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Abstract

The paper proposesa Constrained Entity-
Alignment F-Measure(CEAF) for evaluating
coreferenceresolution. The metric is com-
putedby aligningreferenceandsystementities
(or coreferencehains)with the constrainthat
a system(reference)entity is aligned with at
mostone reference(system)entity. We show
thatthe bestalignmentis a maximumbipartite
matchingproblemwhich canbe solved by the
Kuhn-Munkresalgorithm. Comparatie exper
imentsare conductedo shawv thatthe widely-
known MUC F-measurehas seriousflaws in
evaluatinga coreferenceystem.The proposed
metric is also comparedwith the ACE-Value,
the official evaluationmetricin the Automatic
ContentExtraction (ACE) task, and we con-
cludethatthe proposednetric possessesome
propertiessuchas symmetryand betterinter-
pretability missingin the ACE-Value.

1 Intr oduction

A working definition of coreferenceesolutionis parti-
tioning the nounphraseave areinterestedn into equi-
alenceclasseseachof which refersto a physicalentity.
We adoptthe terminologiesusedin the Automatic Con-
tent Extraction(ACE) task (NIST, 2003a)andcall each
individual phrasea mention andequialenceclassanen-
tity. For example,in thefollowing text sggment,

(1): “The AmericanMedical Association
voted yesterdayto install the heirapparentas
its president-electrejecting a strong, upstart
challengeby a district doctorwho arguedthat
the nation’s largest physicians’ group needs
strongerethicsandnew leadershig.

mentionsare underlined,“American Medical Associa-
tion”, “its” and “group” refer to the sameorganization
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(object)andthey form anentity. Similarly, “the heir ap-
parent’and“president-electteferto thesamepersorand
they form anotherentity. It is worth pointingout thatthe
entity definition hereis differentfrom what usedin the
MessagdJnderstandingConferencMUC) task(MUC,
1995; MUC, 1998)— ACE entity is called coreference
chainor equialenceclassin MUC, and ACE mentionis
calledentityin MUC.

An importantproblemin coreferenceesolutionis how
to evaluatea systems$ performanceA goodperformance
metricshouldhave thefollowing two properties:

e Discriminatiity: This refersto the ability to differ-
entiatea good systemfrom a bad one. While this
criterionsoundgtrivial, not all performancametrics
usedin the pastpossesshis property

¢ Interpretability:A goodmetricshouldbeeasyto in-
terpret.Thatis, thereshouldbe anintuitive senseof
how gooda systemis whena metric suggestshata
certainpercentagef coreferenceesultsarecorrect.
For example,whena metric reports95% or above
correctfor a system,we would expectthat the vast
majority of mentionsarein right entitiesor corefer
encechains.

A widely-usedmetricis thelink-basedr-measurégVi-
lain etal.,1995)adoptedn theMUC task.lIt is computed
by first countingthe numberof commonlinks between
the referencgor “truth”) andthe systemoutput(or “re-
sponse”);the link precisionis the numberof common
links divided by the numberof links in the systemout-
put, andthe link recall is the numberof commonlinks
divided by the numberof links in the reference.There
are known problemsassociatedvith the link-basedF-
measure. First, it ignoressingle-mentionentitiessince
no link canbefoundin theseentities;Secondandmore
importantly it fails to distinguishsystemoutputswith
differentqualities:thelink-based~-measuréntrinsically
favors systemsroducingfewer entities,and may result
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in higherF-measure$or worsesystems.We will revisit
theseissuesn Section3.

To countertheseshortcomings,Baggaand Baldwin
(1998) proposedh B-cubedmetric, which first computes
a precisionandrecall for eachindividual mention,and
then takes the weightedsum of theseindividual preci-
sionsandrecallsasthe final metric. While the B-cubed
metric fixes someof the shortcomingsof the MUC F-
measureit hasits own problems:for example,the men-
tion precision/recalis computedby comparingentities
containingthe mention and thereforean entity can be
usedmorethanonce. The implication of this dravback
will berevisitedin Section3.

In the ACE task, a value-basednetric called ACE-
value (NIST, 2003b)is used. The ACE-valueis com-
putedby countingthe numberof false-alarmthe num-
ber of miss, andthe numberof mistalen entities. Each
error is associatedvith a cost factor that dependson
things such as entity type (e.g., “LOCATION", “PER-
SON"), andmentionlevel (e.g.,"NAME,” “NOMIN AL,”
and“PRONOUN?"). Thetotal costis the sumof thethree
costswhichis thennormalizedagainsthecostof anom-
inal systemthat doesnot outputary entity. The ACE-
valueis finally computedby subtractingthe normalized
costfrom 1. A perfect coreferencesystemwill get a
100% ACE-valuewhile a systemoutputsno entitieswill
geta0 ACE-value.A systemoutputtingmary erroneous
entitiescould even get negative ACE-value. The ACE-
value is computedby aligning entities and thus avoids
the problemsof the MUC F-measureThe ACE-valueis,
however, hardto interpret:asystemwith 90% ACE-value
doesnotmearnthat90% of systementitiesor mentionsare
correct,but thatthe costof the systemyelativeto theone
outputtingno entity, is 10%.

In this paper we aim to develop an evaluationmetric
thatis ableto measureéhequality of acoreferenceystem
— thatis, anintuitively bettersystemwould geta higher
scorethanaworsesystemandis easyto interpret.To this
end,weobsenethatcoreferenceystemsreto recognize
entities and proposea metric called ConstrainecEntity-
Aligned F-Measurg CEAF). At the coreof the metricis
the optimalone-to-onemapbetweersubset®f reference
andsystenmentities:systementitiesandreferenceentities
arealignedby maximizingthe total entity similarity un-
der the constraintthat a referenceentity is alignedwith
at mostone systementity, andvice versa. Oncethe to-
tal similarity is definedi,it is straightfornardto compute
recall, precisionand F-measureThe constrainmposed
in theentity alignmentmakesit impossibleto “cheat”the
metric: a systemoutputtingtoo mary entitieswill be pe-
nalizedin precisionwhile a systemoutputtingtwo few
entitieswill be penalizedn recall. It alsohasthe prop-
erty that a perfectsystemgetsan F-measurel while a
systemoutputtingno entity or no commonmentionsgets
anF-measurd). The proposedCEAF hasa clearmean-

of mentionsthat are in the correctentities; For entity-
basedCEAF it reflectsthe percentagef correctlyrecog-
nizedentities.

Therestof the paperis organizedasfollows. In Sec-
tion 2, the ConstrainecEntity-Alignment F-Measureis
presentedn detail: the constraintentity alignmentcan
be representedby a bipartite graph and the optimal
alignment can be found by the Kuhn-Munkresalgo-
rithm (Kuhn, 1955; Munkres, 1957). We also present
two entity-pair similarity measureghat can be usedin
CEAF: oneis the absolutenumberof commonmentions
betweertwo entities,andtheotheris a“local” mentionF-
measurdetweerntwo entities. Thetwo measuregeadto
the mention-base@dnd entity-basedCEAF, respectiely.
In Section3, we comparethe proposedmetric with the
MUC link-basedmetricand ACE-valueon bothartificial
and real data, and point out the problemsof the MUC
F-measure.

2 Constrained Entity-Alignment
F-Measure

Somenotationsare neededbefore we presentthe pro-
posedmetricandthe algorithmto computethe metric.
Let referenceentitiesin adocumenti be

R(d)={R;:i=1,2,---,|R(d)|},
andsystementitiesbe

To simplify typesettingwe will omit the dependengon
d whenit is clearfrom context, andwrite R(d) asR and
S(d) asS.

Let

m = min{|R/, S|}
M = max{|R],|S|},

andletR,, C RandS,, C S beary subsetsvith m enti-
ties. Thatis, |R,,| = m and|S,,| = m. Let G(R,,, Sin)

bethesetof one-to-oneentity mapsfrom R, to S,,,, and
G, bethe setof all possibleone-to-onemapsbetween
thesize+n subset®f R andS. Or

G(Rmasm) = {g R Sm}a
Gm = U(R,H,Sm)G(RmaSm)-

The requirementof one-to-onemap meansthat for ary
g € G(Rpm,Sm), andary R € R, andR' € R,,,
we have that R # R’ impliesthatg(R) # g(R'), and
g(R) # g(R’) impliesthatR # R’. Clearly, therearem!
one-to-onemapsfrom R,,, to S,,, (or |G(Rn, S| =
m!), and|G.,.| = (M)ml.

Let#(R, S) bea“similarity” measurdetweertwo en-

ing: for mention-base®EAF it reflectsthe percentage tities R andS. ¢(R,.S) takesnon-ngative value: zero
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valuemeanghat R and S have nothingin common.For
example,¢(R, S) couldbethenumberof commonmen-
tionssharedy R andS, and¢(R, R) thenumberof men-
tionsin entity R.

Forary g € G,,, thetotal similarity ®(g) for amapg
is thesumof similaritiesbetweerthealignedentity pairs:
®(9) = > ger,, ?(R,g(R)). Givenadocumentd, and
its referenceentitiesR andsystementitiesS, we canfind
the bestalignmentmaximizingthetotal similarity:

g" = arg max (9)

= arg Ingx Z ¢(R79(R))

S
gEGm RERm

1)

Let Rx, andS;, = ¢*(R:,) denotethe referenceand
systementity subsetsvhereg* is attained,respectiely.
Thenthe maximumtotal similarity is

O(g")= > ¢(R,g"(R)).

RERX,

)

If we insistthat ¢(R,S) = 0 wheneer R or S is
empty then the non-neyativity requirementof ¢(R, S)
malkesit unnecessaro considerthe possibility of map-
ping one entity to an empty entity sincethe one-to-one
mapmaximizing®(g) mustbein G,,.

Since we can compute the entity self-similarity
¢(R,R) and¢(S,S) forary R € R andS € S (i.e.,
usingthe identity map), we arenow readyto definethe
precisionrecallandF-measurasfollows:

_ ()
P= ZIL (ZS(SZ’SZ) (3)
®(9*)
" S ok R @
_ 2pr
F= p+r ©)

The optimal alignment ¢g* involves only m =
min{|R|, |S|} referenceandsystementities,andentities
notaligneddo not getcredit. Thusthe F-measuré5) pe-
nalizesa coreferencesystenthatproposesoomary (i.e.,
lower precision)or too few entities(i.e., lower recall),
whichis adesiredproperty

In the above discussion,it is assumedhat the sim-
ilarity measurep(R, S) is computedfor all entity pair
(R,S). In practice, computationof ¢(R,S) can be
avoidedif it is clearthat R andS havenothingin common
(e.g.,if nomentionin R andS overlapsthen¢(R, S) =
0). Theseentity pairs are not linked and they will not
be consideredvhensearchindor the optimalalignment.
Consequentliythe optimal alignmentcould involve less
thanm referenceandsystementities. This canspeedup
considerablythe F-measurecomputationwhen the ma-
jority of entity pairshave zerosimilarity. Nevertheless,
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summingover m entity pairsin the generafformulae(2)
doesnot changethe optimal total similarity betweenRR
andS andhencethe F-measure.

In formulae(3)-(5), thereis only onedocumentn the
testcorpus. Extensionto corpuswith multiple testdoc-
umentsis trivial: just accumulatestatisticson the per
documenbasisfor bothdenominatorandnumeratorsn
(3) and(4), andfind theratio of thetwo.

Sofar, we havetacitly keptabstracthesimilarity mea-
sure¢(R,S) for entity pair R and.S. We will deferthe
discussiorof this metricto Section2.2. Insteadwe first
presenthealgorithmcomputingthe F-measurég3)-(5).

2.1 Computing Optimal Alignment and F-measure

A naive implementationof (1) would enumerateall the
possibleone-to-oneanaps(or alignments)oetweensize-
m (recall that m = min{|R|,|S|}) subsetsof R and
sizesn subsetsof S, andfind the bestalignmentmax-
imizing the similarity. Since this requirescomputing
the similarities betweenm M entity pairs andthereare
|G| = (%)m' possibleone-to-onamaps,the complex-
ity of this implementationis O(Mm + (%)m!). This
is not satishctory evenfor a documentwith a moderate
numberof entities: it will have about3.6 million opera-
tionsfor M = m = 10, adocumentwith only 10 refer
enceand10 systementities.

Fortunately the entity alignmentproblem underthe
constraintthat an entity can be alignedat mostonceis
the classicalmaximum bipartite matchingproblemand
thereexists an algorithm (Kuhn, 1955; Munkres,1957)
(henceforthkKuhn-MunkresAlgorithm) that canfind the
optimal solutionin polynomialtime. Castingthe entity
alignmentproblemasthe maximumbipartitematchingis
trivial: eachentity in R andS is a vertex andthe node
pair (R, S), whereR € R, S € S, is connectediy an
edgewith the weight ¢(R, S). Thusthe problem(1) is
exactly themaximumbipartitematching.

With the Kuhn-Munkresalgorithm, the procedureto
computethe F-measurg(5) can be describedas Algo-
rithm 1.

Algorithm 1 Computingthe F-measuréb).
Input: referenceentitiesR; systementities:S
Output: optimalalignmentg*; F-measurgb).
L:nitialize: g* = 0; ®(g*) = 0.
2:Fori=1to|R|

3: Forj=1to|S]

4: Compute ¢(R;, S;).

5:[g*,®(g*)]=KM ({4(R,S) : RE R, S € S}).
6:B(R) = Y per ?(R, R); B(S) = Y ge5 9(5,9).

o 2000 2(gN). . 2pr
=S P = S =k

8return g* andF.

Theinputto thealgorithmarereferenceentitiesk and
systementitiesS. Thealgorithmreturnsthe bestone-to-



onemap g* and F-measuren equation(5). Loop from

line 2 to 4 computeghe similarity betweenall the pos-
sible referenceand systementity pairs. The complexity

of thisloop is O(Mm). Line 5 callsthe Kuhn-Munkres
algorithm, which takes as input the entity-pair scores
{¢(R, S)} and outputsthe bestmap ¢g* and the corre-
spondingtotal similarity ®(¢*). The worst case(i.e.,

whenall entriesin {¢(R, S)} arenon-zerosgompleity

of the Kuhn-Algorithmis O(Mm?log m). Line 6 com-

putes“self-similarity” ®(R) and®(S) neededn the F-

measureomputatioratLine 7.

The core of the F-measurecomputationis the Kuhn-
Munkresalgorithmat line 5. The algorithmis initially
discoreredby Kuhn(1955)andMunkres(1957)to solve
the matching(a.k.aassignmentproblemfor squarema-
trices. Sincethen, it has beenextendedto rectangu-
lar matrices(Bourgeoisand Lassalle,1971) and paral-
lelized (Balasetal.,1991).A recentreview canbefound
in (GuptaandYing, 1999), which also detailsthe tech-
niguesof fastimplementation A shortdescriptionof the
algorithmis includedin Appendixfor the sale of com-
pleteness.

2.2 Entity Similarity Metric

In this sectionwe considerthe entity similarity metric
¢(R,S) definedon an entity pair (R, S). It is desirable
thato(R, S) is largewhenR andS are“close” andsmall
when R andS arevery different. Somestraight-forvard
choicescouldbe

1, fR=S

$1(R, S) ={ 0. (;therwise ©)
1, fRNS

$2(R,S) ={ 0: | othr;rwife@ @

(6) insiststhattwo entity arethe sameif all the mentions
arethe same,while (7) goesto the otherextreme: two
entitiesare the sameif they shareat leastonecommon
mention.

(6) doesnot offer a goodgranularityof similarity: For
example,if R = {a,b,c}, and one systemresponse
is S1 = {a,b}, andthe other systemresponseS,; =
{a}, thenclearly Sy is more similar to R than Ss, yet
o(R,S1) = ¢(R,S2) = 0. For the samereason,(7)
lacksof the desireddiscriminatiity aswell.

From the above argument,it is clearthat we wantto
have a metric that canmeasureahe degreeto which two
entitiesare similar, not a binary decision. One natural
choiceis measuringhow mary commonmentionstwo
entitiesshare,andthis canbe measuredy the absolute
numberor relative number:

#3(R,S)=|RNS| (8)
_ 9RNS|
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Metric (8) simply countsthe numberof commonmen-
tions sharedby R and S, while (9) is the mentionF-

measuréetweenR and S, arelative numbermeasuring
how similar R andS are.For theabosementionedxam-

ple,

¢3(R, 51) = d3({a, b, ¢}, {a,b}) =2
$3(R, S2) = ds({a,b. ¢}, {a}) =1
?4(R,S1) = p4({a,b,c},{a,b}) =0.8
$a(R, S2) = ¢1({a, b, c},{a}) = 0.5,

thus both metrics give the desired ranking
#3(R, S1) > ¢3(R, S2), ¢4(R,S1) > dpa(R, Sz).

If ¢3(-,-) isadoptedn Algorithm 1, ®(g*) is thenum-
ber of total commonmentionscorrespondindo the best
one-to-onemapg* while thedenominatorsf (3) and(4)
are the numberof proposedmentionsand the number
of systemmentions,respectiely. The F-measuren (5)
canbeinterpretedastheratio of mentionsthatarein the
“right” entities. Similarly, if ¢4(-,-) is adoptedn Algo-
rithm 1, the denominator®f (3) and (4) arethe number
of proposedentitiesand the numberof systementities,
respectiely, andthe F-measurén (5) canbe understood
asthe ratio of correctentities. Therefore,(5) is called
mention-baseEAF and entity-basedCEAF when (8)
and(9) areused respectiely.

o3(-, ) andgy(-, -) aretwo reasonablentity similarity
measuresbut by no meansthe only choices. At men-
tion level, partial credit could be assignedo two men-
tionswith differentbut overlappingspanspr whenmen-
tion typeis available,weightsdefinedon thetype confu-
sion matrix can be incorporated. At entity level, entity
attributes, if avaiable,canbe weightedin the similarity
measureaswell. For example, ACE datadefinesthree
entity classesNAME, NOMINAL andPRONOUN. Dif-
ferentweightscanbe assignedo thethreeclasses.

No matterwhat entity similarity measures used, it
is crucial to have the constraintthat the document-lgel
similarity betweenreferenceentitiesand systementities
is calculatedover the bestone-to-onanap. We will see
examplesin Section3 that misleadingresultscould be
producedvithout the alignmentconstraint.

Another obsenation is that the same evaluation
paradigmcanbe usedin any scenaridhatneedgo mea-
surethe “closenesshetweena setof systemand refer
enceobjects,providedthata similarity betweentwo ob-
jectsis defined.For example the2004ACEtasksinclude
detectingandrecognizingrelationsin text documentsA
relationinstancecanbetreatedasanobjectandthesame
evaluationparadigmcanbeapplied.

3 Comparisonwith Other Metrics

In this section we comparehe proposed--measuravith
the MUC link-based F-measure(and its variation B-
cubeF-measurepnd the more recentACE-value. The
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Figurel: Exampleentities: (1)truth; (2)systenresponse
(a); (3)systemresponse(b); (4)systemresponse(c);
(5)systenresponséd)

proposednmetric hasfixed problemsassociatedvith the
MUC andB-cubeF-measureandhasbetterinterpretabil-
ity thanthe ACE-value.

3.1 Comparisonwith the MUC F-measurand
B-cubeMetric on Artificial Data

We use the example in Figure 1 to compare the
MUC link-basedF-measureB-cube, and the proposed
mention- and entity-basedCEAF. In Figure 1, men-
tions are representedn circles and mentionsin an en-
tity are connectedby arrows. Intuitively, if eachmen-
tion is treatedequally the systemresponsga) is bet-
ter than the systemresponsgb) since the latter mixes
two big entities,{1, 2, 3,4,5} and{8,9, A, B, C'}, while
the former mixesa small entity {6, 7} with onebig en-
tity {8,9, A, B, C'}. Systenresponséb) is clearlybetter
thansystenresponséc) sincethelatterputsall themen-
tionsinto a singleentity while (b) hascorrectlyseparated
the entity {6, 7} from therest. The systemresponsed)
is the worst: the systemdoesnot link arny mentionsand
outputsl2 single-mentiorentities.

Tablel summarizevariousF-measurefor systenre-
sponse(a) to (d): the first column containsthe indices
of the systemresponsedound in Figure 1; the second
andthird columnsarethe MUC F-measureand B-cubic
F-measureespectiely; thelasttwo columnsarethe pro-
posedCEAF F-measuresjsingthe entity similarity met-
ric ¢s(-,-) andgqy(-, -), respectiely.

As shown in Table1, the MUC link-basedF-measure
failsto distinguishthesystenresponsé€a) andthesystem
responségb) asthetwo areassignedhe sameF-measure.
The systemresponse€c) represents trivial output: all
mentionsareputin the sameentity. YettheMUC metric
will leadto a 100% recall (9 out of 9 referencdinks are
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System CEAF

response| MUC | B-cube| ¢s(-,-) | da(-,-)
[€)) 0.947| 0.865 | 0.833 | 0.733
(b) 0.947| 0.737 | 0.583 | 0.667
(©) 0.900| 0.545 | 0.417 | 0.294
(d) - 0.400 | 0.250 | 0.178

Tablel: Comparisorof coreferencevaluationmetrics

correct)anda 81.2% precision(9 outof 11 systemlinks
arecorrect),which givesriseto a 90% F-measurelt is
striking that a “bad” systemresponsegetssucha high
F-measure.Another problemwith the MUC link-based
metricis thatit is not ableto handlesingle-mentiorenti-
ties,asthereis nolink for asinglementionentity. Thatis
why theentryfor systenresponséd) in Tablel is empty

B-cube F-measureranks the four systemresponses
in Table 1 as desired. This is becauseB-cube met-
ric (Baggaand Baldwin, 1998) is computedbasedon
mentions(as opposedo links in the MUC F-measure).
But B-cube usesthe same entity “intersecting” pro-
cedurefound in computingthe MUC F-measure(Vi-
lain et al., 1995), and it sometimescan give counter
intuitive results. To seethis, let us take a look at re-
call and precisionfor systemresponseg(c) and (d) for
B-cube metric. Notice that all the referenceentities
are found after intersectingwith the systemresponsce
(c): {{1,2,3,4,5},{6,7},{8,9, A, B,C}}. Therefore,
B-cuberecall is 100% (the correspondingprecisionis
&% (10 x 2 + 2% 2) = 0.375). This is counter
intuitive becausé¢he setof referenceentitiesis nota sub-
set of the proposedentities, thus the systemresponse
shouldnot have gottena 100% recall. The sameprob-
lem exists for the systemresponsgd): it getsa 100%
B-cube precision (the correspondingB-cube recall is
S(Bx14+2%1+5x1) = 0.25), but clearly not all
the entitiesin the systemresponséd) arecorrect! These
numebraresummarizedn Table2, wherecolumnswith
R and P representecallandprecisionrespectiely.

System B-cube CEAF

response|[ R P #3-R &3P | g2 R gaP
(c) 1.0 0.375| 0.417 0.417 | 0.196 0.588
(d) 0.25 1.0 0.250 0.250 | 0.444 0.111

Table 2: Exampleof counterintuitive B-cuberecall or
precision:systemrepsonséc) gets100% recall (column
R) while systemrepsonsdd) gets100% precision(col-
umnP). The problemis fixedin both CEAF metrics.

The counterintuitive resultsassociatedavith the MUC
and B-cube F-measuresre rootedin the procedureof
“intersecting”thereferenceandsystementities,whichal-
lows an entity to be usedmorethanonce! We will come
backto this afterdiscussinghe CEAF numbers.

From Table 1, we seethat both mention-based col-



umn under ¢3(-,-)) CEAF and entity-based(¢4(-, -))
CEAF are ableto rank the four systemsproperly: sys-
tem (a) to (d) are increasinglyworse. To seehow the
CEAF numbersarecomputed)et us take the systemre-
sponse(a) asan example: first, the bestone-oneentity
map is determined. In this case,the bestmapis: the
referenceentity {1,2,3,4,5} is alignedto the system
entity {1, 2, 3,4, 5}, thereferenceentity {8,9, A, B,C}
is aligned to the system{6,7,8,9, A, B,C} and the
referenceentity {6,7} is unaligned. The number
of common mentions is therefore 10 which results
in a mention-based(¢s(-,-)) recall % and precision
5. Since ¢4({1,2,3,4,5},{1,2,3,4,5}) = 1, and
¢4({8,9,4,B,C},{6.7,8,9, 4, B,C}) = 13, ®(¢") =
1+ % (c.f. equation(4) and(3)), andthe entity-based--
measurgc.f. equation(9)) is therefore
2x(1+13) 11

=— =0.733.
3+2 15

CEAFfor othersystenresponsearecomputedsimilarly.

CEAF recall and precisionbreakdaevn for system(c)
and(d) arelistedin column4 through? of Tablel. Ascan
be seen,neither mention-basechor entity-basedCEAF
hasthe aborementionegroblemassociatedvith the B-
cube metric, and the recall and precisionnumbersare
moreor lesscompatiblewith our intuition: for instance,
for system(c), basedon ¢3-CEAF number we cansay
that about41.7% mentionsare in the right entity, and
basedonthe ¢,-CEAF recallandprecisionwe canstate
thatabout19.6% of “true” entitiesarerecovered(recall)
andabout58.8% of the proposedentitiesarecorrect.

A comparisonof the proceduresof computingthe
MUC F-measure/B-cuband CEAF revealsthatthe cru-
cial differenceis that the MUC and B-cube F-measure
allow anentity to beusedmultiple timeswhile CEAF in-
siststhatentitymapbeone-to-oneSoanentitywill never
getdoublecredit. Take the systenrepsonséc) asan ex-
ample,intersectinghreereferenceentity in turn with the
referenceentitiesproducegshesamesetof referenceenti-
ties,which leadsto 100% recall. In theintersectiorstep,
the systementity is effectively usedthreetimes. In con-
trast, the systementity is alignedto only onereference
entity whencomputingCEAF

3.2 ComparisonsOn Real Data
3.2.1 MUC F-measureand CEAF

We have seenthe differentbehaviors of the MUC F-
measure B-cube F-measureand CEAF on the artificial
data.We now comparethe MUC F-measureCEAF, and
ACE-valuemetricson real data(compasiorbetweenthe
MUC and B-cube F-measurecan be found in (Bagga
andBaldwin, 1998)). Comparsiorbetweenthe MUC F-
measur@andCEAF is doneontheMUCG6 coreferenceest
set,while comparisorbetweerthe CEAF andACE-value
is doneonthe 2004ACE data.The setupreflectsthefact
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thatthe official MUC scorerand ACE scorerrun on their
own dataformatandare not easily portableto the other
dataset. All the experimentsn this sectionaredoneon
truementions.

Penalty | #sys-ent| MUC-F | ¢3-CEAF
-0.6 561 .851 0.750
-0.8 538 .854 0.756
-0.9 529 .853 0.753
-1 515 .853 0.753
-1.1 506 .856 0.764
-1.2 483 .857 0.768
-1.4 448 .863 0.761
-15 425 .862 0.749
-1.6 411 .864 0.740
-1.7 403 .865 0.741
-10 113 .902 0.445

Table3: MUC F-measureand mention-baseEAF on

the official MUCSG testset. Thefirst columncontainsthe
penaltyvaluein decreasingrder The secondcolumn
containsthe numberof system-proposeéntities. The
columnunderMUC-F is the MUC F-measuravhile ¢s-
CEAFisthemention-base€CEAF.

The coreferencesystemis similar to the one used
in (Luo et al., 2004). Resultsin Table 3 are produced
by asystentrainedonthe MUCS trainingdataandtested
on the 30 official MUC6 test documents. The test set
contains460 referenceentities. The coreferencesystem
usesa penaltyparameteto balancemissandfalsealarm
errors: the smallerthe parameterthe fewer entitieswill
be generatedWe vary the parametefrom —0.6 to —10,
listedin thefirst columnof Table3, andcomparehesys-
tem performancemeasuredy the MUC F-measurend
theproposednention-base€CEAF

As canbe seenthe mention-base€EAF hasa clear
maximumwhenthe numberof proposecentitiesis close
to the truth: at the penlatyvalue —1.2, the systempro-
duces4&3 entities,very closeto 460, andthe ¢3-CEAF
achiezesthe maximum0.768. In contrastthe MUC F-
measurencreasesalmost monotonicallyas the system
propose$ewerandfewerentities.In fact,thebestsystem
accordingto the MUC F-measurés the one proposing
only 113 entities. This demonstratea fundamentaflaw
of the MUC F-measure:the metric intrinsically favors
a systemproducingfewer entitiesandthereforelacks of
discriminatvity.

3.2.2 ACE-Valueand CEAF

Now let usturn to ACE-value. Resultsin Table4 are
producedy a systemtrainedon the ACE 2002and2004
trainingdataandtestedon a separatéestset,which con-
tains 853 referenceentities. Both ACE-value and the
mention-base@EAF penalizessystemsover-producing
or underproducing entities: ACE-value is maximum



Penalty | #sys-ent| ACE-value(%)| ¢3-CEAF
0.6 1221 88.5 0.726
0.4 1172 89.1 0.749
0.2 1145 89.4 0.755
0 1105 89.7 0.766
-0.2 1050 89.7 0.775
-0.4 1015 89.7 0.780
-0.6 990 89.5 0.782
-0.8 930 88.6 0.794
-1 891 86.9 0.780
-1.2 865 86.7 0.778
-1.4 834 85.6 0.769
-1.6 790 83.8 0.761

Table4: Comparisonof ACE-value and mention-based
CEAE Thefirst columncontainghe penaltyvaluein de-
creasingorder The secondcolumncontainsthe number
of system-proposedntities. ACE-valuesarein percent-
age.Thenumberof referenceentitiesis 853.

whenthe penaltyvalueis —0.2 and CEAF is maximum
whenthe penaltyvalueis —0.8. However, the optimal
CEAF systemproduces930 entities while the optimal
ACE-valuesystemproducesl 050 entities. Judgingfrom
thenumberof entities theoptimal CEAF systemis closer
to the“truth” thanthe counterparof ACE-value. Thisis
notvery surprisingsinceACE-valueis aweightedmetric
while CEAF treatseachmentionandentity equally As
such,thetwo metricshave very weakcorrelation.

While we can make a statemensuchas “the system
with penalty —0.8 puts about79.4% mentionsin right
entities”,it is hardto interpretthe ACE-valuenumbers.

Another differenceis that CEAF is symmetri¢, but
ACE-Valueis not. Symmetryis a desirableproperty For
example,when comparinginter-annotatoragreementa
symmetricmetricis independentf the orderof two sets
of input documentswhile anasymmetrianetric suchas
ACE-Valueneeddo statethe input orderalongwith the
metricvalue.

4 Conclusions

A coreferencgerformancenmetric— CEAF—is proposed
in this paper The CEAF metricis computedbasednthe
bestone-to-onanapbetweenreferenceentitiesandsys-
tem entities. Finding the bestone-to-onemapis a maxi-
mumbipartitematchingproblemandcanbesolvedby the
Kuhn-Munkresalgorithm. Two exampleentity-pairsim-
ilarity measuregi.e., ¢3(-,+) and¢4(-,-)) areproposed,
resultingonemention-base@€EAF andoneentity-based
CEAF, respectiely. It hasbeenshavn that the pro-
posedCEAF metric hasfixed problemsassociatedvith
the MUC link-basedF-measureand B-cube F-measure.

1This waspointedout by Nandakambhatla.
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The proposedmetric alsohasbetterinterpretabilitythan
ACE-value.
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Appendix: Kuhn-Munkr esAlgorithm

Let i index the referenceentitiesR andj index the sys-
tementitiesS, and ¢(i, j) be the similarity betweenthe
it" referenceentity and the j!* systementity. Alge-
braically, the maximumbipartite matchingcanbe stated
asanintegerprogrammingproblem:

g%¢@ﬁ%j (10)

subjectto: ZT” <1,Vi (11)
J

inj <1,Vj (12)

% e {0,1}, Vi, . (13)

If 2;; = 1, thei’" referenceentity andthe j*" system
entity arealigned.Constraint{11) (or (12)) impliesthata
referencgor system)entity cannotbe alignedmorethan
oncewith a system(or referencekntity.

Obsene thatthe coeficientsof (11) and(12) areuni-
modular Thus,Constraint(13) canbereplacedoy

Thedual(cf. pp. 219 of (Fletcher 1987))to the opti-

mizationproblem(10)with constraintg11),(12)and(14)
is:

min u; + v, 15

{m@ﬂgz %:J 49

st ug+v; > (i, 5),Vi, 5 (16)

u; > 0,Yi a7

v; > 0,Vj. (18)

The dualhasthe sameoptimal objective valueasthe pri-
mal.

It canbeshawn thatthe optimalconditionsfor thedual
problem(andhencethe maximumsimilarity match)are:

u; +v; = ¢(i, 7),if (4,7) is aligned (29)
u; = 0,if 7 isfree(i.e.,notaligned) (20)
v; = 0,if j isfree. (21)

The Kuhn-Munkresalgorithm startswith an empty
matchandan initial feasiblesetof {u;} and{v;}, and
iteratively increaseghe cardinality of the matchwhile
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satisfyingthe optimal conditions(19)-(21). Notice that
conceptually a matching problem with a rectangular
matrix [¢(7, j)] can always reduceto a squareone by
paddingzeros(this is not necessaryn practice,see,for
instance(Bourgeoisand Lassalle,1971)). For this rea-
son, we statethe Kuhn-Munkresalgorithm for the case
where|R| = |S| (or M = m) in Algorithm 2. The proof
of correctnesss omitteddueto spacdimit.

Notethat P,,4(¢, ) online 9 standsfor the augment-
ing (i.e., a free nodefollowed by an alignednode, fol-
lowed by a free node,...) pathfrom i to j in the corre-
spondingbipartitegraph. A @ Pg.4(%, j) is understoocs
edge“exclusive-or:” if anedge(k,!) isin A andonthe
path Pay (7, 7), it will beremovedfrom A4; if theedgeis
in eitherA or P,.4(4, 7), it will beadded.

Algorithm 2 Kuhn-MunkresAlgorithm

Input : similarity matrix: [¢(4, j)]

Output: bestmatchA = {(4, j)} andsimilarity ®.
L:Initialize: Vi, u; = max; ¢(i, j); V4, v; = 0; A = 0.
2Fori=1to M

3: If ¢is notfree,Continue;EndIF.

4: X = {i},Y = 0;

5: While true

6: NX)={l:3ke X,st.p(k,l)=up+v}
7: Y C N(X)

8: pickj € N(X)\Y

9: If jisfree

10: A= A® Puyy(i,j); break

11: Else

12: Findi’ suchthat (', j) € A.

138 X =XU{{},Y =Y U{j}L

14: Gotoline 6.

15: Endif

16: ElseY == N(X)

170 6 =mingex ey {ue + v — ¢k, 1)}

18: (i,7) = argmingc x jcp{ur +vi — ¢(k, 1)}
19: up =u — o0 fork € X.

20: vy=uv +oforleY.

21: j = j. Gotoline 9.

22: Endif

23: EndWhile

24:EndFor

25 =3 ;. nea ¢k D).
26:Return4d and®.




