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Abstract

The paper proposesa ConstrainedEntity-
Alignment F-Measure(CEAF) for evaluating
coreferenceresolution. The metric is com-
putedby aligningreferenceandsystementities
(or coreferencechains)with theconstraintthat
a system(reference)entity is alignedwith at
mostonereference(system)entity. We show
that thebestalignmentis a maximumbipartite
matchingproblemwhich canbe solvedby the
Kuhn-Munkresalgorithm.Comparativeexper-
imentsareconductedto show that thewidely-
known MUC F-measurehas seriousflaws in
evaluatingacoreferencesystem.Theproposed
metric is alsocomparedwith the ACE-Value,
the official evaluationmetric in the Automatic
ContentExtraction (ACE) task, and we con-
cludethat theproposedmetricpossessessome
propertiessuchas symmetryand better inter-
pretabilitymissingin theACE-Value.

1 Intr oduction

A working definition of coreferenceresolutionis parti-
tioning thenounphraseswe areinterestedin into equiv-
alenceclasses,eachof which refersto a physicalentity.
We adoptthe terminologiesusedin the AutomaticCon-
tent Extraction(ACE) task(NIST, 2003a)andcall each
individual phrasea mention andequivalenceclassanen-
tity. For example,in thefollowing text segment,

(1): “The AmericanMedicalAssociation
voted yesterdayto install theheirapparentas
its president-elect, rejecting a strong, upstart
challengeby a district doctorwho arguedthat
the nation’s largest physicians’ group needs
strongerethicsandnew leadership.”

mentionsare underlined,“American Medical Associa-
tion”, “its” and “group” refer to the sameorganization

(object)andthey form anentity. Similarly, “the heir ap-
parent”and“president-elect”referto thesamepersonand
they form anotherentity. It is worth pointingout that the
entity definition hereis different from what usedin the
MessageUnderstandingConference(MUC) task(MUC,
1995; MUC, 1998) – ACE entity is called coreference
chainor equivalenceclassin MUC, andACE mentionis
calledentity in MUC.

An importantproblemin coreferenceresolutionis how
to evaluateasystem’sperformance.A goodperformance
metricshouldhave thefollowing two properties:

� Discriminativity: This refersto theability to differ-
entiatea goodsystemfrom a badone. While this
criterionsoundstrivial, not all performancemetrics
usedin thepastpossessthis property.

� Interpretability:A goodmetricshouldbeeasyto in-
terpret.Thatis, thereshouldbeanintuitivesenseof
how gooda systemis whena metricsuggeststhata
certainpercentageof coreferenceresultsarecorrect.
For example,whena metric reports

�����
or above

correctfor a system,we would expectthat the vast
majority of mentionsarein right entitiesor corefer-
encechains.

A widely-usedmetricis thelink-basedF-measure(Vi-
lain etal.,1995)adoptedin theMUC task.It is computed
by first countingthe numberof commonlinks between
the reference(or “truth”) andthe systemoutput(or “re-
sponse”);the link precisionis the numberof common
links divided by the numberof links in the systemout-
put, and the link recall is the numberof commonlinks
divided by the numberof links in the reference.There
are known problemsassociatedwith the link-basedF-
measure.First, it ignoressingle-mentionentitiessince
no link canbefoundin theseentities;Second,andmore
importantly, it fails to distinguishsystemoutputswith
differentqualities:thelink-basedF-measureintrinsically
favors systemsproducingfewer entities,andmay result
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in higherF-measuresfor worsesystems.We will revisit
theseissuesin Section3.

To countertheseshortcomings,Baggaand Baldwin
(1998)proposeda B-cubedmetric,which first computes
a precisionand recall 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-
measure,it hasits own problems:for example,themen-
tion precision/recallis computedby comparingentities
containingthe mention and thereforean entity can be
usedmorethanonce. The implication of this drawback
will berevisitedin Section3.

In the ACE task, a value-basedmetric called ACE-
value (NIST, 2003b) is used. The ACE-value is com-
putedby countingthe numberof false-alarm,the num-
ber of miss,andthe numberof mistaken entities. Each
error is associatedwith a cost factor that dependson
things suchas entity type (e.g., “LOCATION”, “PER-
SON”), andmentionlevel (e.g.,“NAME,” “NOMIN AL,”
and“PRONOUN”). Thetotal costis thesumof thethree
costs,whichis thennormalizedagainstthecostof anom-
inal systemthat doesnot outputany entity. The ACE-
valueis finally computedby subtractingthe normalized
cost from � . A perfect coreferencesystemwill get a
���	� �

ACE-valuewhile a systemoutputsno entitieswill
geta � ACE-value.A systemoutputtingmany erroneous
entitiescould even get negative ACE-value. The ACE-
value is computedby aligning entitiesand thus avoids
theproblemsof theMUC F-measure.TheACE-valueis,
however, hardto interpret:asystemwith

� � �
ACE-value

doesnotmeanthat
� � �

of systementitiesormentionsare
correct,but thatthecostof thesystem,relative to theone
outputtingno entity, is �
� �

.
In this paper, we aim to developan evaluationmetric

thatis ableto measurethequalityof acoreferencesystem
– that is, an intuitively bettersystemwould get a higher
scorethanaworsesystem,andis easyto interpret.To this
end,weobservethatcoreferencesystemsareto recognize
entities andproposea metric calledConstrainedEntity-
Aligned F-Measure(CEAF).At thecoreof themetric is
theoptimalone-to-onemapbetweensubsetsof reference
andsystementities:systementitiesandreferenceentities
arealignedby maximizingthe total entity similarity un-
der the constraintthat a referenceentity is alignedwith
at mostonesystementity, andvice versa. Oncethe to-
tal similarity is defined,it is straightforwardto compute
recall,precisionandF-measure.Theconstraintimposed
in theentityalignmentmakesit impossibleto “cheat” the
metric: a systemoutputtingtoo many entitieswill bepe-
nalizedin precisionwhile a systemoutputtingtwo few
entitieswill be penalizedin recall. It alsohasthe prop-
erty that a perfectsystemgetsan F-measure� while a
systemoutputtingno entity or no commonmentionsgets
anF-measure� . TheproposedCEAF hasa clearmean-
ing: for mention-basedCEAF, it reflectsthe percentage

of mentionsthat are in the correctentities; For entity-
basedCEAF, it reflectsthepercentageof correctlyrecog-
nizedentities.

The restof the paperis organizedasfollows. In Sec-
tion 2, the ConstrainedEntity-Alignment F-Measureis
presentedin 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 measuresthat can be usedin
CEAF: oneis theabsolutenumberof commonmentions
betweentwo entities,andtheotherisa“local” mentionF-
measurebetweentwo entities.Thetwo measuresleadto
the mention-basedandentity-basedCEAF, respectively.
In Section3, we comparethe proposedmetric with the
MUC link-basedmetricandACE-valueon bothartificial
and real data,and point out the problemsof the MUC
F-measure.

2 ConstrainedEntity-Alignment
F-Measure

Somenotationsare neededbeforewe presentthe pro-
posedmetricandthealgorithmto computethemetric.

Let referenceentitiesin a document� be

�� ��������������������� �!�#"$"�"���% �� �&�'%)(��
andsystementitiesbe

*  �&�+����,-���������.�/�!�#"$"$"0�#% *  ��� %1(�2
To simplify typesetting,we will omit thedependency on
� whenit is clearfrom context, andwrite

�� �&� as
�

and*  ��� as
*

.
Let

3 �5476)89��% � %:�#% * %1(; �547<	=0�	% � %1��% * %)(��
andlet

�?>A@B�
and

* >C@ *
beany subsetswith 3 enti-

ties.Thatis, % �?> %!� 3 and % * > %-� 3 . Let D E�?> � * > �
bethesetof one-to-oneentitymapsfrom

� >
to

* >
, and

D >
be the setof all possibleone-to-onemapsbetween

thesize-3 subsetsof
�

and
*

. Or

D E� > � * > ���F�HGI� � >AJK * > (��
D > �ML+N OQPSR TUPWV�D X�?> � * > �Y2

The requirementof one-to-onemapmeansthat for any
G[Z\D E�?> � * > � , and any �]Z �?>

and ��^_Z �?>
,

we have that �a`�b�S^ implies that G  �c�d`�eG  ��^f� , and
G  �c��`�gG  ��^f� impliesthat �e`�h��^ . Clearly, thereare35i
one-to-onemapsfrom

�?>
to

* >
(or %:D E�?> � * > �'%c�3Bi ), and %1D > %-� j > 3Bi .

Let k  �l��,m� bea“similarity” measurebetweentwo en-
tities � and , . k  �l�$,m� takesnon-negative value: zero
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valuemeansthat � and , have nothingin common.For
example,k  �n��,m� couldbethenumberof commonmen-
tionssharedby � and , , and k  �l�$�c� thenumberof men-
tionsin entity � .

For any G_ZoD >
, thetotal similarity p  G9� for a mapG

is thesumof similaritiesbetweenthealignedentitypairs:
p  G9��� q�r O P k  �l�YG  �c� � . Givena document� , and
its referenceentities

�
andsystementities

*
, wecanfind

thebestalignmentmaximizingthetotal similarity:

Gtsu�5<	v/wx47<	=y r.z P p  Gt�
�5<	v/wx47<	=y r.z P q�r OQP k  �n�'G  �c� �Y2 (1)

Let
� s> and

* s> �bG s X� s> � denotethe referenceand
systementity subsetswhere G s is attained,respectively.
Thenthemaximumtotal similarity is

p  G s �+� q�r O�{P k  �l�YG s  �c� �'2 (2)

If we insist that k  �l�$,S�B�|� whenever � or , is
empty, then the non-negativity requirementof k  �l�$,S�
makesit unnecessaryto considerthepossibilityof map-
ping oneentity to an emptyentity sincethe one-to-one
mapmaximizing p  Gt� mustbein D >

.
Since we can compute the entity self-similarity

k  �l�$�c� and k  ,t�$,m� for any �}Z �
and ,~Z *

(i.e.,
usingthe identity map),we arenow readyto definethe
precision,recallandF-measureasfollows:

� � p  G s �
� k  ,0� ��,-� � (3)

� � p  G s �
� k  ���/�$��� � (4)

� � � �������� 2 (5)

The optimal alignment G s involves only 3 �
47618���% � %:�#% * %)( referenceandsystementities,andentities
not aligneddo not getcredit.ThustheF-measure(5) pe-
nalizesacoreferencesystemthatproposestoomany (i.e.,
lower precision)or too few entities(i.e., lower recall),
which is adesiredproperty.

In the above discussion,it is assumedthat the sim-
ilarity measurek  �l��,m� is computedfor all entity pair �l��,m� . In practice, computationof k  �n��,m� can be
avoidedif it is clearthat � and , havenothingin common
(e.g.,if no mentionin � and , overlaps,then k  �l��,m�+�
� ). Theseentity pairs are not linked and they will not
beconsideredwhensearchingfor theoptimalalignment.
Consequentlythe optimal alignmentcould involve less
than 3 referenceandsystementities.This canspeedup
considerablythe F-measurecomputationwhen the ma-
jority of entity pairshave zerosimilarity. Nevertheless,

summingover 3 entity pairsin thegeneralformulae(2)
doesnot changethe optimal total similarity between

�
and

*
andhencetheF-measure.

In formulae(3)-(5), thereis only onedocumentin the
testcorpus. Extensionto corpuswith multiple testdoc-
umentsis trivial: just accumulatestatisticson the per-
documentbasisfor bothdenominatorsandnumeratorsin
(3) and(4), andfind theratioof thetwo.

Sofar, wehavetacitly keptabstractthesimilarity mea-
sure k  �l�$,m� for entity pair � and , . We will deferthe
discussionof this metric to Section2.2. Instead,we first
presentthealgorithmcomputingtheF-measure(3)-(5).

2.1 Computing Optimal Alignment and F-measure

A naive implementationof (1) would enumerateall the
possibleone-to-onemaps(or alignments)betweensize-3 (recall that 3 ��4�6)89�	% � %1��% * %)( ) subsetsof

�
and

size-3 subsetsof
*

, and find the bestalignmentmax-
imizing the similarity. Since this requirescomputing
the similarities between3 ;

entity pairs and thereare
%1D > %t� j > 35i possibleone-to-onemaps,thecomplex-
ity of this implementationis � '; 3|� j > 3Bi � . This
is not satisfactoryeven for a documentwith a moderate
numberof entities: it will have about�-2 � million opera-
tions for

; � 3 ����� , a documentwith only ��� refer-
enceand ��� systementities.

Fortunately, the entity alignmentproblem under the
constraintthat an entity canbe alignedat mostonceis
the classicalmaximumbipartite matchingproblemand
thereexists an algorithm(Kuhn, 1955; Munkres,1957)
(henceforthKuhn-MunkresAlgorithm) that canfind the
optimal solution in polynomial time. Castingthe entity
alignmentproblemasthemaximumbipartitematchingis
trivial: eachentity in

�
and

*
is a vertex andthe node

pair
 �n��,m� , where ��Z �

, ,�Z *
, is connectedby an

edgewith the weight k  �l�$,m� . Thusthe problem(1) is
exactly themaximumbipartitematching.

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

Algorithm 1 ComputingtheF-measure(5).
Input : referenceentities:

�
; systementities:

*
Output : optimalalignmentG s ; F-measure(5).
1:Initialize: G s �M� ; p  G s �+�o� .
2:For ���M� to % � %
3: For ����� to % * %
4: Compute k  ���'��,-�.� .
5:[G s , p  G s � ]=KM { �&�X�c�H�W�t��������������� } .
6: ��X�x�9¡ ¢0£�¤��&�X�c�¥�l� ;  ��X���W¡ ¦§£�¨u�U�'�!�©�W� .
7:ªn¡C«U¬® {#¯«&¬ ¤ ¯ ; °c¡C«U¬® {#¯«&¬ ¨ ¯ ; ±�¡�²¥³©´³Hµ!´ .
8:return ¶�· and± .

Theinput to thealgorithmarereferenceentities
�

and
systementities

*
. Thealgorithmreturnsthebestone-to-
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onemap G s andF-measurein equation(5). Loop from
line 2 to 4 computesthe similarity betweenall the pos-
sible referenceandsystementity pairs. The complexity
of this loop is � Y; 3 � . Line 5 calls theKuhn-Munkres
algorithm, which takes as input the entity-pair scores
��k  �n��,m�'( and outputsthe bestmap G s and the corre-
spondingtotal similarity p  G s � . The worst case(i.e.,
whenall entriesin ��k  �n��,m�'( arenon-zeros)complexity
of theKuhn-Algorithmis � '; 3¹¸tº)» w 3 � . Line 6 com-
putes“self-similarity” p E� � and p  * � neededin the F-
measurecomputationat Line 7.

The coreof the F-measurecomputationis the Kuhn-
Munkresalgorithmat line 5. The algorithm is initially
discoveredby Kuhn(1955)andMunkres(1957)to solve
thematching(a.k.aassignment)problemfor squarema-
trices. Since then, it has beenextendedto rectangu-
lar matrices(Bourgeoisand Lassalle,1971) and paral-
lelized(Balasetal., 1991).A recentreview canbefound
in (GuptaandYing, 1999),which alsodetailsthe tech-
niquesof fastimplementation.A shortdescriptionof the
algorithmis includedin Appendix for the sake of com-
pleteness.

2.2 Entity Similarity Metric

In this sectionwe considerthe entity similarity metric
k  �l�$,S� definedon an entity pair

 �l��,m� . It is desirable
that k  �l�$,m� is largewhen � and , are“close” andsmall
when � and , arevery different.Somestraight-forward
choicescouldbe

kt¼  �l�$,m����� ��� if �M��,
�-� otherwise2 (6)

k ¸  �l�$,m����� ��� if �¾½I,F`���
�-� otherwise2 (7)

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

(6) doesnot offer a goodgranularityof similarity: For
example, if �¿�À��Á§��Â
�$Ã�( , and one systemresponse
is , ¼ �Ä��Á��$Â$( , and the other systemresponse, ¸ �
��Á&( , then clearly , ¼ is more similar to � than , ¸ , yet
k  �l�$,Å¼$�Æ�Çk  �n��, ¸ ���È� . For the samereason,(7)
lacksof thedesireddiscriminativity aswell.

From the above argument,it is clear that we want to
have a metric that canmeasurethe degreeto which two
entitiesare similar, not a binary decision. One natural
choice is measuringhow many commonmentionstwo
entitiesshare,andthis canbe measuredby the absolute
numberor relativenumber:

k§É  �l��,m�Ê��%1�¾½I,�% (8)

k§Ë  �l��,m�Ê� �-%1�¾½?,�%
%1��% � %1,�% 2 (9)

Metric (8) simply countsthe numberof commonmen-
tions sharedby � and , , while (9) is the mention F-
measurebetween� and , , a relative numbermeasuring
how similar � and , are.For theabovementionedexam-
ple,

k É  �l�$, ¼ ���Fk É  ��Á§��Â
�$Ã�(�����Á��$Â$(§�9�B�
k�É  �l�$, ¸ ���Fk�É  ��Á§��Â
�$Ã�(�����Á&(	�9���
k�Ë  �l�$,�¼����Fk�Ë  ��Á§��Â
�$Ã�(�����Á��$Â$(§�9�B�!2 Ì
k Ë  �l�$, ¸ ���Fk Ë  ��Á§��Â
�$Ã�(�����Á&(	�9�B�!2 � �

thus both metrics give the desired ranking
k É  �l�$, ¼ �ÊÍ�k É  �l�$, ¸ � , k Ë  �l��, ¼ �ÊÍMk Ë  �n��, ¸ � .

If k�É  "1��"X� is adoptedin Algorithm 1, p  G s � is thenum-
berof total commonmentionscorrespondingto thebest
one-to-onemapG s while thedenominatorsof (3) and(4)
are the numberof proposedmentionsand the number
of systemmentions,respectively. The F-measurein (5)
canbeinterpretedastheratio of mentionsthatarein the
“right” entities. Similarly, if k�Ë  ":�#")� is adoptedin Algo-
rithm 1, the denominatorsof (3) and(4) arethenumber
of proposedentitiesand the numberof systementities,
respectively, andtheF-measurein (5) canbeunderstood
as the ratio of correctentities. Therefore,(5) is called
mention-basedCEAF andentity-basedCEAF when(8)
and(9) areused,respectively.

k É  "1��"X� and k Ë  ":�#")� aretwo reasonableentitysimilarity
measures,but by no meansthe only choices. At men-
tion level, partial credit could be assignedto two men-
tionswith differentbut overlappingspans;or whenmen-
tion typeis available,weightsdefinedon thetypeconfu-
sion matrix canbe incorporated.At entity level, entity
attributes,if avaiable,canbe weightedin the similarity
measureaswell. For example,ACE datadefinesthree
entityclasses:NAME, NOMINAL andPRONOUN.Dif-
ferentweightscanbeassignedto thethreeclasses.

No matterwhat entity similarity measureis used,it
is crucial to have the constraintthat the document-level
similarity betweenreferenceentitiesandsystementities
is calculatedover the bestone-to-onemap. We will see
examplesin Section3 that misleadingresultscould be
producedwithout thealignmentconstraint.

Another observation is that the same evaluation
paradigmcanbeusedin any scenariothatneedsto mea-
surethe “closeness”betweena setof systemandrefer-
enceobjects,providedthata similarity betweentwo ob-
jectsis defined.For example,the2004ACEtasksinclude
detectingandrecognizingrelationsin text documents.A
relationinstancecanbetreatedasanobjectandthesame
evaluationparadigmcanbeapplied.

3 Comparison with Other Metrics

In thissection,wecomparetheproposedF-measurewith
the MUC link-basedF-measure(and its variation B-
cubeF-measure)and the more recentACE-value. The
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1 2 3 4 5

6 7

8 9 A B C

(4) system response (c)

1 2 3 4 5

6 7

8 9 A B C

(1)  truth

1 2 3 4 5

6 7

8 9 A B C

(2) system response (a)

1 2 3 4 5

6 7

8 9 A B C

(3) system response (b)

1 2 3 4 5

6 7

8 9 A B C

(5) system response (d)

Figure1: Exampleentities:(1)truth; (2)systemresponse
(a); (3)systemresponse(b); (4)systemresponse(c);
(5)systemresponse(d)

proposedmetric hasfixed problemsassociatedwith the
MUC andB-cubeF-measure,andhasbetterinterpretabil-
ity thantheACE-value.

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

We use the example in Figure 1 to compare the
MUC link-basedF-measure,B-cube,and the proposed
mention- and entity-basedCEAF. In Figure 1, men-
tions are representedin circles and mentionsin an en-
tity are connectedby arrows. Intuitively, if eachmen-
tion is treatedequally, the systemresponse(a) is bet-
ter than the systemresponse(b) since the latter mixes
two big entities, �	��� �!�/�!�/Î!� � ( and �
Ì-� � �$Ïu��Ð���Ñc( , while
the former mixesa small entity �$�!�ÓÒ�( with onebig en-
tity �$Ì!� � �$ÏQ�$Ð���Ñc( . Systemresponse(b) is clearlybetter
thansystemresponse(c) sincethelatterputsall themen-
tionsinto asingleentitywhile (b) hascorrectlyseparated
the entity �$�!�ÓÒ�( from the rest. The systemresponse(d)
is the worst: the systemdoesnot link any mentionsand
outputs��� single-mentionentities.

Table1 summarizesvariousF-measuresfor systemre-
sponse(a) to (d): the first column containsthe indices
of the systemresponsesfound in Figure 1; the second
andthird columnsarethe MUC F-measureandB-cubic
F-measurerespectively; thelasttwo columnsarethepro-
posedCEAFF-measures,usingtheentitysimilarity met-
ric k É  "1��"X� and k Ë  ":�#")� , respectively.

As shown in Table1, the MUC link-basedF-measure
failsto distinguishthesystemresponse(a)andthesystem
response(b) asthetwo areassignedthesameF-measure.
The systemresponse(c) representsa trivial output: all
mentionsareput in thesameentity. Yet theMUC metric
will leadto a ���	� �

recall (
�

out of
�

referencelinks are

System CEAF
response MUC B-cube k É  "1��"X� k Ë  "1��"X�

(a) 0.947 0.865 0.833 0.733
(b) 0.947 0.737 0.583 0.667
(c) 0.900 0.545 0.417 0.294
(d) – 0.400 0.250 0.178

Table1: Comparisonof coreferenceevaluationmetrics

correct)anda Ì0��2 � �
precision(

�
out of ��� systemlinks

arecorrect),which givesrise to a
� � �

F-measure.It is
striking that a “bad” systemresponsegetssucha high
F-measure.Anotherproblemwith the MUC link-based
metric is thatit is not ableto handlesingle-mentionenti-
ties,asthereis no link for asinglementionentity. Thatis
why theentryfor systemresponse(d) in Table1 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(asopposedto links in the MUC F-measure).
But B-cube uses the same entity “intersecting” pro-
cedurefound in computing the 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 systemresponse(c) and (d) for
B-cube metric. Notice that all the referenceentities
are found after intersectingwith the systemresponsce
(c): ���§�.�/�!� �-� Î-� � (����$�!�#Ò�(��#��Ì!� � �$ÏQ�$Ð���Ñc(�( . Therefore,
B-cube recall is ����� �

(the correspondingprecisionis¼¼ ¸�Ô  ��� ÔCÕ¼ ¸ � � Ô ¸¼ ¸ �B�|�!2 �0Ò � ). This is counter-
intuitivebecausethesetof referenceentitiesis notasub-
set of the proposedentities, thus the systemresponse
shouldnot have gottena �
��� �

recall. The sameprob-
lem exists for the systemresponse(d): it getsa �
��� �
B-cube precision (the correspondingB-cube recall is¼¼ ¸  � Ô ¼

Õ
� � Ô ¼¸ � � Ô ¼

Õ �����!2 � � � , but clearly not all
theentitiesin thesystemresponse(d) arecorrect!These
numebrsaresummarizedin Table2, wherecolumnswith
� and Ö representrecallandprecision,respectively.

System B-cube CEAF
response R P ×ÓØ -R ×ÓØ -P ×ÓÙ -R ×ÓÙ -P

(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 counter-intuitive B-cuberecall or
precision:systemrepsonse(c) gets �
��� �

recall(column
R) while systemrepsonse(d) gets �
��� �

precision(col-
umnP).Theproblemis fixedin bothCEAF metrics.

Thecounter-intuitiveresultsassociatedwith theMUC
and B-cubeF-measuresare rooted in the procedureof
“intersecting”thereferenceandsystementities,whichal-
lows anentity to beusedmorethanonce! We will come
backto this afterdiscussingtheCEAF numbers.

From Table1, we seethat both mention-based( col-
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umn under k É  ":�#")� ) CEAF and entity-based( k Ë  "1��"X� )
CEAF are able to rank the four systemsproperly: sys-
tem (a) to (d) are increasinglyworse. To seehow the
CEAF numbersarecomputed,let us take thesystemre-
sponse(a) asan example: first, the bestone-oneentity
map is determined. In this case,the bestmap is: the
referenceentity �§�.� �-� �-� Î!� � ( is aligned to the system
entity �§�.� �-� �-� Î!� � ( , the referenceentity �$Ì!� � �$ÏQ�$ÐÚ�$Ñc(
is aligned to the system �$�!�#Ò�� Ì-� � ��Ïu��Ð��$Ñc( and the
reference entity �
�!�ÓÒ�( is unaligned. The number
of common mentions is therefore �
� which results
in a mention-based( k§É  "1��"X� ) recall ÕÛ and precision

ÕÛ . Since k Ë  �§�.� �-� �-� Î!� � (����	��� �-� �!�/Î!� � (	��� � , and
k Ë  �
Ì-� � ��Ïu��Ð��$Ñc(����$�!�#Ò�� Ì-� � ��Ïu��Ð��$Ñc(§�t� ¼¥Ü¼ ¸ , p  G s ���
� � ¼¥Ü¼ ¸ (c.f. equation(4) and(3)), andtheentity-basedF-
measure(c.f. equation(9)) is therefore

� Ô  � � ¼¥Ü¼ ¸ �
� � � � ���

� � �B�!2EÒ����-2
CEAFfor othersystemresponsesarecomputedsimilarly.

CEAF recall andprecisionbreakdown for system(c)
and(d)arelistedin column4 through7 of Table1. Ascan
be seen,neithermention-basednor entity-basedCEAF
hasthe abovementionedproblemassociatedwith the B-
cube metric, and the recall and precisionnumbersare
moreor lesscompatiblewith our intuition: for instance,
for system(c), basedon k É -CEAF number, we cansay
that about Î��.2EÒ � mentionsare in the right entity, and
basedon the k�Ë -CEAF recallandprecision,we canstate
thatabout � � 2 � �

of “true” entitiesarerecovered(recall)
andabout

� Ì!2 Ì �
of theproposedentitiesarecorrect.

A comparisonof the proceduresof computing the
MUC F-measure/B-cubeandCEAF revealsthat thecru-
cial differenceis that the MUC and B-cubeF-measure
allow anentity to beusedmultiple timeswhile CEAFin-
siststhatentitymapbeone-to-one.Soanentitywill never
getdoublecredit. Take thesystemrepsonse(c) asanex-
ample,intersectingthreereferenceentity in turn with the
referenceentitiesproducesthesamesetof referenceenti-
ties,which leadsto �
��� �

recall. In theintersectionstep,
thesystementity is effectively usedthreetimes. In con-
trast, the systementity is alignedto only onereference
entity whencomputingCEAF.

3.2 ComparisonsOn RealData

3.2.1 MUC F-measureand CEAF

We have seenthe differentbehaviors of the MUC F-
measure,B-cubeF-measureandCEAF on the artificial
data.We now comparetheMUC F-measure,CEAF, and
ACE-valuemetricson realdata(compasionbetweenthe
MUC and B-cubeF-measurecan be found in (Bagga
andBaldwin, 1998)). ComparsionbetweentheMUC F-
measureandCEAFisdoneontheMUC6 coreferencetest
set,while comparisonbetweentheCEAFandACE-value
is doneon the2004ACE data.Thesetupreflectsthefact

thattheofficial MUC scorerandACEscorerrunon their
own dataformat andarenot easilyportableto the other
dataset. All theexperimentsin this sectionaredoneon
truementions.

Penalty #sys-ent MUC-F k�É -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
-1.5 425 .862 0.749
-1.6 411 .864 0.740
-1.7 403 .865 0.741
-10 113 .902 0.445

Table3: MUC F-measureandmention-basedCEAF on
theofficial MUC6 testset.Thefirst columncontainsthe
penaltyvalue in decreasingorder. The secondcolumn
containsthe numberof system-proposedentities. The
columnunderMUC-F is theMUC F-measurewhile k É -
CEAF is themention-basedCEAF.

The coreferencesystemis similar to the one used
in (Luo et al., 2004). Resultsin Table 3 are produced
by asystemtrainedontheMUC6 trainingdataandtested
on the ��� official MUC6 test documents. The test set
containsÎ���� referenceentities. The coreferencesystem
usesa penaltyparameterto balancemissandfalsealarm
errors: the smallerthe parameter, the fewer entitieswill
begenerated.We vary theparameterfrom Ý��-2 � to Ýc�
� ,
listedin thefirst columnof Table3, andcomparethesys-
tem performancemeasuredby the MUC F-measureand
theproposedmention-basedCEAF.

As canbe seen,the mention-basedCEAF hasa clear
maximumwhenthenumberof proposedentitiesis close
to the truth: at the penlatyvalue Ýc��2 � , the systempro-
ducesÎ	Ì�� entities,very closeto Î	��� , andthe k É -CEAF
achievesthe maximum �!2EÒ��	Ì . In contrast,the MUC F-
measureincreasesalmostmonotonicallyas the system
proposesfewerandfewerentities.In fact,thebestsystem
accordingto the MUC F-measureis the one proposing
only �	��� entities.This demonstratesa fundamentalflaw
of the MUC F-measure:the metric intrinsically favors
a systemproducingfewer entitiesandthereforelacksof
discriminativity.

3.2.2 ACE-Value and CEAF
Now let us turn to ACE-value. Resultsin Table4 are

producedby asystemtrainedon theACE2002and2004
trainingdataandtestedon a separatetestset,whichcon-
tains Ì � � referenceentities. Both ACE-value and the
mention-basedCEAF penalizessystemsover-producing
or under-producing entities: ACE-value is maximum
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Penalty #sys-ent ACE-value(%) k�É -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-valueandmention-based
CEAF. Thefirst columncontainsthepenaltyvaluein de-
creasingorder. Thesecondcolumncontainsthenumber
of system-proposedentities.ACE-valuesarein percent-
age.Thenumberof referenceentitiesis Ì � � .

whenthe penaltyvalueis Ý��!2 � andCEAF is maximum
when the penaltyvalue is Ý��!2 Ì . However, the optimal
CEAF systemproduces

� ��� entities while the optimal
ACE-valuesystemproduces��� � � entities.Judgingfrom
thenumberof entities,theoptimalCEAFsystemis closer
to the“truth” thanthecounterpartof ACE-value.This is
notverysurprisingsinceACE-valueis aweightedmetric
while CEAF treatseachmentionandentity equally. As
such,thetwo metricshaveveryweakcorrelation.

While we canmake a statementsuchas “the system
with penalty Ý��-2 Ì puts about Ò � 2 Î �

mentionsin right
entities”,it is hardto interprettheACE-valuenumbers.

Another differenceis that CEAF is symmetric1, but
ACE-Valueis not. Symmetryis a desirableproperty. For
example,when comparinginter-annotatoragreement,a
symmetricmetric is independentof theorderof two sets
of input documents,while anasymmetricmetricsuchas
ACE-Valueneedsto statethe input orderalongwith the
metricvalue.

4 Conclusions

A coreferenceperformancemetric– CEAF– is proposed
in thispaper. TheCEAFmetricis computedbasedonthe
bestone-to-onemapbetweenreferenceentitiesandsys-
tementities.Findingthebestone-to-onemapis a maxi-
mumbipartitematchingproblemandcanbesolvedby the
Kuhn-Munkresalgorithm.Two exampleentity-pairsim-
ilarity measures(i.e., k�É  ":�#")� and k§Ë  "1��"X� ) areproposed,
resultingonemention-basedCEAF andoneentity-based
CEAF, respectively. It has beenshown that the pro-
posedCEAF metric hasfixed problemsassociatedwith
the MUC link-basedF-measureandB-cubeF-measure.

1This waspointedoutby NandaKambhatla.

Theproposedmetricalsohasbetterinterpretabilitythan
ACE-value.

Acknowledgments

This work was partially supportedby the DefenseAd-
vanced ResearchProjects Agency and monitored by
SPAWAR undercontractNo. N66001-99-2-8916. The
views and findings containedin this materialare those
of theauthorsanddo not necessarilyreflecttheposition
of policy of theGovernmentandno official endorsement
shouldbeinferred.

Theauthorwould like to thankthreereviewersandmy
colleagues,HongyanJingandSalimRoukos,for sugges-
tionsof improving thepaper.

References

Amit Baggaand Breck Baldwin. 1998. Algorithms
for scoringcoreferencechains. In Proceedings of the
Linguistic Coreference Workshop at The First Interna-
tional Conference on Language Resources and Evalu-
ation (LREC’98), pages563–566.

Egon Balas, Donald Miller, JosephPekny, and Paolo
Toth. 1991. A parallel shortestaugmentingpathal-
gorithm for the assignmentproblem. Journal of the
ACM (JACM), 38(4).

FrancoisBourgeoisandJean-ClaudeLassalle.1971. An
extensionof themunkresalgorithmfor theassignment
problemto rectangularmatrices. Communications of
the ACM, 14(12).

R. Fletcher. 1987. Practical Methods of Optimization.
JohnWiley andSons.

Anshul GuptaandLexing Ying. 1999. Algorithms for
findingmaximummatchingsin bipartitegraphs.Tech-
nical ReportRC 21576(97320),IBM T.J.WatsonRe-
searchCenter, October.

H.W. Kuhn. 1955.Thehungarianmethodfor theassign-
ment problem. Naval Research Logistics Quarterly,
2(83).

XiaoqiangLuo, Abe Ittycheriah,HongyanJing, Nanda
Kambhatla,and Salim Roukos. 2004. A mention-
synchronouscoreferenceresolutionalgorithm based
on thebell tree. In Proc. of ACL.

MUC-6. 1995. Proceedings of the Sixth Message Un-
derstanding Conference(MUC-6), SanFrancisco,CA.
MorganKaufmann.

MUC-7. 1998. Proceedings of the Seventh Message Un-
derstanding Conference(MUC-7).

J. Munkres. 1957. Algorithms for the assignmentand
transportationproblems.Journal of SIAM, 5:32–38.

31



NIST. 2003a. The ACE evaluation plan.
www.nist.gov/speech/tests/ace/index.htm.

NIST. 2003b. Proceedingsof ACE’03 workshop.Book-
let, Alexandria,VA, September.

M. Vilain, J. Burger, J. Aberdeen,D. Connolly, , and
L. Hirschman. 1995. A model-theoreticcoreference
scoringscheme.In In Proc. of MUC6, pages45–52.

Appendix: Kuhn-Munkr esAlgorithm

Let � index the referenceentities
�

and � index thesys-
tem entities

*
, and k  �
�'�!� be the similarity betweenthe

�/ÞEß referenceentity and the �	ÞEß systementity. Alge-
braically, themaximumbipartitematchingcanbestated
asanintegerprogrammingproblem:

4�<	=àfá�â®ã©ä k  �
�Y�-�)åt�1� (10)

subjectto: � åW�)�næ����'ç&� (11)

� å �)� æ����'ç&� (12)

åt�1�nZÆ�
�-�#��(��'ç&�
�'�.2 (13)

If åW�)�o�è� , the � ÞEß referenceentity and the � ÞEß system
entityarealigned.Constraint(11) (or (12)) impliesthata
reference(or system)entity cannotbealignedmorethan
oncewith asystem(or reference)entity.

Observe that thecoefficientsof (11) and(12) areuni-
modular. Thus,Constraint(13)canbereplacedby

å �)�Qé �!� ç&�
�Y��2 (14)

Thedual (cf. pp. 219of (Fletcher, 1987))to theopti-
mizationproblem(10)with constraints(11),(12)and(14)
is:

47618àfê â ä R àfë ã ä �
ì � �

�
í � (15)

î 2 ï$20� ì � ��í �ué k  �
�Y�-�'�'ç&�
�Y� (16)ì � é �!�'çU� (17)í � é �!�'çU�.2 (18)

Thedualhasthesameoptimalobjectivevalueasthepri-
mal.

It canbeshown thattheoptimalconditionsfor thedual
problem(andhencethemaximumsimilarity match)are:

ì � ��í �l�hk  �
�Y�-�'� if  �
�'�!� is aligned (19)ì � �B�!� if � is free(i.e.,not aligned) (20)í � �B�!� if � is free. (21)

The Kuhn-Munkresalgorithm starts with an empty
matchandan initial feasiblesetof � ì � ( and � í �Ó( , and
iteratively increasesthe cardinality of the matchwhile

satisfyingthe optimal conditions(19)-(21). Notice that
conceptually, a matching problem with a rectangular
matrix ðñk  �
�'�!�óò can always reduceto a squareone by
paddingzeros(this is not necessaryin practice,see,for
instance(BourgeoisandLassalle,1971)). For this rea-
son,we statethe Kuhn-Munkresalgorithmfor the case
where % � %0��% * % (or

; � 3 ) in Algorithm 2. Theproof
of correctnessis omitteddueto spacelimit.

Note that ÖWô ê y  �
�Y�-� on line 9 standsfor theaugment-
ing (i.e., a free nodefollowed by an alignednode,fol-
lowed by a free node,...) pathfrom � to � in the corre-
spondingbipartitegraph. Ï�õ_ÖWô ê y  ���'�-� is understoodas
edge“exclusive-or:” if an edge

Yö �$÷ø� is in Ï andon the
path Ö ô ê y  �
�Y�-� , it will beremovedfrom Ï ; if theedgeis
in either Ï or Ö�ô ê y  �
�'�!� , it will beadded.

Algorithm 2 Kuhn-MunkresAlgorithm

Input : similarity matrix: ð:k  �
�Y�-�óò
Output : bestmatch ÏM��� ���'�-�'( andsimilarity p .
1:Initialize: ç&� , ì ���547<�=&��k  �
�Y�-� ; ç&� , í �Q�B� ; Ï���� .
2:For ���M� to

;
3: If � is not free,Continue;EndIF .
4: ùÇ�����$( , úC�M� ;
5: While true
6: û  ùh���F��÷t�!ü ö Z�ù�� î 2 ï$2)k Yö ��÷ø��� ì9ýl�¹í§þ (
7: If ú @ û  ùÿ�
8: pick �7Z�û  ùÿ����ú
9: If � is free
10: Ï��FÏBõ¾Ö ô ê y  �
�Y�-� ; break
11: Else
12: Find �'^ suchthat

 �'^ �'�!�ÊZÆÏ .
13: ù �oùbL?���Y^f(���úA�FúFLI�H�!( .
14: Gotoline 6.
15: EndIf
16: Else úC���hû  ùÿ�
17: ���5476)8 ý r�� R þ r��� � ì ý �¹í þ Ý¾k Yö ��÷ø�'(
18:

	���� ��-���FÁ � GS476)8 ý r�� R þ r
�� � ì ý �¹í þ Ý¾k 'ö �$÷f�'(
19: ì9ý � ì9ý Ý�� for

ö Z�ù .
20: í§þ � í§þ0� � for ÷tZdú .
21: �x� �� . Gotoline 9.
22: EndIf
23: EndWhile
24:EndFor
25:p¾� N ý R þ V r���k 'ö �$÷f� .
26:ReturnÏ and p .
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