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Breck BaldwinInstitute for Research in Cognitive Science3401 Walnut St. 400CPhiladelphia, PA 19104. USAPhone: (215) 898-0329Fax: (215) 573-9247Email: breck@linc.cis.upenn.eduAbstractScoring the performance of a system is an extremelyimportant aspect of coreference algorithm perfor-mance. The score for a particular run is the singlestrongest measure of how well the system is perform-ing and it can strongly determine directions for fur-ther improvements. In this paper, we present severaldi�erent scoring algorithms and detail their respec-tive strengths and weaknesses for varying classes ofprocessing. We also demonstrate that tasks like in-formation extraction have very di�erent needs frominformation retrieval in terms of how to score the per-formance of coreference annotation.IntroductionScoring the performance of a system is an extremelyimportant aspect of coreference algorithm perfor-mance. The score for a particular run is the singlestrongest measure of how well the system is perform-ing and it can strongly determine directions for fur-ther improvements. In this paper, we present sev-eral di�erent scoring algorithms and detail their re-spective strengths and weaknesses for varying classesof processing. In particular, we describe and analyzethe coreference scoring algorithm used to evaluate thecoreference systems in the sixth Message Understand-ing Conference (MUC-6)(MUC-6, 95). We also presenttwo shortcomings of this algorithm. In addition, wepresent a new coreference scoring algorithm, our B-CUBED algorithm, which was designed to overcomethe shortcomings of the MUC-6 algorithm. Moreover,we demonstrate that tasks like information extractionhave very di�erent needs from information retrieval interms of how to score the performance of coreferenceannotation.The MUC-6 Algorithm: Vilain et al.Prior to Vilain et al.'s coreference scoring algorithm(Vilain, 95) there had been a graph based scoring al-gorithm (Sundheim et al.) which produced unintu-itive results for even very simple cases. (Vilain, 95)

substituted a model-theoretic scoring algorithm whichproduced very intuitive results for the type of scoringdesired in MUC-6. This algorithm computes computesthe recall error by taking each equivalence class S (de-�ned by the links in the answer key) and determiningthe number of coreference links m that would have tobe added to the response to place all the entities in Sinto the same equivalence class in the response. Recallerror then is the sum of m's divided by the number oflinks in the key. Precision error is computed by revers-ing the roles of the answer key and the response.The full details of the algorithm are discussed next.The Model Theoretic Approach To TheMUC-6 Algorithm1In the description of the model theoretic algorithm, theterms \key," and \response" are de�ned in the follow-ing way:key refers to the manually annotated coreferencechains (the truth).response refers to the coreference chains output by asystem.An equivalence set is the transitive closure of a coref-erence chain. The algorithm computes recall in thefollowing way.First, let S be an equivalence set generated by thekey, and let R1 : : : Rm be equivalence classes gener-ated by the response. Then we de�ne the followingfunctions over S:� p(S) is a partition of S relative to the response. Eachsubset of S in the partition is formed by intersect-ing S and those response sets Ri that overlap S.Note that the equivalence classes de�ned by the re-sponse may include implicit singleton sets - thesecorrespond to elements that are mentioned in the1The exposition of this scorer has been taken nearlyentirely from (Vilain, 95)



Figure 1: Truth
Figure 2: Response: Example 1key but not in the response. For example, say thekey generates the equivalence class S = fA B C Dg,and the response is simply <A-B>. The relativepartition p(S) is then fA Bg fCg and fDg.� c(S) is the minimal number of \correct" links neces-sary to generate the equivalence class S. It is clearthat c(S) is one less than the cardinality of S, i.e.,c(S) = (jSj � 1) :� m(S) is the number of \missing" links in the responserelative to the key set S. As noted above, this isthe number of links necessary to fully reunite anycomponents of the p(S) partition. We note that thisis simply one fewer than the number of elements inthe partition, that is,m(S) = (jp(S)j � 1) :Looking in isolation at a single equivalence class inthe key, the recall error for that class is just the numberof missing links divided by the number of correct links,i.e., m(S)c(S) :Recall in turn is c(S)�m(S)c(S) ;

which equals (jSj � 1)� (jp(S)j � 1)jSj � 1 :The whole expression can now be simpli�ed tojSj � jp(S)jjSj � 1 : (1)Finally, extending this measure from a single keyequivalence class to an entire set T simply requiressumming over the key equivalence classes. That is,RT = P(jSij � jp(Si)j)P(jSij � 1) : (2)Precision is computed by switching the roles of thekey and response in the above formulation.ExampleFor example, let the key contain 3 equivalence classesas shown in Figure 1. Suppose Figure 2 shows a re-sponse. From Figure 3(I), the three equivalence classesin the truth, S1, S2, and S3, are f1, 2, 3, 4, 5g, f6, 7g,and f8, 9, A, B, Cg respectively. And the partitionsp(S1), p(S2), and p(S3), with respect to the response,shown in Figure 3(II), are f1, 2, 3, 4, 5g, f6, 7g, andf8, 9, A, B, Cg respectively. Using equation 2, therecall can now be calculated in the following way:Recall = (5� 1) + (2� 1) + (5� 1)(5� 1) + (2� 1) + (5� 1) = 9=9 = 100% :Similarly, if the roles of the key and the response arereversed, then the equivalence classes in the truth, S1,and S2, are f1, 2, 3, 4, 5g and f6, 7, 8, 9, A, B, Cg], andthe partitions, p(S1), and p(S2), are f1, 2, 3, 4, 5g and[f6, 7g f8, 9, A, B, Cg] respectively (Figure 3(III)).The precision can now be calculated as:Precision = (5� 1) + (7� 2)(5� 1) + (7� 1) = 9=10 = 90% :Shortcomings of the MUC-6 AlgorithmDespite the advances of the model-theoretic scorer, ityields unintuitive results for some tasks. There are twomain reasons.1. The algorithm does not give any credit for separat-ing out singletons (entities that occur in chains con-sisting only of one element, the entity itself) fromother chains which have been identi�ed. This fol-lows from the convention in coreference annotationof not identifying those entities that are markableas possibly coreferent with other entities in the text.
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Figure 3: Equivalence Classes and Their Partitions For Example 1Rather, entities are only marked as being coreferentif they actually are coreferent with other entities inthe text. This shortcoming could be easily enoughovercome with di�erent annotation conventions andwith minor changes to the algorithm, but it is worthnoting.2. All errors are considered to be equal. The MUCscoring algorithm penalizes the precision numbersequally for all types of errors. It is our position that,for certain tasks, some coreference errors do moredamage than others.Consider the following examples: suppose the truthcontains two large coreference chains and one smallone (Figure 1), and suppose Figures 2 and 4 showtwo di�erent responses. We will explore two di�erentprecision errors. The �rst error will connect one ofthe large coreference chains with the small one (Fig-ure 2). The second error occurs when the two largecoreference chains are related by the errant corefer-ent link (Figure 4). It is our position that the sec-ond error is more damaging because, compared tothe �rst error, the second error makes more entitiescoreferent that should not be. This distinction isnot re
ected in the (Vilain, 95) scorer which scoresboth responses as having a precision score of 90%(Figure 6).

Figure 4: Response: Example 2Revisions to the Algorithm: OurB-CUBED Algorithm2Our B-CUBED algorithm was designed to overcomethe two shortcomings of the MUC-6 algorithm. Insteadof looking at the links produced by a system, our algo-rithm looks at the presence/absence of entities relativeto each of the other entities in the equivalence classesproduced. Therefore, we compute the precision andrecall numbers for each entity in the document, whichare then combined to produce �nal precision and re-call numbers for the entire output. The formal model-theoretic version of our algorithm is discussed in thenext section.For an entity, i, we de�ne the precision and recallwith respect to that entity in Figure 5.The �nal precision and recall numbers are computed2The main idea of this algorithm was initially put forthby Alan W. Biermann of Duke University.



Precisioni = number of correct elements in the output chain containing entityinumber of elements in the output chain containing entityiRecalli = number of correct elements in the output chain containing entityinumber of elements in the truth chain containing entityiFigure 5: De�nitions for Precision and Recall for an Entity iby the following two formulae:Final Precision = NXi=1 wi � PrecisioniFinal Recall = NXi=1 wi �RecalliwhereN is the number of entities in the document, andwi is the weight assigned to entity i in the document.It should be noted that the B-CUBED algorithm im-plicitly overcomes the �rst shortcoming of the MUC-6algorithm by calculating the precision and recall num-bers for each entity in the document (irrespective ofwhether an entity is part of a coreference chain).Di�erent weighting schemes produce di�erent ver-sions of the algorithm. The choice of the weightingscheme is determined by the task for which the algo-rithm is going to be used.When coreference (or cross-document coreference) isused for an information extraction task, where infor-mation about every entity in an equivalence class isimportant, the weighting scheme assigns equal weightsfor every entity i. For example, the weight assigned toeach entity in Figure 1 is 1/12. As shown in Figure 6,the precision scores for responses in Figures 2 and 4are 16/21 (76%) and 7/12 (58%) respectively, usingequal weights for all entities. Recall for both responsesis 100%. It should be noted that the algorithm penal-izes the precision numbers more for the error made inFigure 4 than the one made in Figure 2. As evidentfrom the two examples, this version of the B-CUBEDalgorithm (using equal weights for each entity) is a pre-cision oriented algorithm i.e. it is sensitive to precisionerrors.But, for an information retrieval (IR) task, or a websearch task, where an user is presented with classes ofdocuments that pertain to the same entity, the weight-ing scheme assigns equal weights to each equivalenceclass. The weight for each entity within an equivalenceclass is computed by dividing the weight of the equiv-alence class by the number of entities in that class.Recall is calculated by assigning equal weights to eachequivalence class in the truth while precision is calcu-lated by assigning equal weights to each equivalence

class in the response. For example, in Figure 2, theweighting scheme assigns a weight of 1/10 to each en-tity in the �rst equivalence class, and a weight of 1/14to each entity in the second equivalence class, when cal-culating precision. Using this weighting scheme, theprecision scores for responses in Figures 2 and 4 are39/49 (79.6%) and 3/4 (75%) respectively. Recall forboth responses is 100%.Comparing these numbers to the ones obtained byusing the version of the algorithm which assigns equalweights to each entity, one can see that the current ver-sion is much less sensitive to precision errors. Althoughthe current version of the algorithm does penalize theprecision numbers for the error in Figure 4 more thanthe error made in Figure 2, it is less severe than theearlier version.The Model Theoretic Approach To TheB-CUBED AlgorithmLet S be an equivalence set generated by the key, andlet R1 : : : Rm be equivalence classes generated by theresponse. Then we de�ne the following functions overS:� p(S) is a partition of S with respect to the response,i.e. p(S) is a set of subsets of S formed by intersectingS with those response sets Ri that overlap S. Let p(S)= fP1;P2; : : : ;Pmg where each Pj is a subset of S.� mj(S) is the number of elements that are missingfrom each Pj relative to the key set S. Therefore,mj(S) = (jSj � jPjj) :Since the B-CUBED algorithm looks at the pres-ence/absence of entities relative to each of the otherentities, the number of missing entities in an entireequivalence set is calculated by adding the numberof missing entities with respect to each entity in thatequivalence set. Therefore, the number of missing en-tities for the entire set S ismXj=1 Xfor each e 2 Pj mj(S) :



Output MUC Algorithm B-CUBED Algorithm (equal weights for every entity)P: 910 (90%) P: 112 * [ 55 + 55 + 55 + 55 + 55 + 27 + 27 + 57 + 57 + 57 + 57 + 57 ] = 1621 (76%)Example 1 R: 99 (100%) R: 112 * [ 55 + 55 + 55 + 55 + 55 + 22 + 22 + 55 + 55 + 55 + 55 + 55 ] = 100%P: 910 (90%) P: 112 * [ 510 + 510 + 510 + 510 + 510 + 22 + 22 + 510 + 510 + 510 + 510 + 510 ] = 712 (58%)Example 2 R: 99 (100%) R: 112 * [ 55 + 55 + 55 + 55 + 55 + 22 + 22 + 55 + 55 + 55 + 55 + 55 ] = 100%Figure 6: Scores of Both Algorithms on the ExamplesThe recall error is simply the number of missing enti-ties divided by the number of entities in the equivalenceset, i.e., mj(S)jSj :Since the algorithm looks at each entity in an equiva-lence set, the recall error for that entire set is1jSj mXj=1 Xfor each e 2 Pj mj(S)jSj :Recall in turn is1� 1jSj mXj=1 Xfor each e 2 Pj mj(S)jSj ;which equals1� Pmj=1 Pfor each e 2 Pj mj(S)jSj2 :The whole expression can now be simpli�ed to1� Pmj=1 Pfor each e 2 Pj jSj � jPjjjSj2 :Moreover, the measure can be extended from a sin-gle key equivalence class to a set T = fS1; S2; : : : ; Sngof equivalence classes. Therefore, the recall Ri for anequivalence class Si equalsRi = 1� Pmj=1 Pfor each e 2 Pij jSij � jPijjjSij2 ;where Pij is the jth element of the partition p(Si), and,hence, is a subset of Si.The recall numbers calculated for each class can nowbe combined in various ways to produce the �nal recall.

Di�erent versions of the algorithm are obtained by us-ing di�erent combination strategies. If equal weightsare assigned to each class, the version of the algorithmproduced is exactly the same as the version of the in-formal algorithm which assigns equal weights to eachclass, as described in the previous section. In otherwords, the �nal recall is an average of the recall num-bers for each equivalence class, i.e.,RT = 1n nXi=1 Ri :To obtain the version of the informal algorithm whichassigns equal weights to each entity, the �nal recall iscomputed by calculating the weighted average of therecall numbers for each equivalence class where theweights are decided by the number of entities in eachclass, i.e., RT = nXi=1 jSijPnj=1 jSjj Ri :Finally, as in the case of the MUC-6 algorithm, theprecision numbers are calculated by reversing the rolesof the key and the response in the above formulation.Task Relative Strengths andWeaknesses of the Two AlgorithmsThe MUC-6 algorithm is useful for applications/tasksthat use single coreference relations at a time ratherthan resulting equivalence classes. One such obviousapplication is the MUC-6 coreference task. But, thetwo shortcomings of this algorithm restrict this algo-rithm from being useful in a number of other applica-tions/tasks.Cross-Document CoreferenceAs described in (Bagga, 98a), we had to map the cross-document coreference scoring problem to a within-



document coreference scoring problem in order to scorethe cross-document coreference chains output by oursystem. The mapping was done by creating a metadocument consisting of the �le names of each of thedocuments in the domain. The cross-document coref-erence chains produced by the system were then eval-uated by scoring the corresponding within-documentcoreference chains in the meta document.Since every �lename in the meta document is partof some coreference chain, the MUC-6 algorithm yieldsvery unintuitive results for this task. For example, con-sider a system which marks all the entities in the metadocument as being coreferent. Suppose there are Nentities in the meta document which participate in mcoreference chains (i.e. the truth consists of m coref-erence chains). If we want to calculate the precisionfor this response using the MUC-6 algorithm, thenthe partition p(S) with respect to the key is the setof equivalence classes in the key because the responseis just a single equivalence class containing all the en-tities in the document. Since jSj = N, the number ofentities in the document, and jp(S)j = m, the numberof chains in the truth, the precision, using equation 1,equals N�mN�1 . But since the number of entities in adocument is usually much larger than the number ofcoreference chains, the fraction N�mN�1 is close to 1 (andso the precision is close to 100%). Moreover, the recallfor this response is 100%. This is very unintuitive sinceprecision and recall are usually mutually exclusive atthe limits of a task.Therefore, a naive system which marks all the en-tities as being coreferent achieves very high precisionand recall numbers for this task, when evaluated bythe MUC-6 algorithm. In comparison, the B-CUBEDalgorithm (using equal weights for all entities) severelypenalizes the precision numbers assigned to the naivesystem because its response erroneously links all theentities together, thereby making a large number ofentities coreferent that should not be. However, sim-ilar to the MUC-6 algorithm, the recall computed bythe B-CUBED algorithm for the same response equals100%.Information ExtractionIn an information extraction task, information aboutevery entity in a document is important. A responsewhich erroneously puts an entity into the wrong coref-erence chain, or a response which erroneously links twocoreference chains can greatly a�ect the performanceof an information extraction system. As a result,an information extraction task requires a precision-oriented coreference scoring algorithm. Therefore, theversion of the B-CUBED algorithmwhich assigns equal

weights to each entity is an appropriate algorithm forthis task. In contrast, the MUC-6 algorithm is not veryuseful for such a task because it considers all precisionerrors to be equal.Information Retrieval and Web SearchEnginesConsider a web search task where a web search engineretrieves documents and presents to the user classesof documents based upon the topic, or the mention ofa particular entity. Compared to an information ex-traction task, this task is less likely to be a�ected byan error which puts a document in the wrong class, oran error which erroneously links two classes together.However, the latter kind of error should still be penal-ized more than the former. Therefore, an appropriatealgorithm for this task would be the version of the B-CUBED algorithm which assigns equal weights to eachequivalence class. Once again, the MUC-6 algorithmis not very useful for this task because it considers allprecision errors to be equal.ConclusionsIn this paper we have described two di�erent scoringcoreference scoring algorithms. The (Vilain, 95) algo-rithm suits applications that concern single coreferencerelations at a time rather than the resulting equiva-lence classes. Our observation is that some coreferencelinks introduce more error into the resulting equiva-lence classes that others, and it is important to beable to notice that di�erence through scoring. OurB-CUBED coreference scoring algorithm overcomesthis shortcoming of the MUC-6 algorithm. Applica-tions that bene�t from such a scoring algorithm in-clude cross-document coreference, information extrac-tion, and information retrieval.AcknowledgmentsThe authors would like to thank Alan W. Biermann ofDuke University who initially put forth the main ideaof the B-CUBED algorithm.The �rst author would also like to thank Greg Keim,and Pavan K. Desikan of Duke University for the in-sightful discussions during the development of the B-CUBED algorithm.The �rst author was supported in part by a Fellow-ship from IBM Corporation, and in part by the Univer-sity of Pennsylvania. Part of this work was done whenthe �rst author was visiting the Institute for Researchin Cognitive Science at the University of Pennsylvania.ReferencesBagga, Amit. How Much Processing Is Required forCross-Document Coreference?, this volume.
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