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Abstract

Perceptrotik e largemagin algorithms
areintroducedfor the experimentswith

various magin selections. Compared
to the previous perceptromerankingal-

gorithms, the new algorithmsuse full

pairwisesamplesndallow usto search
for maginsin a larger space.Our ex-

perimentalresults on the data set of

(Collins, 2000) shawv that a percep-
tron like ordinal regressionalgorithm
with uneven mamgin can achieve Re-
call/Precisionof 89.5/90.00n section
23 of WSJ PTB. Our result on mar

gin selectioncanbe employedin other
large maigin machine learning algo-
rithmsaswell asin otherNLP tasks.

1 Intr oduction

In recentyears, the so-called reranking tech-
nigues (Collins, 2000) have been successfully
usedin parameterestimationin mary applica-
tions which were previously modeledas gener
ative models. A baselinegeneratre modelgen-
eratesN-best candidatesand then thesecandi-
datesarereranled by usingarich setof localand
global features. Variousmachinelearningalgo-
rithms have beenadaptedo the rerankingtasks.
In the field of machinelearning, a class of
taskswhich arecalledrankingor ordinal regres-
sion are similar to the rerankingtasksin NLP.
A primary motivation of the presentpaperis to
applyrankingor ordinalregressioralgorithmsto
thererankingtasksin NLP, especiallybecauseve
obsenre thatthereis no directway to applythese
ranking algorithmsto reranking. More specifi-
cally, we will comparethe existing rerankingand

ranking algorithmsin the framevork of margin
selection Thegoalthenis to look for adesirable
maigin for thererankingtasksin NLP.

In orderto experimentwith various magins,
we will introducevariantsof the traditional per
ceptronalgorithm (Rosenblatt,1958; Novikoff,
1962)for reranking,which allows the useof var
ious magins; The trainingis alsovery fast. The
basicideaof theseperceptronike algorithmsis
thatwe dynamicallysearchfor pairsof inconsis-
tent objectsand usethemto updatethe weight
vector Sincetheranksareorderedthedynamical
searchcanbe implementecefficiently. Theseal-
gorithmswill be justified by modifying the proof
for theperceptrorrainingin (KrauthandMezard,
1987).

Comparedo previous work on perceptrorfor
parsereranking (Collins and Duffy, 2002), our
new algorithmsusefull pairwisesamplesnstead
of partial pairwise samples. This allows us to
searchfor mamgins desirablefor rerankingtasks
in alarger spacewhich is unavailablein the pre-
viouswork.

In this paper we focus on the parsererank-
ing task. However, the methodscan, of course,
be appliedto other NLP rerankingtasks. Our
experimentalresultson the dataset of (Collins,
2000)shaw thata perceptrorike ordinal regres-
sion algorithm with uneven mamgin can achieve
Recall/Precisionof 89.5/90.00n section23 of
WSJPTB, whichis comparabldo 89.6/89.9with
theboostingalgorithmin Collins’ paperalthough
boosting is believed to have more generaliza-
tion capability Our resultsalso shav that the
nev mawgins introducedin this paperare supe-
rior to the magins usedin the previous works
on reranking. The resultson magin selection
canbe emplo/ed in rerankingsystemsbhasedon



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

Thepaperis organizedasfollows. In section2,
we summarizehe previousworksonrankingand
rerankingandinvestigateheseworksin thecon-
text of ranksandmaigins. Thenwe proposeade-
sirablemangin selectiorfor rerankingn section3.
In sectiord we proposdwo new perceptrorbased
algorithms.Thenew algorithmsareappliedto the
parsererankingproblemin section5. Finally, we
will describesomenew experimentgelatedto the
parsererankingtask.

2 Previous Works

2.1 Reranking

In recentyears,rerankinghasbeensuccessfully
appliedto someNLP problems.especiallyto the
problemof parsereranking. Ratnaparkh{1997
noticed that by ranking the 20-bestparsingre-
sultsgeneratedby hismaximalentrogy parserthe
F-measureventto 93% from 87%, if the oracle
parsewassuccessfullydetected Charniak(2000
reranked the N-bestparseshy reestimatinga lan-
guagemodelon alarge numberof 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 x; ; bethefea-
turevectorof thej** parseof thei*" sentencel et
%; be the featurevectorof the bestparsefor the
ith sentencel et F,, beascorefunction

Fa(xi,j) = Ozl . xi,j,

wherea is aweightvector Themargin M, ; ; on
samplex; ; is definedas
Mo = Fo(%;) — Fo(xi)

Finally the BoostLossfunctionis definedas
Z Z eFa(Xi)—Fa(xi ;)
(]
= TR e
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The Boosting algorithm was usedto searchthe
weightvectora to minimizethe BoostLoss.

BoostLoss(a) =

We may rewrite the definition of the magin
M, ; ; by usingpairwisesamplesasfollows.

Sij = X; — Xij o then

Moyj = Fo(X;) — Fo(xi ;) Fo(%i — x45)

= Fa(Si,j)

SotheBoostingLossapproacthin (Collins, 2000)
is similar to maximizingthe magin (Schapireet
al., 1997)betweer0 and F, (s; j), wheres; ; are
pairwisesamplesaswe have describedabove.

In (CollinsandDuffy, 2002),the votedpercep-
tron and the Tree kernel were appliedto parse
reranking. Similar to (Collins, 2000), pairwise
sampleswvereusedastraining samples.The per
ceptronupdatingstepwasdefinedas

witl =wl 4 Xi — Xij,
wherew! is theweightvectoratthet th updating.
Thisis equivalentto usingpairwisesamples; ; as

we have definedabore.

with = wt +8;4

ShenandJoshi(2003 applied SupportVector
Machines (SVMs) and Tree kernels to parse
reranking. In that paper pairwisesampleswere
usedexplicitly throughthePreferencdxerneI.uj,j
andui_’ f definedasfollows wereusedaspositive
samplesandngyative samplesespectiely.

u;':j = (ii,xi,j), ui_,j = (Xiyj,f(i)

SVM is usedto maximize the maigin between
positive samplesand nggative sampleswhich in
turnis proportionako themagin betweerthebest
parseof eachsentenceindthe restof the N-best
parses.

In the works on reranking,the magin is de-
fined asthe distancebetweenthe bestcandidate
andtherest. Thererankingproblemis reducedo
a classificationproblemby using pairwise sam-
plesimplicitly or explicitly.

2.2 Ranking

In the previous works on ranking or ordinal re-
gressionthemagin is definedasthedistancebe-
tweentwo consecutie ranks. Two large magin



approachebave beenused.Oneis to extendthe
perceptroralgorithmby usingmultiple biasesto
representhe boundariedetweerevery two con-
secutve ranks(Crammerand Singer 2001). The
otherapproachis to reducethe ranking problem
to a classificationproblemby using the trick of
pairwisesamplegHerbrichetal., 2000).

CrammerandSinger(2001) proposed the
PRank algorithm, a perceptronbasedranking
algorithm. In their framewvork eachinstanceis
associatedvith a rank which is an integer from
1to k. Thegoalof their rankingalgorithmis to
predict the correctrank of eachinstance. The
PRankalgorithm is a variant of the perceptron
algorithm. The differenceis that the PRank
algorithm maintainsa set of biaseswhich are
used as boundariesbetweentwo neighboring
ranks.

PRankworks very well for the ranking prob-
lemsin which eachsampleis associatedvith a
integer rank. However, due to the introduction
of a setof biasesit is not possibleto usethem
in otherranking-like problems.For example,the
PRankalgorithmcannotbetrainedonthedataas-
sociatedwith a partialorderinsteadof total order
onranks.Furthermoreaswewill shawv in section
3, the PRankalgorithmcannothandlethererank-
ing problems.

Herbrichetal. (2000 proposedmangin based
approachfor ranking, or ordinal regressionas
they calledin their paper In their framework,
eachtraining sampleis associatedvith a rank
which is an integer The target function is re-
quiredto maximizethemamginsbetweerthesam-
ples of neighboringranks. The Support Vec-
tor Machines(SVMs) (Vapnik, 1998) were used
to computethe unique function maximizing the
magins. In contrastto PRank,rank boundaries
werenot usedexplicitly in thetraining. Their ap-
proachis implementedy usingpairwisesamples
in training. For example,thereare two samples
u, v, whereu ranks; andv ranksi+ j, thenu—v
is usedasa positive sampleandv — u is useda
negatve sample.The PrefeenceKernelwasused
for thekerneltrick to beappliedontheinputsam-
ples.

The underlyingassumptiorof the ordinal re-
gressionis that samplesbetween consecutie
ranks are separable. This may becomea prob-

lemin thecasethattheranksareunreliablewhen
rankingis too fine. On the otherhand,the size
of generatedraining sampleswill be very large.
Supposeherearen samples.The total number
of pairwisesamplesn (Herbrichet al., 2000)is
roughlyn?.

2.3 LargeMargin Classifiers

There are quite a few linear classifiers that
canseparatssampleswith large magin, suchas
SVMs (Vapnik, 1998),Boosting(Schapireet al.,
1997), Winnow (Zhang, 2000) and Perceptron
(KrauthandMezard,1987). The performanceof
SVMs is superiorto other linear classifiersbe-
causeof their ability to maximizethe mamgin.

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, the SVMs’
capability of global mamgin optimizationis com-
promised.

For mamgin selectionwe do needanalgorithm
thatrunsfastfor training,sothatwe cantestvari-
ousmamins. Thentheresultof themawgin selec-
tion can be emplo/ed in otherlinear classifiers.
For the purposeof mamgin selectionwe proposes
perceptroriike algorithmsfor the following two
reasonsFirst, perceptroris fastin trainingwhich
allows usto do experimentswith variousmagin
selectionson real-world data. Furthermoreper
ceptronalgorithmsaresimplein principle, which
malkesit easyto implementmodification.

3 Ranksand Mar ginsfor Reranking

In the previous works on ranking, ranksare de-
fined on the whole training and testdata. Thus
we can define boundariesbetweenconsecutie
rankson the whole data. In the rerankingprob-
lem, ranksare local. They are definedover a
subsetof the sampledn the dataset. For exam-
ple, in the parsererankingproblem,the rank of
a parseis only definedasthe rankamongall the
parsegor thesamesentenceThetrainingdatain-
cludes36,000sentencewith anaverageof about
27 parsepersentencgCollins, 2000).

As aresult,we cannotusethe PRankalgorithm
in the rerankingtask, sincethereare no global

Herewe do not considerkernelsof infinite dimension



ranksor boundariesn reranking,as the PRank
algorithmis designedo estimatethe globalrank
boundariesover all the samplesduring the train-
ing. If we introduceauxiliary variablesfor the
boundariedor eachcluster the numberof thepa-
rameterswill be aslarge asthe numberof sam-
ples. Obviously thisis notagoodidea. However,
the approachof using pairwise samplesworks.
By pairing up two sampleswe actuallycompute
the relative distancebetweenthesetwo samples
in the scoringmetric.

Let r; be the candidateparsethat ranksasthe
ith bestfor a sentence.The parsesof the same
sentencarerankedwith respecto theirf-scoes
which measurehe similarity to the gold standard
parse. A parsewith a large f-scoe is assigned
a high rank. In rerankingtasks,the magins be-
tweenthe bestcandidateand the rest are more
useful. A hyperplanesuccessfullyseparatingr;
andr,...ry is morepredictve thana hyperplane
successfullyseparatingry...rig andryy...ry, if
weareonly interestedn thetopmostresultin test.
This is also how the existing rerankingsystems
aredesigned.However thereare someproblems
with thisapproach.

Thereis a practicalproblemfor the definition
of thebestparsein asentenceln parsereranking,
we may find several bestparsedor eachtraining
sentencénsteadof one. In orderto breakthetie,
usuallyoneselectgust oneof themarbitrarily as
thetop ranked parseanddiscardall others.

Furthermore,if we only look for the hyper
planeto separatehe bestone from the rest,we,
in fact, discardthe orderinformationof ry...ry.
For example,we did not emplg the information
thatr,g is betterthanry in thetraining. Knowing
ryo is betterthanry; may be uselesdor training
to someextent, but knowing rs is betterthanrq;
is useful.

Ontheotherthehand theresultingweightvec-
tor w is supposedo assignthe highestscoreto
ri. Shouldit not assignthe seconchighestscore
to ro? Although we cannotgive an affirmative
answerat this time, it is at leastreasonableo
usemore pairwise samples. This approachwas
avoidedin the previous works on reranking,due
to the problemof compleity of boththedatasize
andthe executiontime. Thuswe have provided
a strong motivation for investigatingsome new

rerankingalgorithmssuchthat

e They utilize all theordinalrelationsencoded
in therankedlists.

e Thesizeof trainingdataremainghesameas
theoriginal sizeof therankedlists.

e Thetrainingtime increase®nly moderately
althoughmore informationis usedin train-

ing.
4 Perceptron for Ordinal Regression

4.1 Ordinal Regression

Let x; j,x;; bethefeaturevectorsof two parses
for sentence andy; ;,y;,; be their ranksrespec-
tively, wherey; j+€ < y;;, ande isanon-ngatve
real number It meansthatthe rank of x; ; of €
higherthanthe rankof x; ;. In this case we say
x;,; is significantlybetterthanx; ;. We areinter
estedn finding aweightvectorw, suchthat

WeX; i >W-X + T, iy e <y

We ignoreary pair of parsesn which the differ-
encein theranksis < e. Hence,this problemis
callede-insensitiveordinal regression

Let thetrainingsamplede

wherem is the numberof sentenceandk is the
sizeof theN-bestlist. Let f(x) = w - x. We say
thetrainingdatais e-distinguishableoy f if

WX > WX, if g4 e <y,

fori1<i<m, 1<jI<k.

Supposehe training datais e-distinguishable
by f, theordinal mamgin for parsedor sentence
is definedasfollows

Y(f,€1) =

~ min
Jil:yi,j+€e<yi

f(xij) — f(xig)

The minimal ordinal margin, v, for f ande
is definedasfollows.

(L) =

= min
Yi,j+€<Y;,1

miny(f, €,1)
(2
f(xij) — f(xig)
If e = 0, thenit is almostaregressiorproblem,

sinceit requiresall the parsego keeptheoriginal
orderunderfunction f.



4.2 Dynamic Pairing

A straightforvard methodof usingpairwisesam-
plesis to definepositive andnegative samplen
the differencesof vectorsasin (Herbrichet al.,
2000). For eachsentence, x; ; — x;; IS a pos-
itive sampleif y; ; < v;,;, Wherey; ; is the rank
of parsex; ;. Similarly, x; ; — x;; is a negatve
sampleif y;; < y; ;.

However, for real tasks,this greatlyincreases
the data compleity from O(mk) to O(mk?),
wherem is the numberof training sentencesand
k isthesizeof n-bestist. For parsererankingk is
about27,andfor machineranslatiorrerankingk
is about1000. Dueto thelimit of memoryspace
we cannotdefine pairwise samplesexplicitly in
this way.

Themethodto avoid this problemis to look up
pairwisesampleslynamically asshavn in Algo-
rithm 1, a perceptrorlike algorithm. The basic
ideais that, for eachpair of parsedor the same
sentenceif

e therank of x; ; is significantly higherthan
therankof x; ;, y; ; + € < i

o the weight vector w can not successfully
separatgx; ; andx; ;) with alearningmar
ginT,W-Xi,j <w-X;;+T,

thenwe needto updatew with the addition of
x;,j—x; . Itis notdifficult to shav Algorithm 1is
equialentto usingpairwisesamplesn training.

4.3 Sentence-Leel Updating

In Algorithm 1, for eachrepeat iteration, the
complity is O(mk?d), wherem andk arede-
fined as above, and d is the averagenumberof
active featuresin a sample. We notice that the
scoreof aparsex; ; will becomputedor & times
in eachrepeatiteration. However, in mary cases
this is not necessaryln this section,we will re-
vise Algorithm 1 to speedup thetraining phase.
Algorithm 2 is similar to Algorithm 1 except
that the updatingis not executeduntil all the in-
consistenpairsfor the samesentencearefound.
Thereforewe only needto computew - x; ; for
only oncein eachrepeatiteration. Sothe com-
plexity of eachrepeatiterationis O(mk?+mkd).
The following theoremwill shav that Algo-
rithm 2 will stopin finite numberof steps,out-

Algorithm 1 ordinalregression
Require: apositive learningmaigin 7.
1: t « 0, initialize w9;
2: repeat
3. for (sentenceé =1,...,m) do

4: for(1<j<i<k)do

5: if (yi,l —Yij > € andw? . X5 < wt.
x;; + 7) then

6: witl (—Wt—i-Xi,j—Xi,l;t(—t-l-l;

7: elseif (y;; —yi; > eandw’ - x;; <
wt . Xi,j + T) then

8: wit! <—wt+xi,l—xi,j;t<—t—|—1;

9 endif

10: endfor

11: endfor

12: until noupdatesnadein the outerfor loop

puttingafunctionthate-distinguisheshetraining
data,if thetrainingdatais e-distinguishable.

Theorem1 Suppose the training samples
{(xi,vi,)} are e-distinguishableby a linear
function definedon the weight vector w* with
a splitting mamgin v, whee ||w*|| = 1. Let
R = ma:ci,iji,jH. We have

a Algorithm 2 males at most 2228421 mjs-
takes on the pairwise samplesduring the
training

b Algorithm 2 stopsin T' stepsof updates,
whee

2 P2
T<2kR + 27

(1)

Dueto thespacdimitation, youomit theproof.

4.4 UnevenMargin

For e-insensitve ordinal regressionsuppose =
10 andourordinalregressioralgorithmmadetwo
errors. Oneis on (ry,ry1), andthe otheris on
(ro1,r31). The algorithm cannotrecognizethat
theformeris moreseriousthanthe latter Onthe
otherhand,the algorithm doesnot try to distin-
guishr; andrg, whichis evenworse.

Our solutionis to apply uneven margin to the
e-insensitve ordinalregression.For example,we
wantto find a hyperplandor eachsentencesuch
thatthereis largermargin betweenr; andryg, but



Algorithm 2 ordinal regression sentencaipdat-
ing
Require: apositive learningmamgin 7.

1: t + 0, initialize w°;

2: repeat

3. for (sentencé = 1,...,m) do

4 computew’ - x; ; andu; «+ 0 for all 5;
5: for(1<j<iI<k)do
6: if (yi,l —Yij > € andw? - X5 < wt.
X;,1 + 7) then
7 uj<—uj—|—1;ul<—ul—1;
8: elseif (yi,j —Yig > € andw? - X1 <
wt - Xi,j + T) then
9: uj < uj — 1, up = u + 1,
10: endif
11: endfor
12: Wil wh 3w it t+ 1
13:  endfor

14: until no updategnadein the outerfor loop

asmallermagin betweenr; andry, wherer; is
the parsethatranksj for a sentence.Similarly,
we wantalargermamgin betweenr; andr,, buta
smallermagin betweenriy andry;. Thus

margin(ry,ryg) > margin(ry,rs)

> margin(rig,ri1) (2)

Sothesolutionis to searchor a hyperplanesuch
that

score(rp) — score(ry) > g(p,q)T

whereg(1,10) > ¢(1,2) > ¢(10,11). Specifi-
cally, we replaceoneof the updatingconditions

WX <W-X;;+7T

in line 6 of Algorithm 2 with

W-XZ',]' _W'Xi,l

<, 3)
9(Yij»Yiu)
andreplacethe updatingcondition
Yil — Yij > € With g(vi 5, yi1) > € (4)

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

wj < uj + 9(Yij,Yig)s w < u—9(Yij,viy) (5)

A similar modificationis madein line 8 and9.

It can be shovn that modifying Algorithm
2 in this way is equwvalent to using (x;; —
xi.1)/9(Yi ;, i) aspairwisesamplessoit is well
defined.Dueto the spacdimitation, we omit the
proof of theequivalencein this paper

Therearemary candidategor the function g.
Thefollowing functionis oneof the simplestso-

lutions.
1 1

p q

We will usethis functionin our experimentson
parsereranking.

9(p,q) =

4.5 Margin BasedGeneralization Bounds

So far we have proposedtwo perceptronbased
large mawgin algorithmsfor ordinal regression.
We needto shaw the relation betweenthe ex-
pectederror rate andthe ordinal marmin that we
have definedabore. We give a sketchof theproof.

Supposéhemk parsedor them sentenceare
i.i.d. However, the pairwisesamplesarenotinde-
pendent.In this way, thereis no straightforvard
applicationof theresultsfrom learningtheoryon
all thepairwisesamples.

However, we canusethe sametechniqueused
in (Herbrichetal., 2000). Theideais to generate
only k£ — 1i.i.d. pairwisesampledor eachsen-
tence.We cangetupperboundson classification
risk with thesem(k — 1) pairwisesampleswith
mangin basedbounds.Thenwe canrelatethe or-
dinalregressiorrisk to the classificatiorrisk.

5 Experimental Results

In thissectionwe will reporttheexperimentate-
sultsfor parsererankingtask. We usethe same
datasetasdescribedn (Collins, 2000). Section
2-210of theWSJPennTreebanPTB)(Marcuset
al., 1994)areusedastrainingdata,andsection23
is usedfor test. Thetraining datacontainsaround
40,000sentenceseachof which has27 distinct
parseson average. Of the 40,000training sen-
tencesthe first 36,000are usedto train percep-
trons. Theremaining4,000sentenceareusedas
developmentdatafor parameteestimation,such
asthe numberof roundsof iterationin training.
The 36,000training sentencesontainl,065,620
parsegotally. We usethefeaturesetgeneratedby
Collins (Collins, 2000).
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Figure2: f scoreson section23 of PTB with or-
dinal regressioralgorithms

In all of our experiments,we have emploed
the votedperceptrorasin (Freundand Schapire,
1999; Collins and Duffy, 2002). The voted ver
sionmalestheresultonthetestsetmorestable.

In thefirst setof experimentsAlgorithm 2 and
its uneven mamgin variantsareused. In addition,
we evaluatethe performanceof separatingonly
the bestparsefrom the restin training by modi-
fying the updatingconditionin Algorithm 2. Fig-
ure 1 and 2 shaw the learning curves of differ-
ent modelson the testdata, section23 of Penn
TreebankOrdinalregressiorwith unevenmaigin
shawvs greatadwantageover the samealgorithm
usingevenmamin. Its performancas alsobetter
thanperceptrorthatis only trainedto separat¢he
bestparsefrom therest.

By estimatingthe numberof roundsof iter-
ations on the developmentdata, we get the re-
sultsfor the testdataas shavn in Tablel1. Our
ordinal regressioralgorithmwith unesen maigin
achieresthe bestresultin f-score. It verifiesthat
using more pairs in training is helpful for the

0.9 T T T

0.895 |7

089 |-

f score

0.885 [
0.88 -

0.875 -

sentence-level(3000 rounds)
parfe»level(loo rOLllndS) --------

0.87
0 5 10 15 20

hours

Figure 3: Corvergenceof clusterlevel updating
anditem-level updating
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Figure 4: Using all pairwisesamplesvs. using
partial pairwisesamples

rerankingproblem. In addition,the uneszen mar
ginis crucialto the parsererankingtask.

In Algorithm 2, we updatethe weight vector
on the sentencéevel soasto speedup thetrain-
ing, while in Algorithm 1 we updatethe weight
vector for eachpair of parses. Figure 3 shavs
the comparisorof thelearningcurvesof the ordi-
nal regressiorusingparselevel updatingandthe
ordinal regressionusing sentencdevel updating.
Algorithm 2 corvergesabout40%faster Theper
formanceof Algorithm 2 is very goodevenwithin
thefirst few roundsof iterations.Furthermorethe
f-scoreon thetestdataremainsat a high level al-
thoughit is overtrained.Algorithm 1 easilyleads
to overfitting for the training data, while Algo-
rithm 2 doesnot suffer from overfitting. Thiscan
be explainedby an analogto the gradientmeth-
ods.For Algorithm 1, we move in onedirectionat
atime, sotheresultdepend®ntheorderof parses
of asentencesandit is easyto jump into a sub-
optimum. For Algorithm 2, we maove in multiple-
directionsat atime, sotheresultis morestable.



section23, <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

Tablel: ExperimentaResults

Our last setof experimentsareaboutusingall
and partial pairwise samples. In orderto theo-
retically justify Algorithm 2, we only usek — 1
pairwise parsesfor eachsentenceg.g. pairs of
parseswith consecutie ranks. In Figure4, we
comparehe resultsof usingall pairswith there-
sults whenwe use pairs of parseswith consec-
utive ranks. Using only partial pairs malkes the
algorithmcorverge muchslower.

6 Conclusionsand Future Work

In this paper we have proposedh generalframe-
work for reranking. In this framework, we have
proposedwo new variantsof perceptron.Com-
paredto the previous perceptronreranking al-
gorithms, the new algorithmsuse full pairwise
samplesandallow usto searchfor mamginsin a
larger space which are unavailable in the previ-
ousworks on reranking. We also keepthe data
compleity unchangednd make the training ef-
ficient for thesealgorithms. Using the new per
ceptronlike algorithms,we investigatedhe mar
gin selectiorproblemfor theparsererankingiask.
By usingunesenmaigin onordinalregressionye
achiees an f-score of 89.8% on sentencesvith
< 100 wordsin section23 of PennTreebankThe
resultson magin selectioncan be emplo/ed in
rerankingsystemsbasedon othermachinelearn-
ing algorithms, such as Winnow, Boostingand
SVMs.

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