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Abstract

Our submission was a reduced version of
the system described in Haghighi and Klein
(2010), with extensions to improve mention
detection to suit the OntoNotes annotation
scheme. Including exact matching mention
detection in this shared task added a new and
challenging dimension to the problem, partic-
ularly for our system, which previously used
a very permissive detection method. We im-
proved this aspect of the system by adding
filters based on the annotation scheme for

The system detects mentions by finding the max-
imal projection of every noun and pronoun. For the
OntoNotes corpus this approach posed several prob-
lems. First, the annotation scheme explicitly rejects
noun phrases in certain constructions. And second,
it includes coreference for events as well as things.
In preliminary experiments on the development set,
we found that spurious mentions were our primary
source of error. Using an oracle to exclude all spu-
rious mentions at evaluation time yielded improve-
ments ranging from five to thirty percent across the
various metrics used in this task. Thus, we decided

OntoNotes and analysis of system behavior on
the development set. These changes led to im-
provements in coreference F-score of 10.06,
5.71, 6.78, 6.63 and 3.09 on the MUC?,B
Ceaf-e, Ceaf-m and Blanc, metrics, respec-
tively, and a final task score of 47.10.

to focus our efforts on methods for detecting and fil-
tering spurious mentions.

To improve mention detection, we filtered men-
tions both before and after coreference resolution.
Filters prior to coreference resolution were con-
structed based on the annotation scheme and partic-
ular cases that should never be mentions (e.g. single
word spans with the EX tag). Filters after corefer-
éance resolution were constructed based on analysis

1 Introduction

Coreference resolution is concerned with identifyin
mentions of entities in text and determining which of common errors on the development set.
mentions are referring to the same entity. Previously 11€S€ changes led to considerable improvement
the focus in the field has been on the latter tasi? mention detection precision. The heuristics used
Typically, mentions were considered correct if theifn post-resolution fiItering had a significant .negative
span was within the true span of a gold mention, anf?’Pact on recall, but this cost was out-weighed by
contained the head word. This task (Pradhan et afl'® improvements in precision. Overall, the use of
2011) has set a harder challenge by only considerirfy€Se filters led to a significant improvement in F
exact matches to be correct. across all the coreference resolution evaluation met-
Our system uses an unsupervised approach bad&tP considered in the task.
on a generative model. Unlike previous work, w
did not use the Bllip or Wikipedia data described in
Haghighi and Klein (2010). This was necessary fovWe use a generative approach that is mainly un-
the system to be eligible for the closed task. supervised, as described in detail in Haghighi and
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Klein (2010), and briefly below. a hyper-parameter for interpolation between a uni-
form distribution over the words for the entity and

2.1 Model the underlying distribution for the type. This allows

The system uses all three of the standard abstraitie model to capture the fact that some properties

tions in coreference resolution; mentions, entitiesse words that are very specific to the entity (e.g.

and types. A mention is a span in the text, the erproper names) while others are not at all specific

tity is the actual object or event the mention referge.g. pronouns).

to, and each type is a group of entities. For example,

"the Mountain View based search giant” is a men2.2 Learning and Inference

tion that refers to the entity Google, which is of typeThe |earning procedure finds parameters that are
organization. likely under the model's posterior distribution. This
At each level we define a set of properties (e.gs achieved with a variational approximation that
proper-head). For mentions, these properties af§ctors over the parameters of the model. Each set
linked directly to words from the span. For enti-of parameters is optimized in turn, while the rest are
ties, each property corresponds to a list of wordseld fixed. The specific update methods vary for
instances of which are seen in specific mentions @fach set of parameters; for details see Section 4 of

that entity. At the type level, we assign a pair ofyaghighi and Klein (2010).
multinomials to each property. The first of these

multinomials is a distribution over words, reflecting3 Mention detection extensions
their occurrence for this property for entities of this
type. The second is a distribution over non-negativéhe system described in Haghighi and Klein (2010)
integers, representing the length of word lists for thigicludes every NP span as a mention. When run on
property in entities of this type. the OntoNotes data this leads to a large number of
The only form of supervision used in the systenfPurious mentions, even when ignoring singletons.
is at the type level. The set of types is defined and One challenge when working with the OntoNotes
lists of prototype words for each property of eaciflata is that singleton mentions are not annotated.
type are provided_ We also include a small numbe-FhiS makes it difficult to untangle errors in coref-
of extra types with no prototype words, for entitieserence resolution and errors in mention detection. A
that do not fit well in any of the specified types. ~ mention produced by the system might not be in the
These abstractions are used to form a generati@ld set for one of two reasons; either because it is
model with three components; a semantic module,&Spurious mention, or because it is not co-referent.
discourse module and a mention module. In addiVithout manually annotating the singletons in the
tion to the properties and corresponding parametefi@ta, these two cases cannot be easily separated.
described above, the model is specified by a multi- ) ) )
nomial prior over typesd), log-linear parameters 3-1 Baseline mention detection
over discourse choicesr), and a small number of The standard approach used in the system to detect
hyperparameters\j. mentions is to consider each word and its maximal
Entities are generated by the semantic module lyrojection, accepting it only if the span is an NP or
drawing a type according top, and then using that the word is a pronoun. This approach will intro-
type’s multinomials to populate word lists for eachduce spurious mentions if the parser makes a mis-
property. take, or if the NP is not considered a mention in the
The assignment of entities to mentions is handle@ntoNotes corpus. In this work, we considered the
by the discourse module. Affinities between menprovided parses and parses produced by the Berke-
tions are defined by a log-linear model with paramley parser (Petrov et al., 2006) trained on the pro-
etersr for a range of standard features. vided training data. We added a set of filters based
Finally, the mention module generates the aoan the annotation scheme described by Pradhan et al.
tual words in the span. Words are drawn for eacfR007). Some filters are applied before coreference
property from the lists for the relevant entity, withresolution and others afterward, as described below.
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Data Set Filters P R F Filters MUC B> Ceaf-e Blanc

None 37.59 76.93 50.50 None 25.24 4589 50.32 59.12
Dev Pre  39.49 76.83 52.17 Pre 27.06 47.71 50.15 60.17
Post 59.05 68.08 63.24 Post 42.08 62.53 43.88 66.54
All  58.69 67.98 63.00 All  42.03 6242 4356 66.60

Test All  56.97 69.77 62.72

Table 2: Precision for coreference resolution on the dev

Table 1: Mention detection performance with variouset.
subsets of the filters.

Filters MUC B® Ceaf-e Blanc

None 50.54 7854 26.17 62.77
Pre 51.20 77.73 27.23 62.97

3.2 Before Coreference Resolution

The pre-resolution filters were based on three reli- Post 4593 64.72 39.84 61.20
able features of spurious mentions: Al 46.21 64.96 39.24 61.28
e Appositive constructions Table 3: Recall for coreference resolution on the dev set.

e Attributes signaled by copular verbs
e Single word mentions with a POS tag in the sethased on MUC and Bperformance. The final set

EX, IN, WRB, WP of filters used were:
To detect appositive constructions we searched e Filter if the head word is in a gazetteer, which
for the following pattern: we constructed based on behavior on the devel-
opment set (head words found using the Collins
NP (1999) rules)
P N e Filter if the POS tag is one of WDT, NNS, RB,
NP , NP ... JJ, ADJP

o Filter if the mention is a specific case pbu
And to detect attributes signaled by copular struc- ~ or it thatis more often generigy6u know,

tures we searched for this pattern: you can,it is)
o Filter if the mention is any cardinal other than
VP ayear
cop_verb NP A few other more specific filters were also in-

cluded (e.g.’ s when tagged as PRP) and one type

where we used the fairly conservative set of copc'nc exception (if all words are capitalized, the men-

ular verbs: {is, are, was, 'm}. In both tion is kept).

cases, any mention whose_ maximal NP proje_ctiog Other modifications

appeared as the bold node in a subtree matching the

pattern was excluded. The parses in the OntoNotes data include the addi-
In all three cases, errors from the parser (or PO#PN of structure within noun phrases. Our system

tagger) may lead to the deletion of valid mentionswas not designed to handle the NML tag, so we

However, we found the impact of this was small andemoved such nodes, reve_rtlng to the standard flat-

was outweighed by the number of Spurious mentiorfgnEd NP structures found in the Penn Treebank.

removed. We also trained the Berkeley parser on the pro-
vided training data, and used it to label the develop-
3.3 After Coreference Resolution ment and test sefswWe found that performance was

To construct the post-coreference filters we analyzed 1, 4 small number of cases, the Berkeley parser failed, and
system output on the development set, and tuneg used the provided parse tree instead.
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Filters MUC B® Ceaf-e Ceaf-m Blanc Metric R P R

None 33.67 57.93 34.43 42.72 60.60 MUC 46.39 39.56 42.70
Pre 3540 59.13 35.29 43.72 61.38 B® 63.60 57.30 60.29
Post 43.92 63.61 41.76 49.74 63.26 Ceaf-m 45.35 45.35 45.35
All  44.02 63.66 41.29 49.46 63.34 Ceaf-e 35.05 42.26 38.32

Blanc 58.74 61.58 59.91

Table 4: Rk scores for coreference resolution on the dev
set. Table 5: Complete results on the test set

slightly improved by the use of these parses insteagm used all of the filters because the process used to
of the provided parses. create the post-coreference filters was more suscep-
tible to over-fitting, and the pre-coreference filters

5 Results provided such an unambiguously positive contribu-

Since our focus when extending our system for thiion to mention detection.

ta_sk was on m_entlon detection, we present resul%s Conclusion

with variations in the sets of mention filters used. In

particular, we have included results for our baseling/e modified the coreference system of Haghighi
system (None), when only the filters before corefand Klein (2010) to improve mention detection per-
erence resolution are used (Pre), when only the fiformance. We focused on tuning using the MUC and
ters after coreference resolution are used (Post), aBd metrics, but found considerable improvements
when all filters are used (All). across all metrics.

The main approach behind the pre-coreference fil- One important difference between the system de-
ters was to consider the parse to catch cases that gtgibed here and previous work was the data avail-
almost never mentions. In particular, these filterable. Unlike Haghighi and Klein (2010), no extra
target cases that are explicitly excluded by the amtata from Wikipedia or Bllip was used, a restriction
notation scheme. As Table 1 shows, this led to that was necessary to be eligible for the closed part
1.90% increase in mention detection precision an@f the task.

0.13% decrease in recall, which is probably a result By implementing heuristics based on the annota-
of parse errors. tion scheme for the OntoNotes data set and our own

For the post-coreference filters, the approach wasalysis of system behavior on the development set
quite different. Each filter was introduced based omwe were able to achieve the results shown in Table 5,
analysis of the errors in the mention sets producegiving a final task score of 47.10.
by our system on the development set. Most of the
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