof
active featuresin a sample. We notice that the
scoreof aparse����� � will becomputedfor Y times
in eachrepeatiteration.However, in many cases
this is not necessary. In this section,we will re-
viseAlgorithm 1 to speedup thetrainingphase.

Algorithm 2 is similar to Algorithm 1 except
that the updatingis not executeduntil all the in-
consistentpairsfor thesamesentencearefound.
Thereforewe only needto computeO ������� � for
only oncein eachrepeat iteration. So the com-
plexity of eachrepeatiterationis � � x�Y;` S x�Y;��� .

The following theoremwill show that Algo-
rithm 2 will stop in finite numberof steps,out-

Algorithm 1 ordinalregression
Require: apositive learningmargin o .

1:
.2� � , initialize O e ;

2: repeat
3: for (sentence
 G u,! bDbDb !Vx ) do
4: for ( uyq'� l ~3q{Y ) do
5: if � i ��� h &�i"��� �kn j and O 	��F����� � l O 	I�� ��� h S�o ) then
6: O 	@PRQ � O 	 S ����� ��&y� ��� h ; .Z��. S u ;
7: elseif � i ��� � &�i ��� h n j and O 	 ��� ��� h lO 	��d����� � S�o ) then
8: O 	@PRQ � O 	 S � ��� h &y����� � ; .Z��. S u ;
9: end if

10: end for
11: end for
12: until no updatesmadein theouterfor loop

puttingafunctionthat j -distinguishesthetraining
data,if thetrainingdatais j -distinguishable.

Theorem 1 Suppose the training sampless � ����� �"!Vi"��� � ��| are j -distinguishableby a linear
function definedon the weight vector O � with
a splitting margin � , where tDt O � tDt G u . Let¡ G x£¢¥¤ ��� � tDt � ��� � tDt . Wehave

a Algorithm 2 makes at most `V¦d§1¨I§VP�`1©ª § mis-
takes on the pairwise samplesduring the
training.

b Algorithm 2 stops in « stepsof updates,
where

«¬q®­ Y `
¡ ` S ­ o� ` (1)

Dueto thespacelimitation, youomit theproof.

4.4 Uneven Mar gin

For j -insensitive ordinal regression,supposej G
u � andourordinalregressionalgorithmmadetwo
errors. One is on � a Q !�a QVQ � , and the other is on� a `�Q !�a(¯ Q � . The algorithm cannotrecognizethat
theformer is moreseriousthanthe latter. On the
otherhand,the algorithmdoesnot try to distin-
guish a Q and a Qfe , which is evenworse.

Our solutionis to apply unevenmargin to thej -insensitive ordinalregression.For example,we
want to find a hyperplanefor eachsentencesuch
thatthereis largermargin betweena Q and a Qfe , but



Algorithm 2 ordinal regression,sentenceupdat-
ing
Require: apositive learningmargin o .

1:
.Z� � , initialize O e ;

2: repeat
3: for (sentence
 G u,! bDbDb !Vx ) do
4: computeO 	��d����� � and °�� � � for all � ;
5: for ( u]q'� l ~�q±Y ) do
6: if � i ��� h &²i"��� �kn j and O 	 �F����� � l O 	 �� ��� h S�o ) then
7: °;� � °;� S u ; ° h � ° h &^u ;
8: elseif � i"��� �w&�i ��� h n j and O 	 ��� ��� h lO 	��d����� � S�o ) then
9: °;� � °;�m&^u ; ° h � ° h S u ;

10: end if
11: end for
12: O 	@PRQ � O 	 S^³ � °��/����� � ; .Z��. S u ;
13: end for
14: until no updatesmadein theouterfor loop

a smallermargin betweena Q and a ` , where aF� is
the parsethat ranks � for a sentence.Similarly,
we wanta largermargin betweena Q and a ` , but a
smallermargin betweena Qfe and a QVQ . Thus

x£¢¥´(µ¥
�_ � a Q !�a Qfe �¶n x£¢¥´�µ�
�_ � a Q !�a ` �n x£¢¥´�µ�
�_ � a Qfe !�a QVQ � (2)

Sothesolutionis to searchfor a hyperplanesuch
that

-(·F* ´ 6 � aW¸���&
- ·F* ´ 6 � a�¹F�ºn�µ �¼» !�½
� o

where µ � u,!/u � �£n¾µ � u,! ­ �£n¾µ � u � !/u"u � . Specifi-
cally, we replaceoneof theupdatingconditions

O �d����� � l O �d� ��� h S�o
in line 6 of Algorithm 2 with

O �d����� �$& O �d� ��� h
µ � i"��� �"!Vi ��� h � l^o ! (3)

andreplacetheupdatingcondition

i ��� h &Mi"��� �kn j with µ � i"��� �
!Vi ��� h �ºn j ! (4)

which meansthat we ignore irrelevant inconsis-
tent pairswith respectto µ . We alsoreplacethe
updatingoperationin line 7 with

°�� � °�� S µ � i"��� �,!Vi ��� h �W!Z° h � ° h &²µ � i"��� �"!Vi ��� h � (5)

A similar modificationis madein line 8 and9.
It can be shown that modifying Algorithm

2 in this way is equivalent to using � � ��� � &� ��� h �V¿ µ � i"��� �
!Vi ��� h � aspairwisesamples,soit is well
defined.Dueto thespacelimitation, we omit the
proof of theequivalencein thispaper.

Therearemany candidatesfor the function µ .
Thefollowing function is oneof thesimplestso-
lutions.

µ �¼» !�½
�2� u
» & u

½
We will usethis function in our experimentson
parsereranking.

4.5 Mar gin BasedGeneralization Bounds

So far we have proposedtwo perceptronbased
large margin algorithms for ordinal regression.
We needto show the relation betweenthe ex-
pectederror rateandthe ordinal margin that we
havedefinedabove. Wegiveasketchof theproof.

Supposethe x�Y parsesfor the x sentencesare
i.i.d. However, thepairwisesamplesarenot inde-
pendent.In this way, thereis no straightforward
applicationof theresultsfrom learningtheoryon
all thepairwisesamples.

However, we canusethesametechniqueused
in (Herbrichet al., 2000).Theideais to generate
only Y£&7u i.i.d. pairwisesamplesfor eachsen-
tence.We cangetupperboundson classification
risk with thesex � YÀ&Áu � pairwisesampleswith
margin basedbounds.Thenwe canrelatetheor-
dinal regressionrisk to theclassificationrisk.

5 Experimental Results

In thissection,wewill reporttheexperimentalre-
sults for parsererankingtask. We usethe same
datasetasdescribedin (Collins, 2000). Section
2-21of theWSJPennTreebank(PTB)(Marcuset
al.,1994)areusedastrainingdata,andsection23
is usedfor test.Thetrainingdatacontainsaround
40,000sentences,eachof which has27 distinct
parseson average. Of the 40,000training sen-
tences,the first 36,000areusedto train percep-
trons.Theremaining4,000sentencesareusedas
developmentdatafor parameterestimation,such
as the numberof roundsof iteration in training.
The 36,000training sentencescontain1,065,620
parsestotally. Weusethefeaturesetgeneratedby
Collins (Collins,2000).
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Figure1: f scoreson section23 of PTB by sepa-
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Figure2: f scoreson section23 of PTB with or-
dinal regressionalgorithms

In all of our experiments,we have employed
thevotedperceptronasin (FreundandSchapire,
1999; Collins andDuffy, 2002). The votedver-
sionmakestheresulton thetestsetmorestable.

In thefirst setof experiments,Algorithm 2 and
its uneven margin variantsareused. In addition,
we evaluatethe performanceof separatingonly
the bestparsefrom the rest in training by modi-
fying theupdatingconditionin Algorithm 2. Fig-
ure 1 and 2 show the learningcurves of differ-
ent modelson the test data,section23 of Penn
Treebank.Ordinalregressionwith unevenmargin
shows greatadvantageover the samealgorithm
usingevenmargin. Its performanceis alsobetter
thanperceptronthatis only trainedto separatethe
bestparsefrom therest.

By estimatingthe numberof roundsof iter-
ationson the developmentdata, we get the re-
sults for the testdataasshown in Table1. Our
ordinal regressionalgorithmwith uneven margin
achievesthebestresultin f-score. It verifiesthat
using more pairs in training is helpful for the
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Figure3: Convergenceof cluster-level updating
anditem-level updating
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Figure 4: Using all pairwisesamplesvs. using
partialpairwisesamples

rerankingproblem. In addition,the uneven mar-
gin is crucialto theparsererankingtask.

In Algorithm 2, we updatethe weight vector
on thesentencelevel soasto speedup the train-
ing, while in Algorithm 1 we updatethe weight
vector for eachpair of parses. Figure 3 shows
thecomparisonof thelearningcurvesof theordi-
nal regressionusingparselevel updatingandthe
ordinal regressionusingsentencelevel updating.
Algorithm 2 convergesabout40%faster. Theper-
formanceof Algorithm 2 is verygoodevenwithin
thefirst few roundsof iterations.Furthermore,the
f-scoreon thetestdataremainsat a high level al-
thoughit is over-trained.Algorithm 1 easilyleads
to overfitting for the training data,while Algo-
rithm 2 doesnot suffer from overfitting. This can
be explainedby an analogto the gradientmeth-
ods.For Algorithm 1,wemovein onedirectionat
atime,sotheresultdependsontheorderof parses
of a sentences,andit is easyto jump into a sub-
optimum.For Algorithm 2, we move in multiple-
directionsat a time,sotheresultis morestable.



section23, q 100words(2416sentences)
model recall% prec% f-score%

baseline 88.1 88.3 88.2
best-rest 89.2 89.8 89.5
ordinal 88.1 87.8 88.0
unevenordinal 89.5 90.0 89.8

Table1: ExperimentalResults

Our lastsetof experimentsareaboutusingall
and partial pairwisesamples. In order to theo-
retically justify Algorithm 2, we only use Y &¬u
pairwiseparsesfor eachsentence,e.g. pairs of
parseswith consecutive ranks. In Figure 4, we
comparetheresultsof usingall pairswith there-
sults when we usepairs of parseswith consec-
utive ranks. Using only partial pairs makes the
algorithmconvergemuchslower.

6 Conclusionsand Future Work

In this paper, we have proposeda generalframe-
work for reranking. In this framework, we have
proposedtwo new variantsof perceptron.Com-
pared to the previous perceptronreranking al-
gorithms, the new algorithmsuse full pairwise
samplesandallow us to searchfor margins in a
larger space,which areunavailable in the previ-
ousworks on reranking. We alsokeepthe data
complexity unchangedandmake the training ef-
ficient for thesealgorithms. Using the new per-
ceptronlike algorithms,we investigatedthemar-
gin selectionproblemfor theparsererankingtask.
By usingunevenmargin onordinalregression,we
achieves an f-scoreof 89.8%on sentenceswithq7u �"� wordsin section23of PennTreebank.The
resultson margin selectioncan be employed in
rerankingsystemsbasedon othermachinelearn-
ing algorithms,such as Winnow, Boosting and
SVMs.

We plan to apply the new perceptronalgo-
rithms to machinetranslationreranking. More
pairwisesamplesare involved in MT reranking,
sothatthenew algorithmsarevery suitable.
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