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ABSTRACT Link Type Example

Anaphora occur commonly in natural language text, and re-|| Set/element aclass... thestudent..
solving them is essential for capturing the knowledge en- || Whole/part (metonymy) aroom... thewall ...

coded in text. Indirect anaphora are especially challengin Hypernym/hyponym | anoak... thetree...

resolve because the referring expression and the anteceder) Event/role amurder... thekiller ...

are related by unstated background knowledge. Such armphgrCause/consequence | anearthquake... thedebris...

need to be resolved properly in order to automatically cap-

ture the knowledge expressed in natural language. Regplvin o

indirect anaphora has been treated as a unique problem that Table 1: Some frequent types of indirect anaphora.
requires special-purpose methods, and these methods have

had limited success in precision and recall. In this stu®/, W - genge knowledge. Because most knowledge sources contain
used a generic tool for nding semantic paths between o jiyie common sense knowledge, achieving a high level of
concepts to resolve these anaphora, and it achieved approxXze | in resolving indirect anaphora is especially difitu
imately twice the recall of the best previous system without
loss of precision. A series of ablation study showed that the | this paper, we describe the results of resolving indirect
biggest increase in recall came from an abductive stopping anaphora using an interpreter for nding short semantibpat
criterion of the search. between concepts. However, we do not claim that this tool

. . . can nd any type of associations between any two concepts,
Categories and Subject Descriptors e.g. analogical associations are well outside its scope. In

.2 [Arti cial Intelligence ]: [natural language processing]  thjs study, we found that when applied to indirect anaphora
resolution, our interpreter achieved a signi cant inceeas

General Terms _ _ recall (with no drop in precision) compared to previous stud
Languages, Experimentation ies on the same data set using the same knowledge base.
Keywords 2. INDIRECT ANAPHORA

anaphora, indirect anaphora, knowledge-based systems, ongirect anaphora, also known bgdging referenceor as-

tology sociative anaphoraarises “when a reference becomes part
of the hearer's or reader's knowledge indirectly rathemtha
1. i INTRODUCTION i by direct mention” [16]. The object that is being referred
Indirect anaphora is a type of anaphora that requires back-g js called theanchoror theantecedenthe expression that
ground knowledge in order to identify the referent. Itmay refers to the antecedent is called tederring expression
account for 15% of noun phrase anaphora [20], making it an gnq the association between the referring expression and th
important type. Resolving indirect anaphora is a necessarysnchor is called théink. For example, the following sen-

step for autqmat.ica!ly capturing kno_wledge from.text. HOW- tence contains an instance of indirect anaphora.
ever, resolving indirect anaphora is problematic for shal-

low processing systems because it usually requires common
When the detective got back tbe garage the
doorwas unlocked.
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requires semantic knowledge of the relationship between th Casing

referring expression and the antecedent. Because such-know o7

edge was previously unavailable to computer programs, most hag_part

of the early studies in indirect anaphora were theoretigal | :

9]. These studies identi ed a variety of types of indirect Doofway

anaphora (see table 1). is-part-of is-part-of
. . has-part / \

Recently there has been more progress in experimental stud- Lock=<--""= Door Wall

ies of indirect anaphora. These studies can be divided into ! e

WordNet-based systems and machine-learning systems. The heg/sqoart is-part-of

WordNet-based systems [26] use WordNet as the knowledge < fos

base. They take in a referring expression and a list of nouns B ’ ... : .

. . L olt - , N
that appear earlier than the referring expression in thesam Building Y Hallway
text. The systems choose one noun as the most likely an- Room

tecedent for the referring expression. They select the an-

tecedentby rstgrouping the nouns based on sentence boundsjgyre 1: An example of how the algorithm works. Given
ary, then using stack-based theory [23] to sort the canelidat {he nounsgarageand door, the solid bold lines show the
associations and select the most promising one. Spegy,call paih found by breadth- rst search starting at door and

the systems look back one sentence at a time and return anging atbuilding, which is a superclass ofjarage
candidate as the antecedent as soon as the candidatesatis e

one of the following conditions based on WordNet knowl-
edge: determine the best threshold. The strength of this approach
is that it provides a broad coverage of all types of links, iand
The candidate is a synonym of the referring expression, has achieved precision and recall that are comparable to the
such asaviatorand yer. WordNet-based systems. The weakness of this approach is
that it does not determine the semantic nature of the rekatio

The candidate is a hypernym (superclass) or hyponym ship between the referring expression and the antecedent.

(subclass) of the referring expression, suclasand

tree A more recent study of indirect anaphora has shown that

The candidate is a coordinate sibling of the referring Precision for either approach can be signi cantly improved

expression, such ammeandhouse with a more sophisticated selection mechanism that learns
by combining several features, such as salience (the contex

The candidate has a meronymic (has-part) or holonymictual distance of a referring expression and its anchor) and

(is-part-of) relation with the referring expression, such |exical distance (the semantic distance between a regrrin

asroomandwall. expression and its anchor) [19]. Improving recall remains a
challenge.

This approach not only returns the antecedent, but it can

also reveal the type of association between each referxing e 3. OUR SYSTEM _
pression and its antecedent, which is a piece of information W& @pproach the indirect anaphora resolution problem from

important for other parts of a full natural language proeess adifferentperspective. Whereas previousresearchetstre
ing system. However, many frequently used types of links, |nd|r¢ct anaphora resolution as a unique problem requiring
such as event/role or cause/consequence, cannot be discoPecial-purpose methods, we view it as an instance of a more

ered by these systems because WordNet does not contaig€neral problem: how to use background knowledge to infer
such knowledge. relations among linguistic constituents.

There have been many successful machine learning based3.1  Our interpreter

coreference resolution systems, such as [4, 25, 12], haweve Our interpreter considers a pair of concepts to semanticall
most of them do not resolve indirect anaphora. The onesrelated if it can nd an interpretation for the pair. The inte
that do [15, 2] typically use the web as the corpus. Instead pretation task can be viewed as follows: given a knowledge
of searching through WordNet, they issue a series of web base encoded as a semantic network, and a pair of nouns
search queries made of the referring expression and eaclcorresponding to two nodes in the network, nd a path of
candidate antecedent. These systems use the number of wekemantic relations between them. First, the two nouns are
pages that contain both the referring expression and the canmapped to nodes in the knowledge base,and , by a
didate antecedent being queried as a measure of the strengtprocess that is outside of the scope of this paper. Then, two
of association. If the strength exceeds a threshold, then th breadth- rst searches of the knowledge base along all ginar
systems consider the candidate the true antecedent of-the resemantic relations are conducted. The rst search stanis fr
ferring expression. Machine learning techniques are used t and looks for  or any superclass or subclass of it. The
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Figure 2: Performance comparison of the two indirect anaphaoa resolution systems on the two data sets. As shown in
the data, our interpreter is as precise as Poesio's systemybit approximately doubles the recall.

second search starts from and looks for , or any su- properties of a class, our interpreter also searches telderi
perclass or subclass of it. Two searches are needed becaug@operties from the ancestors of a class. For example, in
the semantic relations are directed. If any interpretatime WordNet, the wordbarrack has asquad roonmpart, and it
found, they are passed to a sorting function, which ranks in- inherits the parfoundationfrom its ancestostructure This
terpretations by ascending path length with preferencergiv  difference originates from the fact that our interpreteswa
to paths containing essential relations as determined by va originally developed with a knowledge base of formal rep-
lency theory [24]. During the evaluation, only the top iater resentations of actions, entities and modi ers. Such krowl
pretation from the sorting function is returned as the inter edge bases typically use subsumption to form a taxonomic
pretation of the input. graph, and they use inheritance to infer that properties of a
general class apply to subclasses as well. In contrast,Word

Figure 1 is an example of how the algorithm works. Given Netwas developed as a lexical reference system, which does
the noungyarageanddoor, the rst search begins at Door, not use inheritance.

then traverses all the semantic relations from Door, such as

has-partandis-part-of The search stops at Building, which Second, our interpreter uses a more relaxed stopping crite-
is a superclass of Garage. The solid bold lines indicate therion (superor_subclasywhich stops the search when a su-
path found and returned. It describes that the door “is dart o perclass or subclass of the goal is found. Previous systems
a doorway, which is part of a wall, which is part of a build- [21, 27, 6, 11, 22, 18, 3] used a more restricted stopping
ing” (a superclass of Garage). The second search begins atriterion (equality), in which the search stops when a class
Garage, and looks for any superclass or subclass of Door.identical to the goal is found. The more relaxed stopping
The sorting function ranks the paths returned from the two criterion allows both inductive reasoning and abductive re

searches, and chooses the shortest path to return. soning when deciding if the search should terminate. When
a subclass of the goal is found, by inductive reasoning we in-
If multiple valid interpretations from different candigsdn- fer there is a path between the starting concept and the goal
tecedents are found, the same sorting function selects theconcept; any instance of the subclass is an instance of the
interpretation whose path length is the shortest. class itself. For example, givembarrack... the room .,.
the interpreter will start a search from Barrack and willpsto
3.2 Comparison with previous studies the search at the Squad-Room part of the Barrack because a

Our system is most similar to WordNet based-systems be-Squad-Room is a kind of Room, which is the goal concept.
cause they infer relations among candidate antecedents and

referring expressions through a series of searches. How-When a superclass of the goal is found, by abductive reason-
ever, there are some signi cant differences. First, unlike ing we infer that there may be a path between the starting
the WordNet-based systems [26], which only search direct concept and the goal concept: an instance of the superclass
may be an instance of the class itself. For example, given

This is typically referred to as lexical distance.
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Figure 3: Performance of our interpreter after a series of abations. The effect of these ablations on precision is liméd,
but recall suffered. Of all the ablations, a more restrictedstopping criterion has the biggest impact on recall. If all he
ablations take place at the same time, then our interpreter bhaves essentially like Poesio's system.

garage ... the door ...the interpreter will conduct a search 4. EXPERIMENT 1

starting from Door as illustrated in gure 1. The search We rst evaluated the performance of our interpreter aggplie
stops at Building, a superclass of the goal, Garage, becauseo indirect anaphora by comparing it to our reimplementa-
if a door is part of a building, which can be a garage, then tion of a WordNet-based system from previous studies [26].
the doormay be part of a garage to which the expression, Poesio's system was chosen for comparison for two reasons.
garage refers. First, it was one of the best WordNet-based systems. Sec-

ond, part of the data sets used in its evaluation is available
In contrast, wheequalityis used in this example, the search  for easy comparison.

will not stop at Building because it is not equal to Garage.

Previous studies [14, 7] have shown that a combination of We used WordNet 2.0 as the knowledge base in our exper-

inductive and abductive reasoning is effective for ndirlgs  iments for both systems. In order to apply our interpreter,

mantic paths between two given concepts. we had to convert WordNet databases into our knowledge
base representation. First, we mapped each WordNet noun

The third difference with WordNet-based algorithms is that or verb synset into a class concept. Then, we mapped Word-

our interpreter conducts deeper searches. The search deptRet hyponymy and meronymy relations irgabclasshas-

limit of previous systems was set to one for computational part, elementindmaterialrelations accordingly (meronymy

ef ciency. Our interpreter can use a deeper limit because relation can be mapped to three relations: has-part, elemen

its more relaxed stopping criterion stops most searches at ar material). Because it has been shown that the taxonomy

shallow depth. It can afford to have deeper searches occaderived from WordNet in this way is not of particularly high

sionally. quality [17] (sometimes a taxonomic sibling should actpall
be a descendant or an ancestor), we changed the stopping cri-

Finally, our interpreter's sorting and selecting functide  terjon of the interpreter to briperor_subclassor _sibling

pends on lexical distance rather than salience. Salience is

not used because it utilizes the sequential order of seesenc We used two data sets for the evaluation. The goal of the

in a discourse; our interpreter is a generic solution to the evaluation is to measure the performance of the interpreter

semantic search problem, whose input is an unordered pairfor indirect anaphoreesolution notdetection The rst data

of concepts. If experiments show that salience is key to the set is a subset of the Brown corpus containing 32 articles

interpreter's performance for indirect anaphora resohuti  on various topics. This data set was annotated for indirect

the interpreter can be tailored to indirect anaphora resolu anaphora and used in a previous study [2]. The annotation

tion problems by replacing the lexical distance basedsprti  marks all referring expressions and their antecedents. We

function with a salience based sorting function. used six articles from the data set for debugging, and the res
for testing. The training data were used to set the threshold



for the number of sentences in the window for candidate an- mentation of Poesio's systent. Our interpreter achieved
tecedents. We used a 6 sentence window for our experimentabout the same precision as Poesio's system with approxi-
In the data set, we excluded instances of direct anaphora tamately twice the recall.
isolate the effects on indirect anaphora. We also excluded
named entities because WordNet contains little knowledge An analysis of the failed cases for both systems revealed
about them, and recognizing named entities is not central tothat nearly half of them (45% for the Brown corpus data and
our task of indirect anaphora resolution. There are a tdtal o 49% for the Penn Treebank data) are caused by insuf cient
196 instances of indirect anaphora in the test set. knowledge. Because WordNet only provides formal encod-
ings of mereological knowledge (hypernym, hyponym, merony
The second data set consists of 32 Wall Street Journal ar-and holonym), several frequently used type of indirect &oag,
ticles from the Penn Treebank | corpus containing 82 in- such as Event/role and Cause/consequence, cannot be re-
stances of indirect anaphora after removing all named en-solved. For example, given the referring expresti@judge
tities and direct anaphora. It was used previously [26], and and candidate antecedemtl, WordNet does not contain
it was partially annotated. We completed the annotations fo formally encoded knowledge that would associate “judge”
our experiments. with “trial”. In order to improve the performance, other
knowledge sources, such as FrameNet [8], the Component
Because each word in the data sets may be mapped to multii_ibrary [1] or formal encodings of WordNet glosses [10],
ple WordNet synsets, we needed a mechanism of word sensere needed.
disambiguation. As a simple approach we took the cross
product of all the possible word senses of each referring .
expression and each candidate antecedent to form pairs oP-1 Ablation study . .
synsets. This yields a set of candidate solutions, and theAlthough the analysis of the failed cases reveals that addi-
the sorting and selecting function chooses among them. Intional knowledge would improve both systems, it does not
the previous example, the referring expressidoor, has ~ €xplain why our system's recall is signi cantly better than
ve senses, and one candidate antece@a"tage has two that of Poesio's. As described in an earlier Section, there
senses. The cross productyields ten pairs of synselsqr#1, ~are four main differences between our interpreter and Poe-
garage#1l , door#l, garage#2, door#2, garage#l, sio's system (use of inherited properties, stopping ddter
...). The interpreter then interprets the pairs, and thergpr ~ Search depth bounds and use of lexical distance instead of
and selecting function chooses the best among all the solu-Salience), and some combination of them must account for
tions found as the interpretation for the candidgteage the improvementin recall. We analyzed their relative dentr
butions through a series of ablations. Each ablation remove
The metrics we used to evaluate performance are precisiorone difference while leaving other aspects of the original i
and recall, which are de ned as follows [13]: terpreter intact. We also removed all four differences aeon
This version of the system is functionally identical to Poe-
sio's system, and it should have identical performance as ou
reimplementation of Poesio's system.

Figure 3 shows the results of the ablation study on the two
data sets. Replacing lexical distance-based sorting and se
lecting by salience did not have a large impact on precision
_ or recall on the two data sets we tested. Shallow searches had
asmall in uence on recall (7 percentage points on the Brown
corpus data set and 7 percentage points on the Penn Tree-
For our experiment, (true positive) is the number of in-  pank data set). We have experimented with various search
direct anaphora whose selected antecedents match the ardepths, and we found that increasing the search depth be-
notated ones, (false positive) is the number of indirect yond two has little effect on performance. As predicted,
anaphorawhose selected antecedents do not match the anneemoving inherited properties lowers recall (13 perceatag
tated ones, and (false negative) is the number of indirect points on the Brown corpus data set and 7 percentage points
anaphora for which the system cannot nd an antecedent. on the Penn Treebank data set) with little effect on prenisio
Precision estimates the likelihood of a correctresolutiben  Replacing the stopping criterion has the largest impaceen r
an antecedent is found; recall is a measurement of coveragecall. It lowered recall by 26 percentage points on the Brown
corpus data set, and 14 percentage points on the Penn Tree-
bank data set. In addition, as predicted, by removing all fou
5. RESULTS differences, our interpreter performs just like Poesig's-s

Figure 2 shows the performance of our system and Poesio'stem
system on the two test sets. The left baris the performancezWe believe our implementation is faithful because on awelig

of our interpreter applied to the task of resolving indirect performed within 4% of published results [26]. The diffeceris
anaphora, and the right bar is the performance of our imple- due to different annotations in the corpora.
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Figure 4: Performance of the noun compound interpreter usirg four different stopping criteria on four different data
sets. The four bars for each domain, from left to right, represent the interpreter's performance in that domain using
equality, subclass superclassand superor_subclassstopping criterion respectively. The interpreter that uses the most
common and restricted stopping criterion,equality, had the worst recall and second best precision. The intergter that
uses the least restricted stopping criteriorsuperor_subclasshad the best precision and recall.

6. EXPERIMENT 2 of the whole compound, and the modi er specializes the
The ablation study showed that the biggest increase inlrecal type from the head noun. Longer sequences of nouns can
comes from an abductive stopping criterion. One may won- be bracketed into pairs of nouns (with few exceptions). To
der whether the effect is restricted to the data sets usédkint interpret a noun compound is to nd the semantic relation
study, so we evaluated the in uence of stopping criteria on between the head noun and its modi er.

larger data sets and with a different application of sensanti
path search using the same tool. It is worth noting that this task has a slightly different em-

phasis than indirect anaphora. For indirect anaphorauesol
tion systems, the goal is to sdea candidate antecedent is
related to the referring expression. For noun compound in-
terpretation systems, the head noun is assumed to be related
to the modi er for each input, and the goal is to determine
how they are related.

6.1 Setup
We evaluated the impact of four different stopping criteria
on semantic path search in this study. In additiorste
per_or_subclassand equality, we usedsuperclassaand sub-
class These are less restrictive thaguality but more re-
strictive thansuperor_subclass The superclasscriterion
stops the search when the system visits a class whose supef-2  Test data
class has a|ready been visited. Tdubclasscriterion Stops We used four sets of data drawn from different domains to
the process when the system visits a class whose subclasgvoid getting results that are skewed to a particular domain
has already been visited. knowledge base or data set. The rst three data sets consist
of a total of 742 pairs of nouns extracted from three différen

When a more restrictive stopping criterion is used, falsse po  domains (a biology text book, a small engine repair man-
itives are expected to decrease because fewer answers wiltial, and a Sparcstation owners manual). Noun compounds
be found by the system. Consequently precision should in- are closely related to indirect anaphora, and they can be con
crease. When a less restrictive stopping criterion is used,verted into pairs of antecedent and referring expressiems.
false negatives are expected to decrease because fewer irexample, the noun compoumghgine manufacturecan be
puts will have no interpretation, and recall should inceeas ~ converted to an indirect anaphora instance dn engine...

the manufacturer . The knowledge bases we used to inter-
We evaluated the impact of different stopping criteria oo th  pret noun compounds are based on the Component Library
task of noun compound interpretation. Here, we de ne a [1], an upper ontology composed of a set of general con-
noun compound to be a pair of nouns composed of a headcepts (entities, events and roles) and their associatedsxi
noun and a modi er. The head noun determines the type For each domain, we extended the Component Library in the



following ways. First, the biology knowledge base was ex- achieved twice the recall with no drop in precision. An
tended to have an 18-level deep taxonomy containing 1937analysis of the failed cases suggested that more knowledge
concepts. On average, each concept is directly connected tesources could further improve the performance. Further, an
9 other concepts. Then, the knowledge bases for the otherablation study revealed that the biggest increase in recall
two data sets (the small engine repair manual and the Sparccomes from a more relaxed stopping criterion, and an exper-
station manual) were augmented with WordNet knowledge iment conducted on four noun compound data sets showed
plus about ten concepts that are important to each of the twothat the most relaxed stopping criterion had the best perfor
domains (whose partonomies are not complete in WordNet). mance.
The engine knowledge base contains an 18-level deep taxon-
omy and 2159 concepts. On average each conceptis directlyThe results have some important implications. First, they
connected to 11 other concepts. The Sparcstation knowledgesuggest that a single method that searches a knowledge base
base contains a 16-level deep taxonomy and 2105 conceptsfor semantic paths between pairs of concepts can achieve
Each concept is directly connected to 10 other concepts ongood results on two different linguistic tasks: resolving i
average. direct anaphora and interpreting noun compounds. In future
work, we will assess its effectiveness on other natural lan-
The fourth data set consists of 55 noun compounds in the do-guage processing tasks. Second, althougbuperor_subclass
main of airplane parts. These data are encodings of airplane stopping criterion is not knowledge base dependent or do-
related sentences found in various online sources. Thelknow main dependent, it may be affected by the taxonomy it uses.
edge base used to interpret the airplane data is a custdtn-bui It will be interesting to see if the interpreter's perforncan
knowledge base about airplanes. The taxonomy is 15 levelscan be further enhanced if methods such as OntoClean [17]
deep, and it has more than 8,000 concepts. Each concept isrre used to realign the WordNet taxonomy. Third, because

directly connected to 70 other concepts on average. superor_subclasss a relaxed stopping criterion, it causes
search to stop early. This makes spreading activation-feasi
7. RESULTS ble even on very large knowledge bases, such as the searches

Figure 4 shows the impact of different stopping criterianSi  required by many Semantic WEB tasks.

ilar to the previous experiment, recall is improved signi -

cantly whensuperor_subclasss used. The interpreter that 9. ACKNOWLEDGMENTS
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