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Abstract

Weaddresstheproblemof analyzingmul-
tiple relatedopinions in a text. For in-
stance,in a restaurantreview suchopin-
ionsmayincludefood,ambienceandser-
vice. We formulatethis taskasa multiple
aspectrankingproblem,wherethegoal is
to producea setof numericalscores,one
for eachaspect.We presentanalgorithm
that jointly learnsrankingmodelsfor in-
dividual aspectsby modelingthe depen-
denciesbetweenassignedranks. This al-
gorithm guidesthe predictionof individ-
ual rankers by analyzing meta-relations
betweenopinions,suchasagreementand
contrast. We prove that our agreement-
basedjoint modelis moreexpressive than
individual rankingmodels.Our empirical
resultsfurthercon�rm thestrengthof the
model: thealgorithmprovidessigni�cant
improvementoverbothindividual rankers
andastate-of-the-artjoint rankingmodel.

1 Intr oduction

Previouswork onsentimentcategorizationmakesan
implicit assumptionthat a singlescorecanexpress
the polarity of an opinion text (Pang et al., 2002;
Turney, 2002; Yu and Hatzivassiloglou, 2003).
However, multiple opinionson relatedmattersare
often intertwinedthroughouta text. For example,
a restaurantreview may expressjudgmenton food
quality aswell as the serviceandambienceof the

restaurant.Ratherthanlumpingtheseaspectsinto a
singlescore,wewould liketo captureeachaspectof
the writer's opinion separately, therebyproviding a
more�ne-grainedview of opinionsin thereview.

To this end, we aim to predict a set of numeric
ranksthatre�ects theuser'ssatisfactionfor eachas-
pect. In theexampleabove, we would assigna nu-
meric rank from 1-5 for eachof: food quality, ser-
vice,andambience.

A straightforwardapproachto this taskwould be
to rank1 the text independentlyfor eachaspect,us-
ing standardrankingtechniquessuchasregression
or classi�cation.However, thisapproachfails to ex-
ploit meaningfuldependenciesbetweenusers'judg-
mentsacrossdifferentaspects.Knowledgeof these
dependenciescanbe crucial in predictingaccurate
ranks,asa user's opinionson oneaspectcanin�u-
encehisor heropinionsonothers.

The algorithm presentedin this paper models
the dependenciesbetweendifferent labels via the
agreementrelation. Theagreementrelationcaptures
whethertheuserequallylikesall aspectsof theitem
or whetherhe or sheexpressesdifferentdegreesof
satisfaction. Sincethis relationcanoften be deter-
mined automaticallyfor a given text (Marcu and
Echihabi,2002), we can readily useit to improve
rankprediction.

The Good Grief model consistsof a ranking
modelfor eachaspectaswell asanagreementmodel
which predictswhetheror not all rank aspectsare

1In thispaper, rankingrefersto thetaskof assigninganinte-
gerfrom 1 to k to eachinstance.Thistaskis sometimesreferred
to as“ordinal regression”(CrammerandSinger, 2001)and“rat-
ing prediction”(PangandLee,2005).



equal. The Good Grief decodingalgorithm pre-
dicts a setof ranks– one for eachaspect– which
maximally satisfy the preferencesof the individual
rankersandthe agreementmodel. For example,if
theagreementmodelpredictsconsensusbut the in-
dividual rankersselectranksh5; 5; 4i , then the de-
coderdecideswhetherto trust the the third ranker,
or alter its predictionandoutputh5; 5; 5i to becon-
sistentwith the agreementprediction. To obtaina
modelwell-suitedfor thisdecoding,wealsodevelop
a joint trainingmethodthatconjoinsthe trainingof
multipleaspectmodels.

We demonstratethat the agreement-basedjoint
model is more expressive than individual ranking
models. That is, every training setthat canbe per-
fectly rankedby individual rankingmodelsfor each
aspectcan also be perfectly ranked with our joint
model. In addition,we give a simpleexampleof a
trainingsetwhich cannotbeperfectlyrankedwith-
out agreement-basedjoint 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

SentimentClassi�cation Traditionally, categoriza-
tion of opiniontextshasbeencastasabinaryclassi-
�cation task(Pangetal.,2002;Turney, 2002;Yuand
Hatzivassiloglou,2003; Dave et al., 2003). More
recentwork (Pang and Lee, 2005; Goldberg and
Zhu, 2006)hasexpandedthis analysisto the rank-
ing framework where the goal is to assessreview
polarity on a multi-point scale.While this approach
providesa richerrepresentationof a singleopinion,
it still operatesontheassumptionof oneopinionper
text. Our work generalizesthis settingto the prob-
lemof analyzingmultipleopinions– or multipleas-
pectsof anopinion.Sincemultipleopinionsin asin-
gle text arerelated,it is insuf�cient to treatthemas
separatesingle-aspectrankingtasks.This motivates
our explorationof a new methodfor joint multiple
aspectranking.

Ranking The ranking, or ordinal regression,
problemhasbeenextensivly studiedin theMachine
LearningandInformationRetrieval communities.In
thissectionwefocusontwo onlinerankingmethods

which form the basisof our approach.The �rst is
a modelproposedby CrammerandSinger (2001).
The taskis to predicta rank y 2 f 1; :::; kg for ev-
ery input x 2 Rn . Their model storesa weight
vectorw 2 Rn anda vectorof increasingbound-
ariesb0 = �1 � b1 � ::: � bk� 1 � bk = 1
which divide the real line into k segments,onefor
eachpossiblerank.Themodel�rst scoreseachinput
with theweightvector: score(x) = w � x. Finally,
the modellocatesscore(x) on the real line andre-
turnstheappropriaterankasindicatedby thebound-
aries. Formally, the model returnsthe rank r such
that br � 1 � score(x) < br . The model is trained
with the PerceptronRankingalgorithm(or “PRank
algorithm”),whichreactsto incorrectpredictionson
thetrainingsetby updatingtheweightandboundary
vectors. The PRankingmodelandalgorithmwere
testedon the EachMovie datasetwith a separate
rankingmodellearnedfor eachuserin thedatabase.

An extensionof this modelis providedby Basil-
ico andHofmann(2004)in thecontext of collabora-
tive�ltering. Insteadof trainingaseparatemodelfor
eachuser, BasilicoandHofmanntrain a joint rank-
ing modelwhichsharesasetof boundariesacrossall
users.In additionto thesesharedboundaries,user-
speci�c weight vectorsarestored. To computethe
scorefor input x anduseri , the weight vectorsfor
all usersareemployed:

scorei (x) = w[i ] � x +
X

j

sim(i; j )(w [j ] � x) (1)

where0 � sim(i; j ) � 1 is thecosinesimilarity be-
tweenusersi andj , computedon theentiretraining
set. Oncethescorehasbeencomputed,thepredic-
tion rule follows that of the PRankingmodel. The
modelis trainedusingthePRankalgorithm,with the
exceptionof thenew de�nition for thescoringfunc-
tion.2 While this modelsharesinformationbetween
the differentrankingproblems,it fails to explicitly
model relationsbetweenthe rank predictions. In
contrast,our algorithmusesanagreementmodelto
learnsuchrelationsandinform joint predictions.

2In the notationof Basilico andHofmann(2004),this def-
inition of scorei (x ) correspondsto the kernelK = (K id

U +
K co

U ) � K at
X .



3 The Algorithm

The goal of our algorithmis to �nd a rank assign-
ment that is consistentwith predictionsof individ-
ual rankersandthe agreementmodel. To this end,
we developtheGoodGrief decodingprocedurethat
minimizes the dissatisfaction (grief) of individual
componentswith a joint prediction. In this section,
weformally de�ne thegrief of eachcomponent,and
amechanismfor its minimization.Wethendescribe
our methodfor joint training of individual rankers
thattakesinto accounttheGoodGrief decodingpro-
cedure.

3.1 ProblemFormulation

In an m-aspectranking problem, we are given
a training sequence of instance-label pairs
(x1; y 1); :::; (x t ; y t ); :::. Each instance x t is a
featurevectorin Rn andthe label y t is a vectorof
m ranksin Ym , whereY = f 1; ::; kg is the setof
possibleranks.Thei th componentof y t is therank
for thei th aspect,andwill bedenotedby y[i ]t . The
goal is to learn a mappingfrom instancesto rank
sets,H : X ! Ym , which minimizesthe distance
betweenpredictedranksandtrueranks.

3.2 The Model

Ourm-aspectrankingmodelcontainsm + 1 compo-
nents:(hw[1]; b[1]i ; :::; hw[m]; b[m]i ; a). The �rst
m componentsare individual rankingmodels,one
for eachaspect,andthe�nal componentis theagree-
mentmodel. For eachaspecti 2 1:::m, w[i ] 2 Rn

is a vector of weights on the input features,and
b[i ] 2 Rk� 1 is a vectorof boundarieswhich divide
the real line into k intervals, correspondingto the
k possibleranks. The default predictionof the as-
pectrankingmodelsimply usesthe rankingrule of
the PRankalgorithm. This rule predictsthe rank r
suchthat b[i ]r � 1 � scorei (x) < b[i ]r .3 The value
scorei (x) canbede�ned simply asthedot product
w[i ]�x , or it cantakeinto accounttheweightvectors
for other aspectsweightedby a measureof inter-
aspectsimilarity. We adoptthe de�nition given in
equation1, replacingthe user-speci�c weight vec-
torswith ouraspect-speci�cweightvectors.

3Moreprecisely(takinginto accountthepossibilityof ties):
ŷ[i ] = min r 2f 1;::;k g f r : scorei (x ) � b[i ]r < 0g

Theagreementmodelis a vectorof weightsa 2
Rn . A valueof a � x > 0 predictsthat theranksof
all m aspectsareequal,anda valueof a � x � 0
indicatesdisagreement.The absolutevalue ja � x j
indicatesthecon�dencein theagreementprediction.

Thegoalof thedecodingprocedureis to predicta
joint rank for the m aspectswhich satis�es the in-
dividual ranking modelsas well as the agreement
model. For a given input x, the individual model
for aspecti predictsa default rank ŷ[i ] basedon its
featureweightandboundaryvectorshw[i ]; b[i ]i . In
addition, the agreementmodel makes a prediction
regardingrankconsensusbasedon a � x. However,
thedefault aspectpredictionsŷ[1] : : : ŷ[m] maynot
accordwith the agreementmodel. For example,if
a � x > 0, but ŷ[i ] 6= ŷ[j ] for somei; j 2 1:::m, then
the agreementmodelpredictscompleteconsensus,
whereastheindividualaspectmodelsdonot.

We thereforeadopt a joint prediction criterion
which simultaneouslytakes into accountall model
components– individual aspectmodelsas well as
the agreementmodel. For eachpossiblepredic-
tion r = (r [1]; :::; r [m]) this criterion assessesthe
level of grief associatedwith the i th -aspectranking
model,gi (x ; r [i ]). Similarly, we computethe grief
of the agreementmodel with the joint prediction,
ga(x ; r ) (bothgi andga arede�nedformally below).
Thedecoderthenpredictsthem rankswhich mini-
mizetheoverall grief:

H (x) = arg min
r 2Y m

"

ga(x ; r ) +
mX

i =1

gi (x ; r [i ])

#

(2)
If thedefault rankpredictionsfor theaspectmodels,
ŷ = (ŷ[1]; :::; ŷ[m]), are in accordwith the agree-
mentmodel (both indicatingconsensusor both in-
dicatingcontrast),thenthe grief of all modelcom-
ponentswill be zero,andwe simply output ŷ . On
the otherhand,if ŷ indicatesdisagreementbut the
agreementmodelpredictsconsensus,thenwe have
the option of predictingŷ andbearingthe grief of
theagreementmodel. Alternatively, we canpredict
someconsensusy 0(i.e. with y0[i ] = y0[j ]; 8i; j ) and
bearthegrief of thecomponentrankingmodels.The
decoderH choosesthe option with lowest overall
grief.4

4Thisdecodingcriterionassumesthatthegriefsof thecom-



Now we formally de�ne the measuresof grief
usedin thiscriterion.

AspectModel Grief Wede�ne thegriefof thei th -
aspectrankingmodelwith respectto a rankr to be
thesmallestmagnitudecorrectiontermwhichplaces
theinput'sscoreinto ther th segmentof therealline:

gi (x ; r ) = min jcj

s.t.

b[i ]r � 1 � scorei (x) + c < b[i ]r

AgreementModel Grief Similarly, we de�ne the
grief of theagreementmodelwith respectto a joint
rankr = (r [1]; : : : ; r [m]) asthesmallestcorrection
neededto bringtheagreementscoreintoaccordwith
theagreementrelationbetweentheindividual ranks
r [1]; : : : ; r [m]:

ga(x ; r ) = min jcj

s.t.

a � x + c > 0 ^ 8i; j 2 1:::m : r [i ] = r [j ]

_

a � x + c � 0 ^ 9i; j 2 1:::m : r [i ] 6= r [j ]

3.3 Training

Ranking modelsPseudo-codefor GoodGrief train-
ing is shown in Figure 1. This training algorithm
is basedon PRanking(CrammerandSinger, 2001),
anonlineperceptronalgorithm.Thetrainingis per-
formedby iteratively rankingeachtraining input x
andupdatingthe model. If the predictedrank ŷ is
equalto the true ranky, theweightandboundaries
vectorsremainunchanged.On the other hand, if
ŷ 6= y, thentheweightsandboundariesareupdated
to improvethepredictionfor x (step4.cin Figure1).
See (Crammerand Singer, 2001) for explanation
andanalysisof thisupdaterule.

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

ponentmodelsarecomparable.In practice,we take anuncali-
bratedagreementmodela0 andreweightit with atuningparam-
eter: a = � a0. Thevalueof � is estimatedusingthedevelop-
mentset. We assumethat thegriefsof the rankingmodelsare
comparablesincethey arejointly trained.

aswell asthe(previously trained)agreementmodel
to determinethe predictedrank for eachaspect.In
concreteterms,for everytraininginstancex, wepre-
dict theranksof all aspectssimultaneously(step2 in
Figure1). Then,for eachaspectwemakeaseparate
updatebasedon this joint prediction(step4 in Fig-
ure 1), insteadof usingthe individual models'pre-
dictions.

Agreementmodel Theagreementmodela is as-
sumedto have beenpreviously trainedon thesame
trainingdata.An instanceis labeledwith a positive
labelif all theranksassociatedwith this instanceare
equal.Therestof theinstancesarelabeledasnega-
tive. This modelcanuseany standardtrainingalgo-
rithm for binaryclassi�cationsuchasPerceptronor
SVM optimization.

3.4 FeatureRepresentation

Ranking ModelsFollowing previouswork onsenti-
mentclassi�cation(Panget al., 2002),we represent
eachreview as a vector of lexical features. More
speci�cally, we extract all unigramsand bigrams,
discardingthosethatappearfewer thanthreetimes.
Thisprocessyieldsabout30,000features.

AgreementModel Theagreementmodelalsoop-
eratesover lexicalized features. The effectiveness
of thesefeaturesfor recognitionof discourserela-
tionshasbeenpreviouslyshown by MarcuandEchi-
habi (2002). In additionto unigramsandbigrams,
we alsointroducea featurethatmeasuresthemaxi-
mumcontrastive distancebetweenpairsof wordsin
a review. For example,thepresenceof “delicious”
and“dirty” indicatehigh contrast,whereasthepair
“expensive”and“slow” indicatelow contrast.The
contrastive 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 model is able to
perfectly rank a strict supersetof the training cor-
poraperfectlyrankableby m rankingmodelsindi-
vidually. We �rst show thatif theindependentrank-
ing modelscanindividually ranka trainingsetper-
fectly, thenour modelcando so aswell. Next, we
show thatourmodelis moreexpressiveby providing



Input : (x1; y 1); :::; (xT ; y T ), Agreementmodela, Decoderde�ntion H (x) (from equation2).
Initialize : Setw[i ]1 = 0, b[i ]11; :::; b[i ]1k� 1 = 0, b[i ]1k = 1 , 8i 2 1:::m.
Loop : For t = 1; 2; :::; T :

1. Getanew instancex t 2 Rn .
2. Predictŷ t = H (x; w t ; b t ; a) (Equation2).
3. Getanew labely t .
4. For aspecti = 1; :::; m:

If ŷ[i ]t 6= y[i ]t updatemodel(otherwisesetw[i ]t+1 = w[i ]t ; b[i ]t+1
r = b[i ]tr ; 8r ):

4.aFor r = 1; :::; k � 1 : If y[i ]t � r theny[i ]tr = � 1
elsey[i ]tr = 1.

4.bFor r = 1; :::; k � 1 : If (ŷ[i ]t � r )y[i ]tr � 0 then� [i ]tr = y[i ]tr
else� [i ]tr = 0.

4.cUpdatew[i ]t+1  w [i ]t + (
P

r � [i ]tr )x t .
For r = 1; :::; k � 1 update: b[i ]t+1

r  b[i ]tr � � [i ]tr .

Output : H (x; w T +1 ; bT +1 ; a).

Figure1: GoodGrief Training. The algorithmis basedon PRankingtraining algorithm. Our algorithm
differs in the joint computationof all aspectpredictionŝy t basedon theGoodGrief Criterion(step2) and
thecalculationof updatesfor eachaspectbasedon thejoint prediction(step4).

a simpleillustrative exampleof a trainingsetwhich
canonly beperfectlyrankedwith theinclusionof an
agreementmodel.

First we introducesomenotation.For eachtrain-
ing instance(x t ; y t ), eachaspecti 2 1:::m, and
eachrank r 2 1:::k, de�ne an auxiliary variable
y[i ]tr with y[i ]tr = � 1 if y[i ]t � r andy[i ]tr = 1
if y[i ]t > r . In words,y[i ]tr indicateswhetherthe
true rank y[i ]t is to the right or left of a potential
rankr .

Now suppose that a training set
(x1; y 1); :::; (xT ; y T ) is perfectly rankable for
each aspect independently. 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 th boundary:
w[i ]� � x t � b[i ]�r has the samesign as the auxil-
iary variabley[i ]tr . In other words, the minimum
margin over all training instances and ranks,

 = minr ;t f (w [i ]� � x t � b[i ]�r )y[i ]tr g, is no lessthan
zero.

Now for thet th traininginstance,de�ne anagree-
mentauxiliary variableat , whereat = 1 whenall
aspectsagreein rank and at = � 1 when at least
two aspectsdisagreein rank.First considerthecase
wheretheagreementmodela perfectlyclassi�esall
training instances:(a � x t )at > 0; 8t. It is clear

thatGoodGrief decodingwith theidealjoint model
(hw[1]� ; b[1]� i ; :::; hw[m]� ; b[m]� i ; a) will produce
the sameoutputas the componentrankingmodels
runseparately(sincethegriefwill alwaysbezerofor
thedefault rankpredictions).Now considerthecase
wherethetrainingdatais not linearlyseparablewith
regard to agreementclassi�cation. De�ne the mar-
ginof theworstcaseerrortobe� = maxt fj (a�x t )j :
(a�x t )at < 0g. If � < 
 , thenagainGoodGrief de-
codingwill alwaysproducethedefault results(since
thegrief of theagreementmodelwill beatmost� in
casesof error, whereasthegrief of therankingmod-
els for any deviation from their default predictions
will beat least
 ). On theotherhand,if � � 
 , then
theagreementmodelerrorscouldpotentiallydisrupt
theperfectranking.However, we needonly rescale
w� := w� ( �


 + � ) andb� := b� ( �

 + � ) to ensurethat

the grief of the rankingmodelswill alwaysexceed
thegrief of theagreementmodelin caseswherethe
latter is in error. Thuswhenever independentrank-
ing modelscanperfectlyranka trainingset,a joint
rankingmodelwith GoodGrief decodingcando so
aswell.

Now we give a simpleexampleof a training set
which canonly be perfectly ranked with the addi-
tion of anagreementmodel.Considera trainingset
of four instanceswith two rankaspects:



hx1; y 1i = h(1; 0; 1); (2; 1)i
hx2; y 2i = h(1; 0; 0); (2; 2)i
hx3; y 3i = h(0; 1; 1); (1; 2)i
hx4; y 4i = h(0; 1; 0); (1; 1)i

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

Thefoodwasgood, but not theambience.
Thefoodwasgood, andsowastheambience.
Thefoodwasbad, but not theambience.
Thefoodwasbad, andsowastheambience.

We canfurther interpretthe �rst rank aspectasthe
quality of food,andthesecondasthequality of the
ambience,bothonascaleof 1-2.

A simplerankingmodelwhichonly considersthe
words“good” and“bad” perfectlyranksthefoodas-
pect.However, it is easyto seethatno singlemodel
perfectlyranksthe ambienceaspect.Considerany
model hw; b = (b)i . Note that w � x 1 < b and
w � x2 � b togetherimply that w3 < 0, whereas
w � x3 � b and w � x4 < b togetherimply that
w3 > 0. Thusindependentrankingmodelscannot
perfectlyrankthiscorpus.

The addition of an agreementmodel, 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),
theGoodGrief decoderwill produceaperfectrank.

5 Experimental Set-Up

Weevaluateourmulti-aspectrankingalgorithmona
corpus5 of restaurantreviews availableon theweb-
site http://www.we8there.com . Reviews
from thiswebsitehavebeenpreviouslyusedin other
sentimentanalysistasks (Higashinakaet al., 2006).
Eachreview is accompaniedby a setof � ve ranks,
eachonascaleof 1-5,coveringfood,ambience,ser-
vice,value,andoverall experience.Theseranksare
providedby consumerswho wroteoriginal reviews.
Our corpusdoesnot containincompletedatapoints
sinceall the reviews availableon this websitecon-
tain botha review text andthevaluesfor all the� ve
aspects.

Training and Testing Division Our corpuscon-

5Data and code used in this paper are available at
http://people.csail.mit.edu/bsnyder/naacl07

tains4,488reviews, averaging115words. We ran-
domly select3,488reviews for training,500for de-
velopmentand500for testing.

Parameter Tuning We usedthedevelopmentset
to determineoptimalnumbersof training iterations
for our model and for the baselinemodels. Also,
givenaninitial uncalibratedagreementmodela0, we
de�ne our agreementmodel to be a = � a0 for an
appropriatescalingfactor� . We tunethevalueof �
on thedevelopmentset.

Corpus Statistics Our training corpuscontains
528among55 = 3025possibleranksets.Themost
frequentrank set h5; 5; 5; 5; 5i accountsfor 30.5%
of thetrainingset.However, no otherranksetcom-
prisesmorethan5% of the data. To cover 90% of
occurrencesin thetrainingset,227ranksetsarere-
quired. Therefore,treatinga rank tuple asa single
label is not a viable option for this task. We also
�nd thatreviewswith full agreementacrossrankas-
pectsare quite commonin our corpus,accounting
for 38% of the training data. Thus an agreement-
basedapproachis naturalandrelevant.

A rank of 5 is the mostcommonrank for all as-
pectsandthusapredictionof all 5'sgivesa MAJOR-
ITY baselineand a naturalindicationof task dif�-
culty.

Evaluation MeasuresWeevaluateouralgorithm
and the baselineusing ranking loss (Crammerand
Singer, 2001;BasilicoandHofmann,2004). Rank-
ing loss measuresthe average distancebetween
the true rank and the predictedrank. Formally,
given N testinstances(x1; y 1); :::; (xN ; y N ) of an
m-aspectranking problem and the corresponding
predictionsŷ 1; :::; ŷ N , ranking loss is de�ned as
P

t;i
jy[i ]t � ŷ[i ]t j

mN . Lower valuesof this measurecor-
respondto abetterperformanceof thealgorithm.

6 Results

Comparisonwith BaselinesTable1 shows theper-
formanceof theGoodGrief trainingalgorithmGG
TRAIN+DECODE along with variousbaselines,in-
cluding the simple MAJORITY baselinementioned
in section5. The�rst competitive baseline,PRANK,
learnsa separateranker for eachaspectusing the
PRankalgorithm.Thesecondcompetitive baseline,
SIM, sharestheweightvectorsacrossaspectsusing
a similarity measure(BasilicoandHofmann,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 TRAI N+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

Table1: Rankinglosson thetestsetfor variantsof GoodGrief andvariousbaselines.

Figure2: Ranklossfor our algorithmandbaselines
asa functionof traininground.

Bothof thesemethodsaredescribedin detailin Sec-
tion 2. In addition,we considertwo variantsof our
algorithm: GG DECODE employs the PRanktrain-
ing algorithmto independentlytrain all component
rankingmodelsandonly appliesGoodGrief decod-
ing attesttime. GG ORACLE usesGoodGrief train-
ing anddecodingbut in both casesis given perfect
knowledgeof whetheror not thetrueranksall agree
(insteadof usingthetrainedagreementmodel).

Our modelachievesa rank error of 0.632,com-
paredto 0.675for PRANK and0.663for SIM. Both
of thesedifferencesare statistically signi�cant at
p < 0:002by aFisherSignTest.Thegain in perfor-
manceis observedacrossall � veaspects.Ourmodel
alsoyieldssigni�cant improvement(p < 0:05) over
the decoding-onlyvariant GG DECODE, con�rm-
ing the importanceof joint training. As shown in
Figure 2, our model demonstratesconsistentim-
provementover thebaselinesacrossall 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: Ranking loss for our model and PRANK

computedseparatelyon casesof actualconsensus
andactualdisagreement.

formanceon the 210 test instanceswhere all the
target ranksagreeandthe remaining290 instances
wherethereis somecontrast.As Table2 shows,we
outperformthePRANK baselinein bothcases.How-
everontheconsensusinstancesweachievearelative
reductionin errorof 21.8%comparedto only a1.1%
reductionfor the otherset. In casesof consensus,
theagreementmodelcanguidethe rankingmodels
by reducingthedecisionspaceto � ve ranksets. In
casesof disagreement,however, ourmodeldoesnot
provide suf�cient constraintsasthevastmajority of
rankingsetsremainviable.Thisexplainstheperfor-
manceof GG ORACLE, thevariantof our algorithm
with perfectknowledgeof agreement/disagreement
facts.As shown in Table1, GG ORACLE yieldssub-
stantialimprovementover our algorithm,but most
of thisgaincomesfrom consensusinstances(seeTa-
ble2).

We also examine the impact of the agreement
model accuracy on our algorithm. The agreement
model,whenconsideredon its own, achievesclas-
si�cation accuracy of 67%on thetestset,compared
to a majority baselineof 58%. However, thosein-
stanceswith highcon�denceja � x j exhibit substan-
tially higherclassi�cationaccuracy. Figure3 shows
theperformanceof theagreementmodelasa func-
tion of the con�dencevalue. The 10% of the data
with highestcon�dencevaluescanbe classi�ed by



Figure3: Accuracy of theagreementmodelon sub-
setsof testinstanceswith highestcon�denceja � x j.

the agreementmodel with 90% accuracy, and the
third of thedatawith highestcon�dencecanbeclas-
si�ed at80%accuracy.

This propertyexplainswhy theagreementmodel
helpsin joint rankingeven thoughits overall accu-
racy mayseemlow. UndertheGoodGrief criterion,
the agreementmodel's predictionwill only be en-
forcedwhenits grief outweighsthat of the ranking
models. Thus in caseswherethe predictioncon�-
dence(ja�x j) is relatively low,6 theagreementmodel
will essentiallybeignored.

7 Conclusionand Futur eWork

Weconsideredtheproblemof analyzingmultiplere-
lated aspectsof userreviews. The algorithm pre-
sentedjointly learnsrankingmodelsfor individual
aspectsby modelingthe dependenciesbetweenas-
signedranks. The strengthof our algorithm lies
in its ability to guide the predictionof individual
rankers using rhetorical relationsbetweenaspects
suchasagreementandcontrast.Our methodyields
signi�cant empirical improvementsover individual
rankers as well as a state-of-the-artjoint ranking
model.

Ourcurrentmodelemploysasinglerhetoricalre-
lation – agreementvs. contrast– to modeldepen-
denciesbetweendifferentopinions. As our analy-

6What countsas “relatively low” will dependon both the
valueof thetuningparameter� andthecon�denceof thecom-
ponentrankingmodelsfor aparticularinputx .

sis shows, this relation doesnot provide suf�cient
constraintsfor non-consensusinstances.An avenue
for futureresearchis to considertheimpactof addi-
tional rhetoricalrelationsbetweenaspects.We also
plan to theoreticallyanalyzethe convergenceprop-
ertiesof thisandotherjoint perceptronalgorithms.
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