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Abstract

We addresshe problemof analyzingmul-
tiple relatedopinionsin a text. For in-
stance,in a restauranteview suchopin-
ionsmayincludefood, ambienceandser
vice. We formulatethis taskasa multiple
aspectankingproblem,wherethe goalis
to producea setof numericalscoresone
for eachaspect.We presentan algorithm
thatjointly learnsranking modelsfor in-
dividual aspectsdy modelingthe depen-
dencieshetweenassignedanks. This al-
gorithm guidesthe predictionof individ-
ual rankers by analyzing meta-relations
betweenopinions,suchasagreemenand
contrast. We prove that our agreement-
basedoint modelis moreexpressve than
individual rankingmodels.Our empirical
resultsfurthercon rm the strengthof the
model: the algorithmprovidessigni cant
improvementover bothindividual rankers
anda state-of-the-arnoint rankingmodel.

1 Intr oduction

Previouswork onsentimentatayorizationmakesan
implicit assumptiorthat a single scorecanexpress
the polarity of an opinion text (Pang et al., 2002;
Turngy, 2002; Yu and Hatzivassiloglou, 2003).
However, multiple opinionson relatedmattersare
often intertwinedthroughouta text. For example,
a restauranteview may expressjudgmenton food
guality aswell asthe serviceand ambienceof the
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restaurantRatherthanlumpingtheseaspectsénto a
singlescore we wouldlik e to captureeachaspecbf
the writer's opinion separatelytherebyproviding a
more ne-grainedview of opinionsin thereview.

To this end, we aim to predicta setof numeric
ranksthatre ects theusers satistctionfor eachas-
pect. In the exampleabove, we would assigna nu-
meric rank from 1-5 for eachof: food quality, ser
vice,andambience.

A straightforvard approachto this taskwould be
to rank! the text independentlyfor eachaspectus-
ing standardranking techniquessuchasregression
or classi cation. However, this approacHails to ex-
ploit meaningfuldependencielsetweerusers’judg-
mentsacrosdifferentaspectsKnowledgeof these
dependenciesan be crucial in predictingaccurate
ranks,asa users opinionson oneaspectcanin u-
encehis or heropinionson others.

The algorithm presentedin this paper models
the dependenciebetweendifferent labels via the
agreementelation Theagreementelationcaptures
whethertheuserequallylik esall aspect®f theitem
or whetherhe or sheexpressedlifferentdegreesof
satishction. Sincethis relation canoften be deter
mined automaticallyfor a given text (Marcu and
Echihabi, 2002), we canreadily useit to improve
rankprediction.

The Good Grief model consistsof a ranking
modelfor eachaspectswell asanagreementodel
which predictswhetheror not all rank aspectsare

1In this paperrankingrefersto thetaskof assigninganinte-
gerfrom 1tok to eachinstance Thistaskis sometimeseferred
to as“ordinal regression’(CrammerandSinger 2001)and“rat-
ing prediction” (PangandLee,2005).



equal. The Good Grief decodingalgorithm pre-
dicts a setof ranks— onefor eachaspect which
maximally satisfy the preference®f the individual
rankers andthe agreemenmodel. For example, if
the agreemeninodelpredictsconsensusut thein-
dividual rankers selectrankshb; 5; 4i, thenthe de-
coderdecideswhetherto trust the the third ranker,
or alterits predictionandoutputhb; 5; 5i to be con-
sistentwith the agreemenprediction. To obtaina
modelwell-suitedfor thisdecodingwe alsodevelop
ajoint training methodthat conjoinsthe training of
multiple aspecmodels.

We demonstratethat the agreement-basejbint
model is more expressve than individual ranking
models. Thatis, every training setthat canbe per
fectly ranked by individual rankingmodelsfor each
aspectcan also be perfectly ranked with our joint
model. In addition,we give a simpleexampleof a
training setwhich cannotbe perfectly ranked with-
out agreement-basejint inference. Our experi-
mental results further con rm the strengthof the
GoodGrief model. Our modelsigni cantly outper
forms individual rankingmodelsaswell asa state-
of-the-artjoint rankingmodel.

2 RelatedWork

Sentiment Classi cation Traditionally cateyoriza-
tion of opiniontexts hasbeencastasabinaryclassi-
cation task(Pangetal.,2002;Turney, 2002;Yuand
Hatzvassiloglou,2003; Dave et al., 2003). More

recentwork (Pang and Lee, 2005; Goldbeg and
Zhu, 2006) hasexpandedthis analysisto the rank-

ing framewnork wherethe goal is to assesseview

polarity on a multi-point scale.While this approach
providesa richerrepresentatioof a singleopinion,

it still operate®ntheassumptiorof oneopinionper

text. Ourwork generalizeghis settingto the prob-

lem of analyzingmultiple opinions— or multiple as-
pectsof anopinion. Sincemultiple opinionsin asin-

gle text arerelated,it is insufcient to treatthemas
separateingle-aspeatankingtasks.This motivates
our exploration of a nev methodfor joint multiple

aspectanking.

Ranking The ranking, or ordinal regression,
problemhasbeenextensvly studiedin the Machine
LearningandinformationRetrieval communitiesin
this sectionwe focusontwo onlinerankingmethods

which form the basisof our approach.The rst is
amodelproposediy Crammerand Singer (2001).
Thetaskis to predictaranky 2 f1;:::; kg for ev-
ery input x 2 R". Their model storesa weight
vectorw 2 R" anda vectorof increasingbound-
arieshh = 1 b b 1 b = 1
which divide the real line into k segments,onefor
eachpossiblerank. Themodel rst scoresachinput
with the weightvector: score(x) = w  x. Finally,
the modellocatesscore(x) ontherealline andre-
turnstheappropriateankasindicatedoy thebound-
aries. Formally, the modelreturnsthe rankr such
thatb ;1  score(x) < by. Themodelis trained
with the PerceptrorRankingalgorithm (or “PRank
algorithm”),whichreactgo incorrectpredictionson
thetrainingsetby updatingtheweightandboundary
vectors. The PRankingmodelandalgorithmwere
testedon the EachMovie datasetwith a separate
rankingmodellearnedfor eachuserin thedatabase.

An extensionof this modelis provided by Basil-
ico andHofmann(2004)in the context of collabora-
tive Itering. Insteadbf trainingaseparatenodelfor
eachuser BasilicoandHofmanntrain a joint rank-
ing modelwhichshares setof boundariesicrossll
users.In additionto thesesharedboundariesuser
speci ¢ weight vectorsare stored. To computethe
scorefor input x anduseri, the weight vectorsfor
all usersareemployed:

score(x) = w[i] x+

sim(i; j)(wli] x) (1)

whereO sim(i;j) 1listhecosinesimilarity be-
tweenuserd andj, computedntheentiretraining
set. Oncethe scorehasbeencomputedthe predic-
tion rule follows that of the PRankingmodel. The
modelis trainedusingthe PRankalgorithm,with the
exceptionof thenew de nition for the scoringfunc-

tion.2 While this modelsharesnformationbetween
the differentranking problems,it fails to explicitly

model relationsbetweenthe rank predictions. In

contrast,our algorithmusesan agreemeniodelto

learnsuchrelationsandinform joint predictions.

2In the notationof Basilico and Hofmann(2004),this def-
inition of score; (x) correspondgo the kernelK = (K9 +
Kg) K.



3 The Algorithm

The goal of our algorithmis to nd arankassign-
mentthatis consistenwith predictionsof individ-

ual rankersandthe agreementodel. To this end,
we developthe GoodGrief decodingprocedureghat
minimizesthe dissatiséction (grief) of individual

componentsvith a joint prediction. In this section,
weformally de ne thegrief of eachcomponentand
amechanisnfor its minimization. We thendescribe
our methodfor joint training of individual rankers
thattakesinto accounthe GoodGrief decodingpro-

cedure.

3.1 ProblemFormulation

In an m-aspectranking problem we are given
a training sequence of instance-label pairs
(xt;y1); s (xbyY; . Eachinstancex! is a
featurevectorin R" andthe labely! is a vectorof
m ranksin Y™, whereY = f1;::;;kg is the setof
possibleranks. Theit™ componenof y! is therank
for thei®™ aspectandwill bedenotedby y[i]t. The
goal is to learn a mappingfrom instancego rank
sets,H : X I Y™, which minimizesthe distance
betweerpredictedranksandtrueranks.

3.2 The Model

Ourm-aspectankingmodelcontaingm + 1 compo-
nents:(hw[1]; b[1]i;:::; hw[m]; b[m]i;a). The rst
m componentsre individual ranking models,one
for eachaspectandthe nal componenistheagree-
mentmodel. For eachaspeci 2 1:::m, wJ[i] 2 R"
is a vector of weights on the input features,and
b[i] 2 R¥ 1is avectorof boundariesvhich divide
the real line into k intenals, correspondingo the
k possibleranks. The default predictionof the as-
pectrankingmodelsimply usesthe rankingrule of
the PRankalgorithm. This rule predictsthe rankr
suchthathfi]; 1  score(x) < Hi],.2 Thevalue
scorg (x) canbede ned simply asthe dot product
w(i] x, orit cantakeinto accountheweightvectors
for other aspectsweightedby a measureof inter
aspectsimilarity. We adoptthe de nition givenin
equationl, replacingthe userspeci ¢ weight vec-
torswith ouraspect-speci aveightvectors.

3More precisely(takinginto accounthe possibility of ties):
il = min; o 1. ofr : scorei(x)  bfi]r < Og

The agreemeninodelis a vectorof weightsa 2
R". A valueof a x > O predictsthatthe ranksof
all m aspectsaareequal,anda valueof a x 0
indicatesdisagreementThe absolutevalueja xj
indicateghecon dencein theagreemenprediction.

Thegoalof thedecodingprocedures to predicta
joint rank for the m aspectswvhich satis esthein-
dividual ranking modelsas well asthe agreement
model. For a giveninput x, the individual model
for aspect predictsa default rank §[i] basedon its
featureweightandboundaryvectorshw i]; b[i]i. In
addition, the agreemeninodel makes a prediction
regardingrank consensubasedona x. However,
the default aspectpredictionsg[1]: :: ${m] may not
accordwith the agreemenmodel. For example, if
a x> 0,butyfi] & ¢[j]forsomei; j 2 1:::m, then
the agreemenmodel predictscompleteconsensus,
whereagheindividual aspecmodelsdo not.

We thereforeadopt a joint prediction criterion
which simultaneouslytakesinto accountall model
components- individual aspectmodelsaswell as
the agreementmodel. For each possible predic-
tionr = (r[1];:::;r[m]) this criterion assessethe
level of grief associateavith thei -aspectranking
model,gi(x;r[i]). Similarly, we computethe grief
of the agreemenmodel with the joint prediction,
0a(X;r) (bothg; andg, arede nedformally below).
The decodetthenpredictsthe m rankswhich mini-
mizetheoverall grief:

" #
X
H(x)=arg min ga(x;r)+  g(xrlil)
i=
2
If thedefaultrankpredictionsfor theaspecmodels,
¥ = (9[1];:::;9[m]), arein accordwith the agree-
mentmodel (both indicating consensusr both in-
dicating contrast) thenthe grief of all modelcom-
ponentswill be zero,andwe simply outputy. On
the otherhand,if § indicatesdisagreemeniut the
agreemeninodelpredictsconsensushenwe have
the option of predictingy andbearingthe grief of
the agreemenmodel. Alternatively, we canpredict
someconsensuy° (i.e. with yJi] = y9j]; 8i;j) and
bearthegrief of thecomponentankingmodels.The
decoderH chooseghe option with lowest overall
grief#

“This decodinggriterionassumeshatthe griefs of thecom-



Now we formally de ne the measureof grief
usedin this criterion.

AspectModel Grief Wede ne thegriefof thei ™" -
aspectankingmodelwith respecto arankr to be
thesmallesmagnitudecorrectiontermwhichplaces
theinput'sscoreinto ther ™ sggmentof therealline:

Gi(x;r) = minjcj
S.t.
scorg (x) + ¢ < Hi],

il 1
AgreementModel Grief ~ Similarly, we de ne the
grief of the agreemenimodelwith respecto ajoint

neededo bringtheagreemenscoreinto accordwith
theagreementelationbetweentheindividual ranks

ga(X;r) = minjgj
s.t.
ax+c>078i;j2Lxm:r[i]=r[j]

a x+c 079i;j2L:m:r[i]6r[j]

3.3 Training

Ranking modelsPseudo-codtor GoodGrief train-
ing is shavn in Figure 1. This training algorithm
is basedon PRanking(CrammerandSinger 2001),
anonline perceptroralgorithm. Thetrainingis per
formedby iteratively rankingeachtraining input x
and updatingthe model. If the predictedrank § is
equalto the true ranky, the weightandboundaries
vectorsremainunchanged. On the other hand, if
¥ 6 vy, thentheweightsandboundariesareupdated
toimprovethepredictionfor x (step4.cin Figurel).
See (Crammerand Singer 2001) for explanation
andanalysisof this updaterule.

Our algorithm departsfrom PRankingby con-
joining the updatedfor the m rankingmodels. We
achieve this by using Good Grief decodingat each
stepthroughouttraining. Our decoderH (x) (from
equation2) usesall the aspectcomponentmodels

ponentmodelsare comparableln practice we take anuncali-
bratedagreemeninodela® andreweightit with atuningparam-
eter;a = a° Thevalueof is estimatedusingthe develop-
mentset. We assumehatthe griefs of the rankingmodelsare
comparablesincethey arejointly trained.

aswell asthe (previously trained)agreemeninodel
to determinethe predictedrank for eachaspect.In
concretderms for everytraininginstancex, we pre-
dicttheranksof all aspectsimultaneouslystep2 in
Figurel). Then,for eachaspecive make a separate
updatebasedon this joint prediction(step4 in Fig-
ure 1), insteadof usingtheindividual models'pre-
dictions.

Agreementmodel Theagreemeninodela is as-
sumedto have beenpreviously trainedon the same
training data. An instances labeledwith a positive
labelif all theranksassociateavith thisinstanceare
equal. Therestof theinstancesrelabeledasnega-
tive. This modelcanuseary standardrainingalgo-
rithm for binaryclassi cationsuchasPerceptroror
SVM optimization.

3.4 Feature Representation

Ranking Models Following previouswork onsenti-
mentclassi cation(Pangetal., 2002),we represent
eachreview as a vector of lexical features. More
speci cally, we extract all unigramsand bigrams,
discardingthosethatappeaifewer thanthreetimes.
This procesg/ieldsabout30,000features.

AgreementModel Theagreementnodelalsoop-
eratesover lexicalized features. The effectiveness
of thesefeaturesfor recognitionof discourserela-
tionshasbeenpreviously shavn by MarcuandEchi-
habi (2002). In additionto unigramsand bigrams,
we alsointroducea featurethat measureshe maxi-
mum contrastve distancebetweerpairsof wordsin
areview. For example,the presencef “delicious”
and“dirty” indicatehigh contrastwhereaghe pair
“expensive”and“slow” indicatelow contrast.The
contrastve distancefor a pair of wordsis computed
by consideringthe differencein relative weight as-
signedto thewordsin individually trainedPRanking
models.

4 Analysis

In this section,we prove that our modelis ableto
perfectly rank a strict supersebf the training cor
poraperfectlyrankableby m ranking modelsindi-
vidually. We rst shaw thatif theindependentank-
ing modelscanindividually rank a training setper
fectly, thenour modelcando soaswell. Next, we
show thatourmodelis moreexpressive by providing



Input : (xL;yY); 5 (xT;yT), Agreemenimodela, Decoderde ntion H (x) (from equatior?).
Initialize : Setw[i]* = 0, lil}; Bk ;= O, Kl = 1,8 2 Lizm.

Loop: Fort = 1;2;::5;T :
1. Getanew instancex! 2 R".
2. Predicty! = H(x;w!;b!;a) (Equation2).
3. Getanew labely!.
4. Foraspecti = 1;::;;m:

If 9[i]' 6 y[i]' updatemodel(otherwisesetw[i]"** = w[i]'; BiJt*t = Hi]t; 8r):

4aForr =15k 1 If y[i]' rtheny[i]t= 1
elsey[i]l = 1.
4.bForr = 1;:k 1 If (il* r)y[ilt Othen [i]t = y[i]t
else [i]t = 0.
4.cUpdatew[i]™*t  wlilt+ ( , [i]t)x".
Forr = 1;::k  lupdate Bt Hilt il

Output : Ho;wT ;b7 a).

Figure1: Good Grief Training. The algorithmis basedon PRankingtraining algorithm. Our algorithm
differsin thejoint computatiorof all aspecipredictionsy! basedon the Good Grief Criterion (step2) and
the calculationof updatedor eachaspecbasedn thejoint prediction(step4).

a simpleillustrative exampleof atraining setwhich
canonly beperfectlyrankedwith theinclusionof an
agreemeninodel.

Firstwe introducesomenotation. For eachtrain-
ing instance(x!;y!), eachaspecti 2 1::m, and
eachrankr 2 1::k, de ne an auxiliary variable
ylilt with it = 1if y[il'  r andy[i]}
if y[i]* > r. In words,y[i] indicateswhetherthe
true rank y[i]' is to the right or left of a potential
rankr.

Now  suppose that a training set
(xL;yD;n(xT;yT) is perfectly rankable for
each aspectindependently That is, for each
aspecti 2 1:.:m, there exists someideal model
v[i] (w[i] ;b[i] ) such that the signed dis-
tance from the prediction to the r'™ boundary:
w[i] x' Hi], hasthe samesign as the auxil-
iary variabley[i]t. In otherwords, the minimum
maigin over all training instances and ranks,

= min.f(w[i] x' Bi],)yliltg, is nolessthan
zero.

Now for thet™ traininginstancede ne anagree-
mentauxiliary variablea!, wherea! = 1 whenall
aspectsagreein rankanda! = 1 whenat least
two aspectslisagreen rank. First considerthe case
wheretheagreemeninodela perfectlyclassi esall
training instances:(a x')a! > 0;8t. It is clear

thatGoodGrief decodingwith theidealjoint model
(hw([1] ;b[1] i;:::; bw[m] ; b[m] i;a) will produce
the sameoutputas the componentranking models
runseparatelysincethegriefwill alwaysbezerofor

thedefaultrankpredictions).Now considerthecase
wherethetrainingdatais notlinearly separablevith

regard to agreementlassi cation. De ne the mar

gin of theworstcaseerrortobe = maxfj (a x!)j :

(a xYa! < 0g. If < ,thenaginGoodGriefde-
codingwill alwaysproducehedefaultresults(since
thegrief of theagreementodelwill beatmost in

case®f error, whereaghegrief of therankingmod-
elsfor ary deviation from their default predictions
will beatleast ). Ontheotherhand,if , then
theagreemenmodelerrorscouldpotentiallydisrupt
the perfectranking. However, we needonly rescale
w =w (-—+ )andb := b (-+ ) toensurdghat
the grief of the rankingmodelswill alwaysexceed
the grief of theagreemenimodelin casesvherethe

latteris in error. Thuswheneer independentank-
ing modelscan perfectlyrank a training set, a joint

rankingmodelwith GoodGrief decodingcando so

aswell.

Now we give a simple exampleof a training set
which canonly be perfectly ranked with the addi-
tion of anagreemeninodel. Considera training set
of four instancesvith two rankaspects:



byt = HL;0,1); (25D
2 y%i = H1;0,0);  (2;2)i
3 y%i = H0; ;1) (L;2)i
x4 y4 = N0;1;0); (1;1)i

We caninterprettheseinputsasfeaturevectorscor
respondingto the presenceof “good”, “bad”, and
“but not” in thefollowing four sentences:

Thefoodwasgood but not theambience.

Thefood wasgood, andsowasthe ambience.

Thefood wasbad, but not theambience.

Thefood wasbad, andsowastheambience.
We canfurtherinterpretthe rst rank aspectasthe
quality of food, andthe secondasthe quality of the
ambiencebothon a scaleof 1-2.

A simplerankingmodelwhich only considershe
words“good” and“bad” perfectlyranksthefood as-
pect.However, it is easyto seethatno singlemodel
perfectly ranksthe ambienceaspect. Considerary
modelhw;b = (b)i. Notethatw x! < band
w o x?2 b togetherimply thatws < 0, whereas
w x3 Dbandw x* < b togetherimply that
w3 > 0. Thusindependentankingmodelscannot
perfectlyrankthis corpus.

The addition of an agreemenimodel, however,
can easily yield a perfect ranking. With a =
(0;0; 5) (whichpredictscontrastwith thepresence
of thewords“but not”) anda rankingmodelfor the
ambienceaspectsuchasw = (1; 1;0);b = (0),
the GoodGrief decodemwill producea perfectrank.

5 Experimental Set-Up

We evaluateour multi-aspectankingalgorithmona
corpus of restauranteviews available on the web-
site http://www.we8there.com Reviews
from this websitehave beenpreviously usedin other
sentimenfnalysistasks (Higashinakeaetal., 2006).
Eachreview is accompaniedby a setof ve ranks,
eachonascaleof 1-5, coveringfood,ambienceser
vice, value,andoverall experience Theseranksare
provided by consumersvho wrote original reviews.
Our corpusdoesnot containincompletedatapoints
sinceall the reviews available on this websitecon-
tain bothareview text andthevaluesfor all the ve
aspects.

Training and Testing Division Our corpuscon-

SData and code used in this paper are available at
http://people.csail.mit.edu/bsnyder/naacl07

tains4,488reviews, averagingl15 words. We ran-
domly select3,488reviews for training,500for de-
velopmentand500for testing.

Parameter Tuning We usedthe developmentset
to determineoptimal numbersof training iterations
for our model and for the baselinemodels. Also,
givenaninitial uncalibratedagreemenmodela® we
de ne our agreemenmodelto bea = a°%for an
appropriatescalingfactor . We tunethevalueof
onthedevelopmentset.

Corpus Statistics Our training corpuscontains
528among5° = 3025possibleranksets. The most
frequentrank sethb; 5; 5; 5; 51 accountsfor 30.5%
of thetraining set. However, no otherrank setcom-
prisesmorethan 5% of the data. To cover 90% of
occurrencefn thetrainingset,227 rank setsarere-
quired. Therefore treatinga rank tuple asa single
label is not a viable option for this task. We also
nd thatreviewswith full agreemenacrosgankas-
pectsare quite commonin our corpus,accounting
for 38% of the training data. Thusan agreement-
basedapproachs naturalandrelevant.

A rankof 5 is the mostcommonrankfor all as-
pectsandthusa predictionof all 5's givesa MA JOR-
ITY baselineand a naturalindication of taskdif -
culty.

Evaluation MeasuresWe evaluateour algorithm
andthe baselineusing ranking loss (Crammerand
Singer 2001;BasilicoandHofmann,2004). Rank-
ing loss measuresthe average distance between
the true rank and the predictedrank. Formally,
givenN testinstancegx*;y1);:;; (xN;yN) of an
m-aspectranking problem and the corresponding
Bredictionsyl; 9N, ranking loss is de ned as

iy0l* 9l

vi —mN - Lower valuesof this measurecor

respondo a betterperformancef the algorithm.

6 Results

Comparisonwith BaselinesTablel shavstheper
formanceof the GoodGrief training algorithm GG
TRAIN+DECODE alongwith variousbaselinesjn-
cluding the simple MAJORITY baselinementioned
in section5. The rst competitve baseline PRANK,
learnsa separateanker for eachaspectusing the
PRankalgorithm. The secondcompetitive baseline,
sIM, shareghe weight vectorsacrossaspectsising
asimilarity measurdgBasilicoandHofmann,2004).



Food | Service| Value | Atmosphere| Experience| Total
MAJORITY 0.848| 1.056 | 1.030 1.044 1.028 1.001
PRANK 0.606| 0.676 | 0.700 0.776 0.618 0.675
SIM 0.562| 0.648 | 0.706 0.798 0.600 0.663
GG DECODE 0.544| 0.648 | 0.704 0.798 0.584 0.656
GG TRAIN+DECODE | 0.534| 0.622 | 0.644 0.774 0.584 0.632
GG ORACLE 0.510| 0.578 | 0.674 0.694 0.518 0.595

Tablel: Rankinglossonthetestsetfor variantsof GoodGrief andvariousbaselines.

07 F
069 |

068 |

Rank Error

—O—— GGtrain
—O—— GG train+decode

S T RIS ST
0 5 10 15 20
Rounds

Figure2: Ranklossfor our algorithmandbaselines
asafunctionof traininground.

Both of thesemethodsaredescribedn detailin Sec-
tion 2. In addition,we considertwo variantsof our

algorithm: GG DeEcoDE emplogy/s the PRanktrain-

ing algorithmto independentlytrain all component
rankingmodelsandonly appliesGoodGrief decod-
ing attesttime. GG ORACLE usesGoodGrieftrain-

ing anddecodingbut in both casess given perfect
knowledgeof whetheror notthetrueranksall agree
(insteadof usingthetrainedagreemeninodel).

Our model achiaves a rank error of 0.632,com-
paredto 0.675for PRANK and0.663for sim. Both
of thesedifferencesare statistically signi cant at
p < 0:002by aFisherSignTest.Thegainin perfor
mancds obseredacrossall veaspectsOurmodel
alsoyieldssigni cantimprovement(p < 0:05) over
the decoding-onlyvariant GG DECODE, con rm-
ing the importanceof joint training. As shavn in
Figure 2, our model demonstratesonsistentim-
provementover the baselinesacrossall the training
rounds.

Model Analysis We separatelyanalyzeour per

Consensus Non-consensus
PRANK 0.414 0.864
GG TRAIN+DECODE | 0.324 0.854
GG ORACLE 0.281 0.830

Table 2: Rankingloss for our model and PRANK
computedseparatelyon casesof actualconsensus
andactualdisagreement.

formanceon the 210 testinstanceswhere all the
target ranksagreeandthe remaining290 instances
wherethereis somecontrast.As Table2 shavs, we
outperformthe PRANK baselinén bothcasesHow-
everontheconsensumistancesve achiese arelative
reductionin errorof 21.8%comparedoonlyal.1%
reductionfor the otherset. In casesof consensus,
the agreemenimodel canguidethe rankingmodels
by reducingthe decisionspaceto ve ranksets.In
casedf disagreementjowever, our modeldoesnot
provide sufcient constraintasthevastmajority of
rankingsetsremainviable. This explainsthe perfor
manceof GG ORACLE, thevariantof ouralgorithm

with perfectknowledgeof agreement/disagreement

facts.As shavnin Tablel, GG ORACLE yieldssub-
stantialimprovementover our algorithm, but most
of thisgain comesrom consensusstancegseeTa-
ble 2).

We also examine the impact of the agreement
model accurag on our algorithm. The agreement
model,whenconsideredn its own, achievesclas-
si cation accurayg of 67%onthetestset,compared
to a majority baselineof 58%. However, thosein-
stancesvith high con denceja xj exhibit substan-
tially higherclassi cationaccurag. Figure3 shovs
the performanceof the agreemenimodelasa func-
tion of the con dencevalue. The 10% of the data
with highestcon dencevaluescanbe classi ed by
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Figure3: Accurag of theagreemenmodelon sub-
setsof testinstancesvith highestcon denceja  xj.

the agreemenimodel with 90% accuray, and the
third of thedatawith highestcon dencecanbeclas-
si ed at80%accuragy.

This propertyexplainswhy the agreemenmodel
helpsin joint rankingeven thoughits overall accu-
ragy mayseemow. Underthe GoodGrief criterion,
the agreemenmaodel's predictionwill only be en-
forcedwhenits grief outweighsthat of the ranking
models. Thusin caseswvherethe predictioncon -
denceja xj) is relatively low,® theagreementnodel
will essentiallybeignored.

7 Conclusionand Futur e Work

We consideredheproblemof analyzingmultiplere-
lated aspectsf userreviews. The algorithm pre-
sentedjointly learnsranking modelsfor individual
aspectdy modelingthe dependenciebetweenas-
signedranks. The strengthof our algorithm lies
in its ability to guide the prediction of individual
rankers using rhetorical relations betweenaspects
suchasagreemenandcontrast.Our methodyields
signi cant empiricalimprovementsover individual
rankers as well as a state-of-the-arfoint ranking
model.

Our currentmodelemploys asinglerhetoricalre-
lation — agreemenvs. contrast— to model depen-
denciesbetweendifferentopinions. As our analy-

SWhat countsas “relatively low” will dependon both the
valueof thetuningparameter andthecon denceof thecom-
ponentrankingmodelsfor a particularinputx.

sis shaws, this relation doesnot provide sufcient
constraintdor non-consensuigistancesAn avenue
for futureresearchs to considertheimpactof addi-
tional rhetoricalrelationsbetweeraspects We also
planto theoreticallyanalyzethe corvergenceprop-
ertiesof this andotherjoint perceptroralgorithms.
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