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Abstract. This work is inspiredby the so-calledrerankingtasksin naturallanguagepro-
cessingln this paperwe rst studytheranking,reranking.andordinal regressioralgorithms
proposedecentlyin thecontet of ranksandmaigins. Thenwe proposea generaframevork

for rankingandreranking,andintroducea seriesof variantsof the perceptroralgorithmfor

ranking and rerankingin the newv framevork. Comparedo the approachof using pairwise
objectsas training samplesthe new algorithmsreducesthe datacompleity and training
time. We applythe new perceptroralgorithmsto the parsererankingandmachinetranslation
rerankingtasks,andstudythe performanceof rerankingby employing variousde nitions of

themamins.
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1. Intr oduction

Rankingis one of the mostimportanttasksof relationlearning.In recent
yearsrankinghasbecomeanimportantresearctopicin the eld of machine
learning.In the eld of NaturalLanguageProcessindNLP), the so-called
rerankingtechniquegCollins, 2004) have beensuccessfullyusedin the pa-
rameterestimationin mary applicationswhich werepreviously modeledas
generatie models.

In NLP researchjt hasbeennoticedthat the use of global featuresis
critical to the performancef mary NLP systemsHowever, theintroduction
of global featuresresultsin dif culty for the dynamicprogrammingof the
generatre models.The basicideaof the rerankingis asfollows. A baseline
generatre modelgeneratefN-bestcandidatesandthenthesecandidatesre
reranledby usingarich setof localandglobalfeaturesUsually only thetop
candidateof thererankedresultsis used,sorerankingis alsocalledselection
or votingin somecases.

Muchresearchhasbeendoneonrankingandrerankingrecently andvari-
ousmachindearningalgorithmshave beenadaptedo therankingandrerank-
ing tasksWe will review theseworks in the next section,emphasizinghe
similarity anddifferencan therankingandrerankingproblemsin this paper
we will explore the adaptationof the ranking algorithmsto the reranking
problem.

Obviously, rankingis a problemthat lies betweenclassi cation andre-
gression.In someprevious works, ranking was reducedto a classi cation
problemby usingpairwiseitemsastraining samplegHerbrichet al., 2000),
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by item we meana candidaten the N-bestlist. This will increasethe data
compleity from O(n) to O(n?) in the caseof full setof pairs,wheren is the
size of the candidatelist. To avoid this, a subsetof the pairs are utilized.
However, this resultsin the loss of someinformationin the training data
for reranking.In someotherapproacheg¢Crammerand Singer 2001),extra
biasesare introducedto avoid using pairwiseitems as samples;eachbias
representshe boundaryof two neighboringrankson the scoremetric. But
the useof extra biasespreventsit from beingusedin rerankingtasks,aswe
will explain later

In this paperwe will introducea seriesof variantsof the traditionalper
ceptronalgorithm(Rosenblatt1958;Novikoff, 1962)for rankingandrerank-
ing, which fully utilize the key propertiesof the rankingproblemitself. The
basicideaof thesealgorithmsis thatwe searchdynamicallyfor pairsof in-
consistenbbjectsandusethemto updatethe weightvector Sincetheranks
areordered the dynamicalsearchcanbe implementeckf ciently . Theseal-
gorithmswill bejusti ed by modifying the proof for the perceptrortraining
in (Novikoff, 1962;KrauthandMezard,1987).

Basedon the new perceptroralgorithms,we studythe maigin selection
problemfor the parsererankingand machinetranslationreranking.Experi-
mentalresultsshow the superiorityof the unevenmargins.

The paperis organizedasfollows. In Section2, we summarizethe pre-
vious works on ranking and reranking.Thenwe investicate theseworks in
the contet of ranksandmaiginsin Section3, and proposegeneralmodels
for ranking and rerankingin Section4. In Section5 we proposetwo new
perceptrorbasedalgorithmsin the new framewvork. We will justify thesetwo
algorithmsin Section6. Thenew algorithmsareappliedto theparseaeranking
andthemachinetranslationrerankingproblemsn Section?.

2. Previous Works

2.1. RANKING AND ORDINAL REGRESSION

Crammerand Singer (2001) proposedthe PRankalgorithm, a perceptron
basedankingalgorithm.In their frameavork eachinstancds associateavith
arank,whichis anintegerfrom 1 to k. Thegoalof their rankingalgorithmis
to predictthe correctrank of eachinstance The PRankalgorithmis a variant
of theperceptroralgorithm.Thedifferencds thatthe PRankalgorithmmain-
tainsa setof biaseswhich areusedasboundariedetweentwo neighboring
ranks.

Harrington (2003) extendedthe PRankalgorithm by approximatingthe
Bayespoint, thusgiving a good performanceor generalizationThe Bayes
pointis approximatedy averagingthe weightvectorsandboundarieasso-
ciatedwith several PRankalgorithms.It is worth mentioningthat the large
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maugin effect achieved by approximatinghe Bayespoint canalsobeimple-
mentedby usingmaigin updategKrauthandMezard,1987)in PRank.But
thereis addedcomplicationof thesetof boundariesvhich areessentiato the
PRankalgorithm.

PRankand its extensionswork very well for the ranking problemsin
whicheachsamplds associatewith arank.However, dueto theintroduction
of a setof biasesthey are constrainedrom their usein otherranking-like
problems.For example,the PRankalgorithm cannotbe trainedon the data
associateavith a partialorderinsteadof orderon ranks.Furthermoreaswe
will shaw later, the PRankalgorithmcannothandlethererankingproblems.

Herbrichet al. (2000) proposeda maigin basedapproachor ranking,or
ordinal regressionasthey calledit in their paper In their framawork, each
trainingsamplés associateavith arankwhichis aninteger. Thetargetfunc-
tion is requiredto maximizethemaiginsbetweerthe sample®f neighboring
ranks.The SupportVector Machines(Vapnik, 1998) (SVMs) were usedto
computethe linear function maximizingthe mamgins. In contrastto PRank,
rank boundarieswvere not usedexplicitly in the training. Their approachs
implementedy usingpairwisesampledor training. For example,thereare
two samplesu andv, whereu ranksi andv ranksi + 1,thenu v isusedas
apositive sampleandv u is usedanegative sample.The PrefelenceKernel
wasusedto incorporatekernelsde ned onthe spaceof singleitems.

Theunderlyingassumptiorof ordinalregressions thatsamplesetween
consecutie ranksareseparableThis maybecomea problemin the casethat
ranksare unreliablewhenrankingis too ne. This is just what happensn
machinetranslatiorreranking.On the otherhand.,if rankingis rathersparse,
thesizeof generatedrainingsampleswill beverylarge.Supposéherearen
samplesvenly distributedon k ranks.Thetotal numberof pairwisesamples
in (Herbrichetal., 2000)is roughly n®=k.

2.2. RERANKING IN NLP

Now we present brief survey of thererankingtask.In recentyearsreranking
hasbeensuccessfullyappliedto someNLP problemsgspeciallyto the prob-
lem of parsereranking.Ratnaparkh(1997) noticedthat by rankingthe 20-
bestparsingresultsgeneratedby his maximalentrofy parseythe F-measure
could be improved to 93% from 87%, if the oracleparsewas successfully
detectedCharniak(2000)reranled the N-bestparsedy reestimatinga lan-
guagemodelon alarge numberof features.

Collins (2000) rst usedmachinelearningalgorithmsin parsereranking.
Two approachesvere proposedn that paper;oneusedBoostLossandthe
otherusedLog-LikelihoodLoss.Theapproactof BoostLossachiezedbetter
results.The BoostLossmodelis asfollows. Let x;;; be the featurevectorof
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the jt" parseof theit" sentencel et %; bethe bestparsefor theith sentencé.
Let F, beascorefunction

Fa(xi;j) a® Xi:js
wherea is aweightvector Themargin Ma;i;j onexamplex;;j is de ned as
Maji;j  Fa(Xi) Fa(Xi;j)
Finally the BoostLossfunctionis de ned as

BOOSLOSS{&) é S e (Fa(%) Fa(xi;j)) = é é e Ma;i;j
i i

The Boostingalgorithmwasusedto searctthe weightvectora to minimize
theBoostLoss.

We may rewrite the de nition of the mamgin Ma;;;; by using pairwise
samplesasfollows.

St X X
then
Ma;i;j = Fa(Xi) Fa(Xi;j) = Fa(Xi  xi;j) = Fa(s;j)
SotheBoostLossapproactin (Collins, 2000)is the sameasmaximizingthe
maugin (Schapireetal., 1997)betweerD andFa(s;j), wheres;j arepairwise
samplesaswe have describedabove.

In (Collins and Duffy, 2002), the voted perceptronand the Tree kernel
wereappliedto parsereranking.Similarto (Collins, 2000),pairwisesamples
wereusedastraining samplesalthoughimplicitly. The perceptrorupdating
stepwasde ned as

Wt

Ewi g
wherew! wastheweightvectoratthet'" updating Thisis equivalentto using
pairwisesamples;;j whichwe have de ned above.

wtl=wt+ Sij

ShenandJoshi(2003)appliedSupportvVectorMachineSVMs)andTree
kernelsto parsereranking.In thatpaper pairwisesamplesvereusedexplic-
itly throughthe Prefelencekernel.ufjj andui;j, de ned below, wereusedas
positive samplesandnegative samplegespectrely.

ut o (&oXig); U (X %)

The SVM was usedto maximizethe magin betweenpositve samplesand
negative sampleswhich in turn wasproportionalto the margin betweenthe
bestparseof eachsentencendtherestof the N-bestparses.

1 By bestwe meanthe parsethatis the mostcloseto the gold standard.
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In summaryin the previous works on rankingor ordinal regressionthe
mamgin is de ned asthe distancebetweenwo consecutie ranks.Two large
magin approachesiave beenused.Oneis to extend the perceptronalgo-
rithm by usingmultiple biasedo representheboundariedetweerevery two
consecutie ranks.The otherapproactis to reducethe rankingproblemto a
classi cationproblemby usingpairwisesamples.

In the works on reranking,the mamgin is de ned asthe distancebetween
thebestcandidateandtherest. Thererankingproblemis reducedo a classi-
cation problemby usingpairwisesamplesmplicitly or explicitly.

3. Ranksand Mar gins

Ourinitial goalis to adaptrankingalgorithmsto reranking However, we note
thatthereareafew fundamentatlifferencesetweerrankingandreranking,
which male it hardto userankingdirectly on reranking.On the otherhand,
bothrankingandrerankingemploy pairwisesamplego transforntheoriginal
probleminto aclassi cationproblem Wewill examinetheseissuesn thethis
section.

3.1. LOCALITY OF RANKS

First, in the previousworks on ranking,ranksarede ned onthewholetrain-
ing andtestdata.Thuswe cande ne boundariepetweenconsecutie ranks
onthewholedata.ln thererankingproblem,ranksarede ned over a cluster
of the samplesn the dataset.For example,in the parsererankingproblem,
therankof aparsds only therankamongall the parsegor thesamesentence.
Thetrainingdatainclude36,000sentencewith anaverageof over 27 parses
persentencégCollins, 2000).

As aresult,we cannotusethePRankalgorithmin thererankingtask,since
thereareno global ranksor boundariedor all the sampleslf we introduce
auxiliary variablesfor the boundariedfor eachcluster the numberof the
parametersvill beaslarge asthe numberof samplesObviously thisis nota
goodidea.However, the approactof usingpairwisesamplesstill works. By
pairing up two sampleswe actually computethe relative distancebetween
thesetwo sampleswith respectto the scoringmetric. In the training phase,
we areonly interestedn whethertherelative distancds positive or negative,
andwe do not needto comparet with arny speci c numbers.

To sumup, thelocality of ranksin the rerankingproblemleadsusto the
approactof usingpairwisesamples.
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3.2. DENSITY OF RANKS

In the previousworks on ranking,the numberof sampless muchlargerthan
thenumberof ranks.For example thelnformationRetrieval (IR) datausedin
(Herbrichetal., 2000)hasonly 3 ranks(“documentis relevant”, “document
is partially relevant”, and“irrelevantdocument”) the syntheticdatasetsused
in (Herbrichetal., 2000; Crammerand Singer 2001) have 5 ranks,andthe
EachMwie datasetusedin (Crammerand Singer 2001; Harrington,2003)
has6 ranks.In theseapplications differencebetweensamplesof different
ranksis signi cant, so it is naturalto de ne mamin as distancebetween
consecutie ranks.

However, this approachis problematicif ranksbecomedenserand the
samplesof consecutie ranksbecomelinearly inseparableFor example,in
the IR datausedin (Herbrich et al., 2000), we are not only interestedin
whethera documents relevantor not, but alsothe extentto which the doc-
umentis relevant. In this case,pairwise samplesde ned only on the con-
secutve ranksare not enoughfor training, sincerankswithin a smallrange
is unstablejt is hardto sayif a documentankedi is morerelevantthana
documentankedi + 1.

However, ranksin a large rangeis reliable;a documentanked 5 is more
relevantthana documentanked 15. So we may wantto usemore pairwise
samplesFor example,we may use(docs, docs) asa positive sample,and
use(docs, docs) asa negative sample.The extreme caseis pairing up all
the samplesThis will increasehe size of samplespaceby N times,where
N is sizeof a cluster To sumup, in the caseof denseanks,thefull pairwise
samplesor a subsebf thefull pairwisesamplesarerequiredin training.

Obviously, the ranksin rerankingare dense Eachtraining clusterhasa
rankedlist of N-bestcandidateFor parsererankingN = 27 onaveraggCollins,
2000),andfor machinetranslationrerankingN = 10000r more(Ochetal.,
2004).Therefore pairwisesamplesle ned only on consecutie ranksarenot
enoughin thetraining of reranking.

3.3. FuLL PAIRWISE FOR RERANKING

As we have showvn abore, in the previousworks on reranking,we searchfor
thehyperplanghatseparatethebestcandidatdrom therestof thecandidates
within eachcluster Givenaclusterletr; betheit" bestitemwithin thecluster
If we only look for the hyperplango separatehe bestonefrom therest,we,
in fact, discardthe orderinformation of r,:::ry. For example,we did not
employ theinformationthatr is betterthanrsg in thetraining,asshavn in
Figurel.a.

We may regard the weight vectorw asa scoremetric, which assignghe
highestscoreto the bestitem within eachcluster i.e. r;. Sothe questionis
whetherit shouldassigrthesecondighestscoretor», thethird highestscore
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Figure 1. Comparisorof scoremetrics

to r3, andsoon soforth, sincew is a scoremetric. Thereforejn Figurel.a,
w, is morepreferableéhanwy sincew, is ableto keepthe orderof itemswith
respecto theirgoodness.

In orderto searchfor w;, insteadof wy, we needto employ more order
ing relationsin the training. One solutionis to usea setof itemsas good
candidatesr goog, and usethe restas bad candidatesypag. For candidates
I good; ' bad Within thesameclusterrgood  I'bad is de nedasapositive sample,
andrpad rgood is de ned a negative sample.In Section4, we will usethe
splitting modelto capturethisidea.

However, thereis still a problemwith this solution,i.e. it doesnot dis-
tinguishthe differenceshetweenthe good samplesin the caseof machine
translatiorfor which N canbeaslargeas1000or evenmore,r 1 andr zgo will
bebothregardedasgoodcandidatesor example,sothesplitting modeldoes
nottry to assigna higherscoreto r 1 thanto r 3go.

Asfarasthisaspects concernedweapplytheordinalregressiormodelto
rerankingwith full pairwisesamplesThatis to say for everytwo candidates
ri andrj, i< j, within thesameclusteyr; rj is usedasa positve sample,
andr; rjis usedasanegative sample However, in the next sectionwe will
shaw thatordinalregressioris not a desirablemodelfor rerankingeither

3.4. UNEVEN MARGINS

Rerankingis not an ordinal regressiornproblem.In rerankingevaluation,we
areonly interestedn the quality of the item with the highestscorein each
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cluster andwe do not carethe orderof the otheritems. Thereforewe cannot
simply regard a rerankingproblemas an ordinal regressionproblem,since
they have differentlossfunctions.

Especiallywe wantto maintainalargermaigin in itemsof highranksand
asmallermamgin in itemsof low ranks.For example,in Figurel.b,wy meets
theconditionof ordinalregressiorby keepingtheorderof all candidatesvith
a cluster However, thereis a smallmaigin betweerr 1 andr,, which means
thatif we are given two candidatesimilar to r; andr, in the testset,wy
is very likely to switch their order However, w, maintainsa large magin
betweerr; andr,. Hencew; is moredesirablesvenit fails to keepthe order
of somebadcandidatesi.e. r3g andrsg, but they arefar away from the top
candidatesAccordingto thelossfunction,we arepenalizedf we switchthe
orderof r1 andr, but notfor r3g andr 5.

In orderto handlethis, wewill introducetheideaof unevenmaiginsin the
training. The techniqueof uneven magins hasbeenpreviously employedin
binary classi cationon unbalancedlata(Li etal., 2002),for which thereare
mary morenggative sampleghanpositive samplesSimilarly, with respecto
the lossfunction, the penaltyon errorsover positve sampless muchmore
thantheerrorson negative samplesin thatpapertheideaof unevenmagins
is to maintainalargemagin for the positive samplesandarelatively narrav
maigin for the negative samples.

Therefore OrdinalRegressiorwith UnevenMargins(ORUM) is morede-
sirablefor reranking.Speci cally, we searchfor alinearfunctionseparating
itemsin eachclusterwith unezenmargins,for example

margin(ra;rso) > mamgin(r;rig) > margin(r1; o) 1)
It is notdif cult to exhibit afunctionthatsatis es(1), for example
1 1
g(risrj) = A T 2)
It would beinterestingto investigate which mamgin functionis theoretically
desirableHowever, in this paperwe will simply usethis magin functionin
our experiments.

4. Modelsfor Ranking and Reranking

4.1. PROBLEM DEFINITION
We rst formalizethererankingproblem.

ltem x 2 RY is a d-dimensionalvectoron the real number It represents
singleparsepr asingletranslationin applications.
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Cluster c= (x1;:: %) 2 (R9Kis avectorof k items.It represents ranked
list of parse®rtranslationgor thesamesourcesentencén applications.

Rank re= (y1;::: ) 2 NK wherey; istherankofitemxiinc,1 vy, k.

Learning Let X bethespaceof clusters X = (R9)K, andletY bethespace
of ranks,Y = N K. The hypothesisclassH is X! Y. A learningal-
gorithmL ((X Y)™) takesmi.i.d. dravn training clustersassociated
with ranksfrom X Y accordingto distribution Dy vy, andoutputsa
hypothesish2 H.

Margin isafunctiononX Y H'! R.

4.2. SPLITTING

In this framewvork, we will rst proposeasplitting model,whichis similarto
previousworksonreranking but in amoregeneralform.
Let thetrainingsamplese
S=f(xipy)il 1 oml kg
wheremis thenumberof clustersandk is thelengthof ranksfor eachcluster
Let f(x) = w x bealinearfunction,wherex is anitem,andw is aweight
vector We construcia hypothesidunctionhs : X! Y with f asfollows.
hi(xa;:::x) = rank(f(xa);::; (X)) ;

whererankis a functionthatreturnsthe vectorof ranksfor the input vector
For examplerank(4:2;9:0;6:5;8:8) = (4;1,3;2).

An r-splitting algorithm searchegor a linear function f(x) = w x that
successfullysplitsthe top r-ranked itemsfrom therestof the itemsin every
clusterLety’ = (y{;:::;ylz) = h¢(xq;:::xk) for ary linearfunction f. We look
for afunction f suchthat

yoorifyor 3)
yi > if > (4)
Supposethere exists a linear function f satisfying(3) and (4), we say

f(xi;j;i;j)9 is r-splittable by f. Furthermorewe can de ne the splitting
margin gfor clusterc; asfollows.

af;rni)= min f(x;) max f(x;;)
i r IYij=>r

Theminimalsplitting margin, g, for f andr is de ned asfollows.

P (f:r) = ming(f:r;i) = min(min f(x;;)) ~maxt(x;;))
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Obviously, if r = 1, the r-splitting searchedor a linear function f that
cansuccessfullyseparatehe bestitem from the restin every cluster which
is similar to somepreviousrerankingalgorithms(Collins, 2000;Collins and
Duffy, 2002;ShenandJoshi,2003).

4.3. ORDINAL REGRESSION ON CLUSTERS

In this sectionwe will modelamorecomplicatedoroblem,ordinalregression
onclustersLetx;; xj; betwo itemswherey;;j < y;;. It meanshattherank
of x;;j of higherthanthe rank of x;;. We areinterestedn nding a weight
vectorw, suchthat

W Xi;j > WX+t if i< i
Let thetrainingsamplede
S=f(xi;y)il 0oml kg

wheremis thenumberof clustersandk is thelengthof ranksfor eachcluster
Let f(x) = w X. Wesaythe f isanordinalregressiorfunctionfor thetraining
setSif

W Xi:j > W X, if yi < Viis
fork i m1 ;I Kk
Supposef is an ordinal regressionfunction for the training set S, the
regressionmaigin for clusterc; is de ned asfollows

o f;i) = yi;r]n<|§/1i:I f(xi;;)  f(Xin)
Theminimalregressionrmarmin, °"%¢", for f is de ned asfollows.

() = ming(f;i)

4.4. PAIRWISE CLASSIFICATION

Thetwo modelsdescribedn the previoustwo sectionscanbegeneralizeds
aclassi cationproblemby usingpairwisesamplesLet the training samples
be
S=f(Xjyi)il 1o ml ] kg
wheremis thenumberof clustersandk is thelengthof ranksfor eachcluster
Let f(x) = w Xx. We saythetraining datais sepaable with respecto T
by f if

W Xi;j > W Xy, if (Vi i) 2 T,
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fork i m1 j;I kandT K K isapartialorderonK, where
K =11;2;::;kg.

It is not dif cult to seethat both splitting and ordinal regressioncan be
reduceto the modelgivenabove. For splitting,

Wiy 2T () Yy r<vyin
andfor ordinalregression
VYD) 2T () Yij < Vi

Furthermorethis model can be transformednto a binary classi cation
problemasfollows. 8(yi:j;yi1) 2 T;Xi;j Xiy is de ned asa positve sample,
andxi; X is de ned asa negative sample Therefore the modelabove is
equialentto nding a linear function separatinghe positive and negative
samplesFurthermorethe classi cationmamin is equivalentto splitting and
regressiommamgin respectiely.

4.5. PAIRWISE CLASSIFICATION WITH UNEVEN MARGINS
Let thetrainingsamplede
S=f(xipypil 1 oml kg

wheremis thenumberof clustersandk is thelengthof ranksfor eachcluster
Let f(x) = w X, wherejjwjj = 1. We saythe training datais sepagable
with respecto T by f with magint weightedwith maigin functiong if

W (X Xin) > o0 Vit if (i) 2 T (5)

ford i m1 ;I kT K KisapartialorderonK,andg2 K?2!
R is amamgin function,whereK = f1;2;:::;kg.

4.6. SINGLE CLUSTER

Thesemodelsfor multi-clustersamplescan be easily reducedto 1-cluster
casewhich canbeusedto modeltherankingproblem.

Item x 2 RY is ad-dimensionavectoron therealnumber
Rank y2 N ,wherel y kfor somex ednumberk.

Learning Let X bethe spaceof items,X = RY, andlet Y bethe spaceof
ranks,Y = N . ThehypothesislassH is X! Y. A learningalgorithm
L((X Y)™ takesmi.i.d. dravn trainingclustersassociategvith ranks
from X Y accordingto distribution Dx vy, andoutputsa hypothesis
h2H.
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Algorithm 1 PairwiseClassi cationwith UnevenMargins
Require: f(xi;j;Vi;j)9 is separable with respecto T.
Require: amamgin functiong
Require: apositive learningmamgint.

1: t 0, initialize wo;

2: repeat

for(1 j;I k)do
it ((yisjyi) 2 Tandw! (i Xig)  9(Yi;j;¥i)t) then

w LWt gy (G Xi)
t t+1
endif
endfor
10: endfor

11: until noupdatesnadein theouterfor loop

Mar gin isafunctionde nedonX Y H! R.

In the caseof a singlecluster items,insteadof clusters,aredravn i.i.d.
with respecto somedistribution.

5. Perceptron Algorithms

Thereare quite a few linear classi ersthat canseparatesampleswith large
maugin, suchasSupportVectorMachinegVapnik,1998),Boosting(Schapire
et al., 1997), Winnow (Zhang,2000) and PerceptronKrauth and Mezard,
1987).1n this paperwe will investigatethe perceptroralgorithmfor thefol-
lowing reasonskFirst, the perceptroris fastin training,which allows usto do
experimentswith variousmagin selectionson real-world data.Further the
perceptroralgorithmis simple , whichmakesmodi cation easyto implement.

In this paper we will investigate uneven mamgins for rerankingwith the
new perceptroralgorithms.The resultswith perceptrorexperimentscanbe
extendedo othermachindearningalgorithmstoo.

5.1. PERCEPTRON OVER FULL PAIRWISE SAMPLES

Algorithm 1 is usedto solve the PairwiseClassi cationwith UnevenMar-
gins (PCUM) modelproposedn Section4.5. The ideaof Algorithm 1 is as
follows. For every two itemsx;;; andx;;, if

(Vi:j;vi1) 2 T, and
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the weight vectorw can not successfullyseparatex;;; andx;; with a
learningmaigin g(yi:; yi:)t,

thenwe needto updatew with theadditionof g(yi;j; i )(Xi;j  Xix)-

In Section6 we will give thetheoreticusti cation of algorithm1.

If T isthefull order thesizeof T isk(k 1)=2,wherek is the sizeof a
cluster If we represenall the pairwisesampleexplicitly, the datacomple-
ity will bedmik(k 1)=2, whered is the dimensionalityof a sample.In the
researctof machinetranslatiorreranking(Ocletal., 2004),we have roughly
1000 sourcesentencesgeachof which has1000 besttranslationsand each
candidates representewith avectorof 20 real-\aluedfeaturesin this case,
thesizeof pairwisesampless roughly40Gbytes.Thus,we canonly compute
pairwisesampleglynamicallyin our algorithm.

In Algorithm 1, for eachiteration of a cluster we needexecutethe dot
productoperatiorfor j Tj times,whichis usuallyO(k?). Thusthe complexity
of outeriterationis O(k?d). In the next section,we will give an alternatve
algorithm,with which we reducethe compleity of outeriterationto O(k? +
kd).

5.2. FAST PERCEPTRON TRAINING

Algorithm 2 is similar to Algorithm 1 exceptthatthe updatingoperation
is executedontheclusterlevel insteadof sampldevel. For eachiterationof a
cluster we rst computew X;;j for eachitem x;.j. Thenwe usethesevalues
to checkwhetheranupdateonw is requiredfor eachpairin T. However, the
updatds notexecutedmmediately Insteadfor eachitem, thereis avaluable
ui;j thatrecordsall the updatesAfter all the pairsare checled, updatingis
executedonceandfor all.

It is easyto shawv that the complity of eachiteration of a clusteris
O(k? + kd). In Section6 we will shav that Algorithm 2 is theoreticallycor-
rect,andin the experimentalsectionwe will showv the superiorityof Algo-
rithm 2 over Algorithm 1.

5.3. THE LANDSCAPE OF PERCEPTRON BASED ALGORITHMS

So far we have presentedwo new perceptronbasedalgorithmswhich are
inspiredby the rankingandrerankingproblems.Comparedo the previous
works, our perceptron-like algorithmis more generalas shavn in Tablel.
Nov62 = (Novikoff, 1962), KM87 = (Krauth and Mezard,1987),CS01=
(CrammerandSinger 2001),WH®60 = (Widrow andHoff, 1960),andCD02
= (CollinsandDuffy, 2002).

First, we have threedifferenttasks— classi cation, ranking,and regres-
sion, in the order of increasingdif culty . Classi cation is the easiestand
regressioris themostdif cult. Now we have two differentkindsof data.The
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14 Libin ShenandAravind K. Joshi

Algorithm 2 FastPairwiseClassi cationwith Uneven Margins
Require: f(xi;j;Vi;j)9 is separable with respecto T.
Require: amamgin functiong
Require: apositive learningmamgint.
1: t 0, initialize wo;
2: repeat

3. for (i= 1;:::;m)do

4: for (j = 1;::;;K) do

5: computew!' x;. for all j's;

6: up 0

7 endfor

8: for(2 j;I k)do

9: if ((Yirjsyin) 2 Tandw' (xi;j  xia)  9(¥iij;Yia)t) then
10: up Ui+ glyisyi)iu w0 Vin)s
11: end if

12: endfor

13: if (&;jujj > 0) then

14; Wt Wt & upxig;

15: t t+1;

16: endif

17:  endfor

18: until no updategnadein the outerfor loop

Tablel. ThelLandscap®f PerceptrorbasedAlgorithms.

| model | explicit+single | sub-model| implicit+single | implicit+multi |
classi cation | Nov62, KM87 ‘ | . ‘ cbo2 |
| Alg 1 |

| ranking | csol | - | Alg 1 |
| regression | WH60 | - | - ‘ B |

simplercaseis thatthe whole datacontainsonly onecluster The perceptron
stylealgorithmsfor thesethreetasksarelistedin column?2 of Tablel. They
all usebiasedn trainingexplicitly.

In somecasesthetrainingdatacontainamorethanonecluster suchasthe
rerankingtasksin NLP. For theseproblemswe cannotusebiasesexplicitly
in training,andthe solutionis to usepairwisesamplessothatbiasis treated
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RankingandRerankingwith Perceptron 15

implicitly. This methodcanalsobe usedin a one-clusteiproblem(Herbrich
etal.,2000).

Thereare two sub-modeldor the classi cation problemusing pairwise
samplesOneis to divide, in every cluster top candidatefrom the rest, the
1:n model.Almost all the previousworks on NLP rerankingtasksfall into
thiscatggory. A moregeneramodel,m: n splitting, is handledby thesplitting
modelasdescribedn Section4.2.

It is worth mentioningthat,in recentyears the perceptron-like algorithms
have also beenadaptedto multi-label setting and topic ranking problems,
suchas(CrammerandSinger 2003),which arerelatedto our work, but are
notshavnin Tablel.

6. Theoretical Justi cation

In the previous subsectionswe have proposedwo perceptrorbasedliarge
maigin algorithmsfor splitting andordinalregressiormodels Now we shawv
thatthesetwo algorithmsstopin nite stepsif thetrainingdatais separable,
andpresentalower boundof theresultingmamgin which is usedto constrain
the expectederrorrate.

The methodof reducinga complicatedaskinto simplebinary classi ca-
tion taskshasbeenusedin problemdik e multi-classclassi cation(Crammer
andSinger 2002)andconstraintclassi cation (Har-Peledet al., 2002).0One
potentialproblemis that,in thebinaryclassi cationtaskstheexpandedgsam-
ples are not generated.i.d., which is importantfor mamgin-basedbounds.
Theremedyis to reducethedependensamplegHerbrichetal., 2000)andto
introducea new distribution with respecto which classi cationsamplesare
drawvn independentlfHar-Peledetal., 2002).

6.1. JUSTIFICATION FOR ALGORITHM 1

Theoreml givesusanupperboundon the numberof stepsneededor Algo-
rithm 1 to stop,if thetraining datais separableThe proof for Theoreml is
giventhe Appendix.

THEOREM1. Supposéhetrainingsamples (x;:j;Yi;j)g are separable with
respectto T by a linear function de ned on the weightvectorw with a
margin g weightedon margin functiong asin (5), whee jjw jj = 1. Let
R= max;jjjx;;jjj andl = min;;j; a(yi;j;Yi1). Thenwehave

a Algorithm 1 stopsin t stepsof updateswhee

2t + 4R?

T2 (6)
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16 Libin ShenandAravind K. Joshi

b Theresultingweightvectorsepaatesanytwo itemx;.j andx;;, whee
Yi;j < Yi:, with mamgin

t
2t + 4R2 (7)

G 9(YijiYin)g

Accordingto (7),if t >> R, Algorithm 1 stopswith resultingmaigins at
leasthalf of the optimummangins,g(yi:j; Yi1) g

Thenwe canapply magin-basedgeneralizatiorbounds(Vapnik, 1998;
Cristianini and Shave-Taylor, 2000). A potential problemis that pairwise
samplegde ned on S= f(x;;j;VYi;j)g arenotindependentthusviolating the
i.i.d. assumptionThe way to avoid this problemis to emplgy only k 1
independenpairwisesampledor eachcluster asin (Herbrichetal., 2000).

Furtherwetransformtheunezenmarginsto auniquemargin by rede ning
the pairwisesamplesas
Xi:j X
o(Yi:js i)
In orderto give the errorboundon thetestdata,we transformthe testdatain
the sameway.

Giventheresultingmamgin, gm accordingo (7) and(8),on S’ we can
easilyboundthe erroronthetransformedestdataunderPAC frameby using
maigin-basedyeneralizatiorboundsgivenin (Vapnik, 1998; Cristianiniand
Shave-Taylor, 2000).

Thenwe canobtainthe expectederrorboundfor the binaryclassi cation.
However, it is well known that the boundgivenin this way is a looseone.
It will beinterestingto searchfor a tight boundfor the rerankingproblem,

for exampleby emplgying the growth function of ranking (Har-Peledet al.,
2002)andutilizing its differencewith ordinalregressiorasdescribedbore.

= f i ¥i) 2 Tg (8)

6.2. JUSTIFICATION FOR ALGORITHM 2

For Algorithm 2, we will shaw thatif the training datais separablethe al-
gorithmwill stopin a nite numberof stepwith a resultingmaigin on the
training data.For the sale of simplicity, we will only take a weakversionof
thealgorithm,by assumingy(yi;j;yix) 1foralli; j;|. However, thetheorem
andthe proof givenherecanbe extendedo the original algorithm.

THEOREMZ2. Supposeéhe training sampled (xi:j;Vi:j)g are separable by
a linear function de ned on the weightvectorw with a mamin g, whee
jiw jj = 1. LetR= max;jjjxi;jli. Thenwehave

a Algorithm 2 malkesat mos
during thetraining.

t% mistaleson the pairwise samples
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RankingandRerankingwith Perceptron 17

b Algorithm?2 stopsin t stepsof updateswhele

2t + k°R?
7 €)
¢ Theresultingmamin onthetraining datais at least
t
Dot + kere (10)

Theproofof Theorem?2 is givenin the Appendix.

It is worth mentioningthat Algorithm 2 needsmoreiterationsfor corver-
gencethan Algorithm 1 theoretically while the former runs muchfasterin
eachiteration. Experimentgyiven in the next sectionshawv thatthe running
time for Algorithm 2 is shorterandtheresultis morestable.

7. Experimentsand Discussion

In this section,we shawv the experimentalresultson two NLP tasks,parse
rerankinganddiscriminatie rerankingfor machinetranslation which were
partially reportedin (ShenandJoshi,2004)and (Shenet al., 2004) respec-
tively. A single Pentiumlll 1.13GHzcpu with 2GB memoryis usedfor
all experiments.The algorithmsare codedwith Java, runningon the Linux
operatingsystem.

7.1. PARSE RERANKING

For parsereranking we usethe samedatasetasdescribedn (Collins, 2000).
Section2-21of theWSJPennTreebanKPTB) (Marcusetal., 1994)areused
astrainingdata,andSection23 is usedfor testing.Thetrainingdatacontains
around40,000sentencessachof which has27 distinctparseson average Of
the 40,000training sentencegshe rst 36,000are usedto train perceptrons.
The remaining4,000sentencesre usedasdevelopmentdatafor parameter
estimation suchasthe numberof roundsof iterationin training. The 36,000
training sentencesontain1,065,620parsesn total. We usethe featureset
generatedby Collins (Collins, 2000).Thereare521,498featuresn all.

We useAlgorithm 2 in the rst setof experiments.By using different
settingsof the pairwisesamplesandthe magins, we designthe experiments
asfollows.

1-splitting, CD02: This settingis usedto simulatethe perceptronal-
gorithmintroducedin (Collins and Duffy, 2002)? Only oneof the best

2 |n (Collins andDuffy, 2002) thetreekernelis usedasfeaturenall treeseggmentsHere
we usethefeaturesetusedin (Collins, 2000;ShenandJoshi,2003).
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18 Libin ShenandAravind K. Joshi

Tablell. ExperimentaResults

| section23, 100words(2416sentences) ‘

| model | recall% | precision%)| f-score% |
| baseling(Collins, 1999) | 881 | 883 | 882 |
| 1-splitting,CD02 | 892 | 898 | 895 |
| r-splitting, evenmagins | 891 | 898 | 895 |
| r-splitting, unevenmaigins | 89.3 | 90.0 | 89.6 ‘
| ordinalregressionevenmangins | 881 | 87.8 | 880 |
| ordinalregressionunevenmagins | 89.5 | 90.0 | 898 |

parsesfor eachsentencas usedasthe good parseand the other best
parsesaredroppedOtherparsesareusedasbadparses.

r-splitting, even margins: all the bestparsesare usedasgoodparses.
Otherparsesareusedasbadparses.

r-splitting, unevenmargins: all thebestparsesreusedasgoodparses.
Themaugin functiong(ri;rj) = 1 T1,whichwaspre/iouslyde nedin
(2), is employed.

ordinal regressionevenmargins. T = f(j;1)j j< Ig.

ordinal regression,even margins: T = f(j;1) j j < |lg. The magin
functionde nedin (2) is employed.

By estimatinghenumberof roundsof iterationsonthedevelopmentata,
we getthe resultson the testdataas shavn in Tablell. Ordinal regression
with unevenmamginsachiezesthebestresultin f-score?. It veri es thatusing
morepairsin trainingis helpful for the rerankingproblem.Uneven magins
arecrucialfor employing full pairwisemodelsto reranking.

We comparehe performancef Algorithm 1 andAlgorithm 2 on our best
model,ordinal regressionwith uneven mamgins. Figure2 showvs the compar
ison of the learning curves of thesetwo algorithms.For Algorithm 1, we
computethe scoreof all pairwisesamplesw! x;;j W' X4, onthe y .

3 f.score=2 precision recall/ (precision+recall)
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Figure 2. Learningcurvesof Algorithm 1 andAlgorithm 2 on PTB Section23

Algorithm 1 corvemgesfasterthanAlgorithm 2 in termsof roundswhich
is consistentwith the theoreticaljusti cation. However, Algorithm 2 con-
vergesfasterin termsof runningtime. Theresultsfor f-scorearesimilar, But
theresultof Algorithm 2 is morestable;it doesnotover-t thetrainingdata
even after 3000roundsof iteration,while Algorithm 1 overtrainsquickly in
termsof rounds.We think thereasonis that Algorithm 1 updateghe weight
vectorwhenever thereis a classi cationerroron a pairwisesamplethusit is
morelikely to dropinto alocal optimum.While Algorithm 2 to someextent
alleviatestheill-posedproblent of the perceptroralgorithm.

7.2. DISCRIMINATIVE RERANKING FOR MACHINE TRANSLATION

We provide experimentalresultson the NIST 2003 Chinese-Englisharge
datatrack evaluation.We usethe datasetusedin (Och et al., 2004). The
training dataconsistsof about170M Englishwords, on which the baseline
translationsystemis trained.Thetraining datais alsousedto build language
modelswhich are usedto de ne featurefunctionson varioussyntacticlev-
els. The developmentdataconsistsof 993 ChinesesentencesEachChinese
sentences associatedvith 1000-besEnglishtranslationsggeneratedy the
baselineMT system.The developmentdatasetis usedto estimatethe pa-
rameterdor thefeaturefunctionsfor the purposeof reranking.Thetestdata
consistof 878 ChinesesentencesEachChinesesentencés associatedavith

4 Theresultof thealgorithmdepend®n the orderin which thetrainingsamplesareused.
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Figure 3. Splitting with unevenmagins
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Figure 4. Ordinalregressiorwith unevenmamgins

1000-besEnglishtranslationgoo. Thetestsetis usedto assesthe quality of
thererankingoutput.

In (Ochetal.,2004),aggressie searctwasusedo combinefeaturegOch,
2003). After combiningabouta dozenfeaturesthe BLEU score(Papineni
et al., 2001)did not improve ary further, andthe scorewas 32:9%. In our
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experiments,we will usethe top 20 individual featuresdevelopedby Och
etal. (2004).Algorithm 2 is usedwith thethreedifferentsettingsasfollows.

bestvsrest T = f(1;j)j j > 1g andevenmaigin.

splitting, unevenmargins. T = f(j;1) j j <= 300andl >= 700y. The
maigin functionde nedin (2) is employed.

ordinal regressionunevenmargins. T=f(j;1)jj 2<landj+ 20<
Ig. Themamgin functionde nedin (2) is employed.

Thebestvs. restsettingis usedto simulatethepreviousperceptrorrerank-
ing algorithm (Collins and Duffy, 2002). It corvergedin 7 iterations,and
achiered BLEU scoreof 30:9%. The learningcurve of the Splitting andthe
ORUM is shavn in gure 3 and4. The Splitting algorithmachieved BLEU
scoreof 32:6%, andthe ORUM algorithmachieszed BLEU scoreof 32:9%,
whichis signi cantly betterthanthe bestvs. restmodel.

Accordingto thelearningcurves,we noticethatwheneer thelog-losson
thedevelopmentsetdecreaseshe BLEU scoreonthetestsetincreasesThis
experimentallyveri es thetheoreticajusti cation of thesetwo algorithms.

8. Conclusions

In this paperwe have proposed generaframenork for rankingandrerank-
ing. In this framavork, we have proposedwo variantsof perceptronywhich
aretrainedon pairwisesampleslsingthesetwo algorithms we canemploy
morepairwisesampleswhich areusefulin trainingaranker or reranler. We
alsokeepthedatacompleity unchange@ndmake thetrainingef cient with
thesealgorithms.

Using thesetwo algorithms,we investigatedthe maigin selectionprob-
lem for thererankingtasks.By usinguneven maigins on ordinal regression,
we achievesanf-scoreof 89.8%o0n sentencesvith 100 wordsin Section
23 of PennTreebankln machinetranslationreranking,our perceptron-lile
algorithm matchesthe state-of-the-artliscriminatve MT rerankingsystem
reportedin (Och, 2003).The ideaon uneven margins on full pairwisesam-
plescanbe emplg/edin rerankingsystemsasedon othermachinelearning
algorithms,suchasWinnow, Boostingand SVMs, via the de nition of the
mamginsor lossfunctions.
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Appendix
PROOF OF THEOREM 1

Proof: We shaw it by boundingjjwijj? from above and belav. Suppose
f(Xi;j;vi;j)gis separablevith respecto T with magin gweightedonamaigin
functiong asin (5), andg(a;b) = g(b;a) if b< a. Thetrainingdatacanbe
notedasS= f (ur;vy)g with maigin weightf| ,g where

U = Xi;j Xl
1t (yijsyin) 2 T
1 (yinyi) 2T,
Ved(Yisjs Yl );
fori; j;1 s.t.(yi;j;yi;1) 2 T or (i;;Yi;j) 2 T. Thereforewe have

v, =

Iy

vi(w u) > 1g (11)

wherel r jS;jjw jj'= 1.Thus
Accordingto algorithm1,

wh=wt PV vwt Bt T

Thus
”WtJJZ — (Wt l+ th tut)Z
- ]]Wt 1jj2+ 2| tVtWt 1 Ut+ |t| tjjutij
jiwt iz 20+ 11 Y(2R)?
t
A 1Pl P2t + 4R (12)
p=1
Ontheotherhand,

wwh=w WV = wowt TV tw

t
>w w t+1ltlg > §IPIPg (13)
p=1

Combining(12) and(13), we have

t t
(A 1PIP9? < jiw wii?=jiwlji> @ I PIP(2t + 4R%)

p=1 p=1
& oo 8h=1l PIP(2t+4R%) 2t + 4R

(al™7) X = (14)
p=1 a-p=1| Pl ng 92
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Letl min= min. | ;. With (14), we have
Ah=1PIP 2t + 4R
| ﬁwin I %ﬂng2

Thereforeclaim a of Theoreml holds.Now we shav claim b. With (12)
and(14)we have,

(15)

2t + 4R2

t
iwiiz & I PIP2t + 4RP) (2t + 4R?)
=1 ¢
+
_ (2t 4R2)2; .
L 2t+4R2
jiwtjj (16)
g
Thentheresultingmagin for x, givenby w! is boundedrom below.
A [t t
¢ T ey e 4

Thereforeclaim b of Theoreml holds.

PROOF OF THEOREM 2

Proof: We shaw it by boundingjjwijj? from above and belav. Suppose
f (xi.j;Yi;j) g is sepaableby w with magin g, so

W Xij W Xi>g (18)
wherel i m1 j;I k. Letusconsidereachupdatingw! = wt 1+
asUsXis for some x edi. Accordingto thealgorithm,we have

1o . . kk D=2 K

1 = —_— < — 19

zasuusj > 7 (19)

é. UsXi;s = é. Xisj Xl (20)

S (ih2s

whereS=f(j;1)j1 ;I kw' (x;j Xi) tg,jSj= %é’\sjusj for each
iteration. Here %ésjusj representshe numberof mistales madeby w! on
sentence atthet™ updatingWe de ne g ase. 38 jusg.

We rst boundjjwijj? from below. We have

t — t

[]
ww = w w i+ §uw xs

S
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o
=w w M a w(xg X)

(ish2s 1
wwi+ § g
(ish2s 1
=w w '+a g
t1
a €pg
p=1
t 1
Wiz = jiw jigintiz  (w wh? (§ ep)’d (21)
p=1

Thenwe boundjjwtjj? from above.

Wiz = w2+ 20t 1 usxis+ i & UsXisgli2
S S

pwt P2 g wh (g xi) + i@ uskii®
(2§ 1 S
jiwt Yj2+ 2e ot + jj § usxigj?
S
jiwt Y2+ 2 gt + 4ef R
t 1 t 1
28 et+4§ R (22)
p=1 p=1
Combining(21) and(22), we have
t t t
(A e)’d 2aet+43q R (23)
p:]_ p:l p:l
Thereforethe numberof mistalesmadein the rst t updatess
28% 65t 48, ER°
1 dp-18pF A1
2t . 4(k2=4)z‘§1‘p=1epR2
& étpzlepgz
K2R2 + 2t

T F &9

Since8p;1 ey, thust étp=1ep. ThereforeAlgorithm 2 stopsaftert
updateswhere

) ét_ o k?R?+ 2t
p
p:]_ g2
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Thereforeclaim a andb of Theorem? hold. For claim ¢, we usethe same
techniqueasin theproof of Theoreml, andwe have

t
d e
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