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A domain in which the divergence between 
the abilities of people and the abilities of 
machines is particularly manifest is refer-
ence resolution. Reference resolution is best 
defined as interpreting the meaning of each 
referring expression in a language input—
like my finger, JFK, them, ran—and anchor-
ing it in the mental model (memory) of the 
intelligent agent processing that input. This 
semantics-oriented, memory-oriented view 
of reference resolution is inspired by what 
people seem to accomplish when resolving 
reference. It stands in contrast to the more 
widely pursued NLP task of coreference res-
olution, whose final goal is to match corefer-
ential text strings (words and phrases) with 
each other, typically with little or no con-
nection to text meaning or memory popula-
tion and management.

This article provides an example-oriented 
overview of reference phenomena that are 
difficult for intelligent agents to process, 
as well as the types of knowledge, rendered 
machine tractable, that seem to be required 

to process them. We begin with a short in-
troduction to “deep semantic” text process-
ing, an approach to NLP that is currently 
not widely pursued but seems necessary to 
tackle problems like advanced reference res-
olution. Next comes an extended example 
that provides a concrete picture of the prob-
lem space in question. Then the full scope 
of reference phenomena is juxtaposed with 
the much narrower scope of phenomena 
that has been treated in systems to date. 
Comparisons are drawn between the pri-
marily knowledge-lean approach, which has 
dominated the field so far, and the primar-
ily knowledge-rich approach, which seems 
necessary for difficult phenomena. Follow-
ing that are seven high-level questions and 
their answers that highlight some key chal-
lenges faced by reference resolving agents. 
The article concludes with some thoughts 
about what to do next in order to make sig-
nificant progress on reference resolution. 
The organizational style—example-driven 
and Q&A—was selected to provide a more  
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engaging introduction to the topic 
than would a formal, linguistically 
motivated classifi cation.

Semantically-Oriented 
Text Processing
We can begin to understand the nec-
essary components of and prerequi-
sites for a reference resolving intel-
ligent agent by considering what a 
person seems to do when reading or 
hearing a text such as fi ctional Exam-
ple 1.

Example 1. “Next year a fi lm 
about Mickey Mouse will be re-
leased in which he and Minnie go 
skiing in the Swiss Alps.”

A person’s goal is to understand 
the meaning of the text and either 
incorporate it into his own knowl-
edge about the world or reject it as 
untrue. This involves understand-
ing the lexical (dictionary) mean-
ings of the words and phrases in the 
text, including carrying out all neces-
sary disambiguation; understanding 
the compositional meanings of word 
combinations; and incorporating any 
new information learned from the 
text into memory. All other aspects 
of language understanding—such as 
syntactic parsing and understand-
ing intonation, punctuation, and so 
on—merely provide intermediate re-
sults on the road to the ultimate goal 
of deriving meaning. During the pro-
cess of text understanding, a person 
leverages several types of knowledge, 
as necessary and available:

knowledge of language• , for exam-
ple, what each of the words and 
phrases means; how declarative 
sentences are structured in English; 
the fact that pronouns like “he” 
require a textual coreferent unless 
their meaning can be understood 
from the extralinguistic context, 

as by being visible to the speech 
participants;
knowledge about types of objects • 
and events in the world, for ex-
ample, what skiing is; the fact that 
cartoon characters can function 
like people do (they can ski);
knowledge of real-world facts• , for 
example, what and where the Swiss 
Alps are; who Mickey Mouse and 
Minnie are;
knowledge of the language situa-• 

tion, for example, whether the in-
formation is coming from a conver-
sation or a newspaper article; how 
trustworthy the source is; and
generalized reasoning capabili-• 
ties, for example, that the hearer 
or reader is expected to know who 
Mickey Mouse and Minnie are 
since they are not further described 
in the text.

As a person builds up an under-
standing of the input, he determines 
the role of each referring expression 
within the larger context. If the per-
son already knows about a given en-
tity or event, he can supplement that 
knowledge with the new information, 
amend that knowledge with the new 
information, or reject the new infor-
mation due to confl icts with what he 
already knows. If this is a new entity 

or event, the person creates an “an-
chor” for it in memory to which the 
given information is linked, as will 
be any other information he might 
learn about the entity or event in the 
future. 

Assume that someone reads Exam-
ple 1 already knowing who Mickey 
Mouse is and what the Swiss Alps 
are, but not knowing about Minnie, 
the new fi lm, the fact that the fi lm 
was released, or the event of Mickey 
Mouse and Minnie skiing in the fi lm. 
He will 

directly link all new informa-•	
tion about Mickey Mouse and the 
Swiss Alps to his existing Mickey 
Mouse and Swiss Alps memories/
knowledge;
create new anchors in memory for •	
the objects Minnie and this partic-
ular fi lm, as well as for the events 
of releasing this particular fi lm and 
skiing, as engaged in by Mickey 
Mouse and Minnie in the fi lm; and
establish the text-level coreference •	
relations between Mickey Mouse
and he, and between the fi lm and
(in) which.

This estimation of how a person 
might understand Example 1 suggests 
how we might approach enabling ar-
tifi cial agents to do the same. 

Let’s assume that, like a person, 
the intelligent agent seeks to under-
stand the text, not simply manipu-
late the strings at a surface level. Let’s 
further assume that, like a person, 
it has access to the following kinds 
of resources, whose contents are re-
corded in a form conducive to ma-
chine reasoning. 

An •	 ontology, encoded in an unam-
biguous metalanguage, that con-
tains property-based descriptions 
of types of entities and events in 
the world. (The monospace font 
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Prestige Elite is used here to dis-
tinguish ontological concepts from 
words in a language.) The similar-
ity between the names of concepts 
and English words—for example, 
the verb ski is mapped to the con-
cept ski-event—is simply to aid 
human developers. The concept 
ski-event could also be recorded 
as A1J90, as far as the system is 
concerned. The ontology will con-
tain knowledge including that the 
typical agent-of ski-event is hu-
man, that cartoon-character can 
function-like human, and that a 
typical location-of ski-event is 
mountain. 
A •	 lexicon that links English words 
to ontological concepts: for exam-
ple, the noun ski is mapped to the 
concept ski whereas the verb ski is 
mapped to the concept ski-event. 
When the intelligent agent pro-
cesses texts, it must disambiguate 
the input words, rendering them 
in the unambiguous ontological 
metalanguage, which is more suit-
able for machine reasoning than 
are rampantly ambiguous natural 
languages.
A •	 memory of actual objects and 
events in the world, which is supple-
mented as new texts are processed. 
Entities in memory can formally be 
distinguished by numbers: for ex-
ample, ski-event-4 might refer 
to Micky Mouse and Minnie go-
ing skiing in the fi lm, whereas ski-
event-5 might refer to some real 
professional skier competing in a 
race that was reported in the sports 
section of an on-line newspaper.
Rule sets•  to support language pro-
cessing tasks like morphological 
analysis and syntactic parsing.
Processors•  that can leverage all of 
this knowledge, not only for gen-
eral semantic interpretation of an 
input—including reference resolu-
tion—but also for more generalized 

reasoning. After all, much of what 
people glean from language is not 
stated explicitly.

A formal rendering of the intel-
ligent agent’s memories created by 
reading Example 1 is shown in Figure 
1. The formalism is a simplifi ed ver-
sion of that used in the OntoSem text 
processing environment, which is the 
practical implementation of the the-
ory of ontological semantics.1 This 

metalanguage was chosen here for il-
lustration for three reasons: fi rst, it 
has all the expressive power needed 
for the current analysis of reference 
resolution; second, it is readable by 
people; third, agents within the On-
toSem environment are already auto-
matically creating such text meaning 
representations, which suggests that 
semantically-oriented text processing, 
although far from a perfected art, is 
a realistic approach to NLP. There 
is, however, nothing about this anal-
ysis that is specifi c to a given meta-
language or environment. In the rep-
resentation, glosses are presented as 
comments after semicolons. All ref-
erences have been resolved (Mickey 
Mouse ~ he; fi lm ~ (in) which; next 
year ~ 2010).

Structured, disambiguated text 
meaning representations like this are 

more suitable for machine reasoning 
than raw English text. After all, next 
year, he, and in which can’t be fully 
understood until they are disambigu-
ated, contextually grounded and an-
chored in the agent’s world model. 
For example, if, in 2009, someone 
asked a question-answering system 
when the Sydney Olympics occurred, 
that person wouldn’t want the an-
swer, “Next year,” extracted from 
a text written in 1999. Since resolv-
ing diffi cult cases of reference will re-
quire complex reasoning by our in-
telligent agents, and since machine 
reasoning is more effectively carried 
out over interpreted than uninter-
preted data, teaching the system to 
semantically analyze language input 
is well-motivated. 

To reiterate the main features of 
a semantically-oriented approach to 
reference resolution: First, reference 
relations aren’t established between 
text strings but between the meanings
of text strings as represented in an 
unambiguous semantic interpretation 
of the text. (In some cases, an utter-
ance might be genuinely ambiguous, 
underspecifi ed or open to different 
interpretations. Those issues go be-
yond the scope of this overview.) Sec-
ond, the detection of coreference re-
lations within a text, which has been 
the thrust of most reference resolu-
tion efforts to date, isn’t the ultimate 
goal—it is, at most, a step toward the 
goal of anchoring all referring ex-
pressions in an agent’s memory and 
interconnecting them to produce full, 
contextually coherent memories over 
which an intelligent agent can rea-
son. Third, advanced reference reso-
lution will require large, high-quality 
knowledge resources and reasoners 
that can exploit them. And fi nally, 
the complexity of diffi cult reference 
issues suggests that a semantically-
oriented approach isn’t only prefera-
ble, it might be inevitable. 
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A Gallery of  
Difficult Phenomena
We can get a notion of the range of 
reference phenomena that next gen-
eration intelligent agents will need to 
treat by analyzing a real-world exam-
ple such as this:

Example 2. New advertisements 
are appearing on Moscow’s streets 
and subways. Comic-book-style 
stories portray the new quanda-
ries of the Russian middle class. 
“If we buy the car, we can’t afford 

to remodel the apartment,” says 
a woman with a knitted brow, 
in one ad. Then comes the happy 
ending. Her husband replies, smil-
ing: “We can do both! If we don’t 
have enough, we’ll take a loan!” 
(“Buying on Credit Is the Latest 
Rage in Russia” by Sabrina Tav-
ernise, New York Times, January 
20, 2003). 

The following analysis focuses on 
determining which text entities have 
textual coreferents (finding these is 

the task of most current systems), 
and which ones should be directly an-
chored to memory (a task pursed by 
practically no current systems).

The meaning of •	 new advertise-
ments, comic-book-style stories, 
one ad, a loan, and a woman don’t 
require textual coreferents—they’re 
mentions of new entities that must 
generate new anchors in memory.
Although •	 a knitted brow does not 
require a coreference link in the text 
(it, too, is a mention of a new entity) 

release-media-12  ; will be released
 theme film-818 ; film
 absolute-year 2010 ; next year
 anchor-time 2009 ; the year of speech or publication

film-818  ; film
 about-as-topic cartoon-character-10 ; Mickey Mouse
 about-as-topic ski-event-4 ; go skiing
 theme-of release-media-12 ; will be released
 coreferred-with all-400 ; (in) which

all-400  ; (in) which—“all” is the root
 corefer film-818 ; of the ontology

animate-243  ; he
 corefer cartoon-character-10 ; Mickey Mouse

ski-event-4  ; go skiing
 topic-of film-818 ; film
 agent cartoon-character-10 ; Mickey Mouse
  cartoon-character-109 ; Minnie
 location mountain-range-3 ; Swiss Alps

mountain-range-3  ; Swiss Alps
 location nation-13 ; Switzerland
 location-of ski-event-4 ; go skiing

cartoon-character-10  ; Mickey Mouse
 agent-of ski-event-4 ; go skiing
 has-name “Mickey Mouse”
 coreferred-with animate-243 ; he

cartoon-character-109  ; Minnie
 agent-of ski-event-4 ; go skiing
 has-name “Minnie”

Figure 1. The semantic representation for Example 1. This formal rendering of the intelligent agent’s memories is written in the 
unambiguous, ontologically-grounded metalanguage used in the OntoSem environment.
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it must be semantically linked to the 
woman who’s brow it is.
Her husband•  will also generate a 
new anchor but it must be linked to
the anchor for the woman using a 
relation indicating marital ties.
The interpretation of •	 we involves 
combining into a set the anchors 
for the woman and the man, which 
do not form a syntactic constitu-
ent. Note that the fi rst mention of 
we comes before the mention of 
the woman and the man, thus re-
quiring resolution via postcedents 
rather than the more common 
antecedents.  
Understanding the meaning of •	
Moscow’s streets and subways re-
quires linking some unspecifi ed 
set of streets and subways to the 
reader’s expected knowledge of the 
Russian city, Moscow. Of course, 
there are many places called Mos-
cow, so if the human or artifi cial 
reader knows of more than one, he 
or it must select the correct one.
Although noun phrases with •	 the
(called defi nite descriptions) often 
refer to entities previously men-
tioned in the text, this is far from 
always the case—there are condi-
tions under which the should not 
trigger the search for a textual 
coreferent. Examples include: defi -
nite descriptions that have restric-
tive postmodifi cation (the new 
quandaries is postmodifi ed by 
the Russian middle class, so no 
previously-mentioned quandaries 
should be sought);  defi nite de-
scriptions that include a proper 
name modifi er (the Russian middle 
class); defi nite descriptions that are 
clichés and idioms (the happy end-
ing); defi nite descriptions whose 
meaning is generic (the personal 
check); defi nite descriptions that 
include semantic ellipsis,  that is, 
the omission of material that is 
necessary to fully understand the 

text but isn’t syntactically obliga-
tory (the car and the apartment
don’t refer to just any car and any 
apartment—the car is the one the 
couple is thinking of buying and 
the apartment is the one they al-
ready own or rent).
All cases of ellipsis—syntactic and •	
semantic—must be detected and 
resolved: If we don’t have enough
[money]… Here, the meaning 
“money” must be understood as 

what is lacking, and that lacking 
must be attributed to the couple 
who needs the money to buy a car 
and remodel their apartment.
The meaning of all events—most •	
often realized as verbs in text—
must undergo reference resolution 
since events have just as much ref-
erential power as objects. For ex-
ample, in the following text, the 
same instance of the event staying 
out  is mentioned three times, the 
third time using the demonstrative 
pronoun that: “Mary stayed out
late at a party last week. In fact, 
she stayed out well past her cur-
few and that got her grounded for 
a week.” 
The happy ending• , which must be 
a new anchor in memory, must be 
linked to this particular comic-
book style story, not to stories in 

general. In addition, the happy end-
ing must be understood as a cliché 
which, in this context, conveys that 
the entire passage is a spoof.

Clearly, agents capable of advanced 
reference resolution will need to be 
able to carry out extensive reasoning 
about language, the world, aspects of 
the previous discourse, expectations 
about what will happen next, and 
much more if they are to mimic hu-
man capabilities of interpreting refer-
ring expressions.

Long-Term Needs 
vs. Current and 
Near-Term Reality
The previous illustration of diffi cult 
cases of reference resolution sug-
gests that artifi cial agents must be 
equipped with advanced powers of 
reasoning and have access to exten-
sive knowledge resources if they are 
to approach human levels of com-
petence in resolving reference. The 
problem is that creating high-quality 
resources and reasoners is long, hard 
and expensive work. Faced with the 
choice between declaring a mora-
torium on reference work until ade-
quate knowledge resources have been 
compiled or working on reference in a 
“knowledge-lean” paradigm, the fi eld 
has opted for the latter. However, 
this decision has necessitated some 
compromises. Most notably, the ma-
jority of reference resolution systems 
to date have treated only those refer-
ring expressions that lie on the sim-
pler end of the spectrum, and their 
end goal has been to link text strings 
to each other. Treating more diffi cult 
cases of reference and treating refer-
ence in terms of meaning and mem-
ory has been considered, thus far, out 
of purview.

The knowledge-lean paradigm re-
lies on various statistical techniques 
that are trained over a manually 
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annotated corpus, typically using 
a small number of features such as 
morphological agreement, the text 
distance between the entity and the 
potential coreferent, the syntactic 
positions of the entities (subject, ob-
ject, and so on), occasionally their 
semantic roles (agent, theme, and so 
on), and various other heuristics that 
do not require text understanding. 
For background on knowledge-lean 
reference resolution as well as point-
ers to the relevant literature see, for 
example, the work of Ruslan Mit-
kov2 and Vincent Ng.3 Recent work 
has shown that the incorporation of 
some semantic features drawn from 
Wikipedia, WordNet and semantic 
parsing improves reference resolu-
tion for some referring expressions, 
still within a primarily stochastic 
paradigm.4

While the evaluations of some 
knowledge-lean systems have been 
quite good—in the 80th percen-
tile using precision and recall as 
a yardstick—they must be under-
stood in context. First, the so-called 
“markables”—that is, those entities 
that are annotated in a corpus and 
therefore are included in the purview 
of reference resolution systems—have 
been delimited by hand. Second, in 
most evaluations, the input to refer-
ence resolvers has been perfectly pre-
processed text—that is, text whose 
part of speech tagging, syntactic anal-
ysis, and so on, have been manually 
carried out or validated. Third, most 
experiments have been carried out on 
grammatically cleaner types of text 
genres, not, for example, blogs or 
emails. Mitkov provides an analysis 
of the extent to which such simplifi -
cations of the problem space have in-
advertently boosted the impression of 
the state of the art in reference reso-
lution.5 The result is that many peo-
ple, even within the fi eld of NLP, do 
not realize that such a large portion of 

the overall problem of reference reso-
lution has not yet been fundamentally 
addressed. 

The knowledge-lean paradigm for 
reference resolution surged in the 
1990s and early 2000s, with prog-
ress since being more modest. There’s 
widespread, if not universal, agree-
ment that more knowledge-oriented 
features are needed to train the statis-
tical systems. Speaking broadly, from 
the knowledge-lean perspective refer-

ence resolution remains diffi cult be-
cause of the following. 

Suffi ciently large annotated corpora •	
that cover all reference relations 
don’t exist. Manual annotation of 
corpora is a complex and expen-
sive task typically carried out by 
undergraduate students. As such, 
the scope of phenomena covered in 
annotation projects—at least those 
that go beyond syntax—is lim-
ited, as is the size of annotated cor-
pora. One promoter of knowledge-
lean corpus-based methods was 
the MUC (Message Understanding 
Conference) reference resolution 
task, for which sponsors provided 
annotated corpora for the training 
and evaluation of the competing 
systems.6 Two of the four require-
ments for the reference annotation 

strategy were the need for greater 
than 95 percent interannotator 
agreement and the ability to anno-
tate quickly and therefore cheaply. 
These constraints narrowed the 
scope of phenomena covered by 
the corpus and, consequently, the 
scope of phenomena pursued by 
those utilizing it.  
Not all reference relations can •	
be established at the level of text 
strings: for example, there can be 
coreference with an elided category 
(see my previous work7).
Not all reference relations can be •	
captured using the kinds of syn-
tactic structures output by most 
parsers: for example, there can be 
coreference with multiple constit-
uents that do not form a syntactic 
constituent (see Example 5, p. 55). 
Not all reference relations are •	
coreference relations; for example, 
in the sentence “When the couple
got home the husband started on 
dinner,” the husband is part of the 
set described by the couple. This is 
a reference relation but not a coref-
erence relation.  
There are insuffi cient features that •	
systems can use for training, such 
as full semantic interpretations of 
text entities.

By contrast, reference resolution 
from a knowledge-rich perspective 
roughly means that a lot of knowl-
edge—including syntactic, ontologi-
cal, real-world, semantic and/or dis-
course-oriented—is incorporated into 
a reference resolution system. Prac-
tically all such systems rely to some 
degree on statistical support, par-
ticularly as a fall-back in situations 
when knowledge-based methods do 
not produce any answer at all, or 
as a tie-breaker in situations when 
knowledge-based methods fail to se-
lect exactly one best answer. Within 
this paradigm the reasons for narrow 
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coverage and current suboptimal re-
sults include the following:

insuffi cient breath and depth of •	
machine-tractable, heuristic-ori-
ented (as opposed to “purely lin-
guistic”) descriptions of all refer-
ence phenomena; 
the lack of a fundamental under-•	
standing of how reference-oriented 
heuristics, whose values are often 
competing, can best be combined 
into resolution algorithms; 
the lack of very large, high quality, •	
broad-coverage, machine-tracta-
ble knowledge resources, including 
lexicons, ontologies and reposito-
ries of real-world facts; and 
the lack of processors that can con-•	
sistently successfully fulfi ll the pre-
requisites for high-quality reference 
resolution, like word sense disam-
biguation, establishing semantic de-
pendencies among entities in speech/
text, and recovering from so-called 
“unexpected input”—that is, cases 
in which the agent isn’t prepared 
for some aspect of the input, as by 
not knowing a given word or word 
meaning, not being able to parse 
non-normative syntax, and so on.

Of course the vast majority of prac-
tical systems are actually hybrid, 
meaning that knowledge-based fea-
tures and statistical methods are used 
together. The difference between the 
two roughly circumscribed approaches 
lies in the comparative weight of 
knowledge and statistics. Most cur-
rent hybrids are predominantly statis-
tical. There are, of course, exceptions, 
systems in which knowledge plays 
a large or even the primary role. In 
such environments, all or most of the 
knowledge-oriented requirements are 
fulfi lled to the extent possible con-
sidering practical constraints. Such 
systems typically work best over lim-
ited—albeit not only toy—domains. 

Treating diffi cult cases of reference 
will require that the knowledge-
oriented contribution of today’s sys-
tems be signifi cantly expanded. 

Seven Questions 
This section presents a sampling of 
some of the more diffi cult reference 
phenomena without details (for rea-
sons of space) about how their treat-
ment might be incorporated into the 
repertoire of intelligent agents. In the 

spirit of providing glimpses into the 
phenomena without formal catego-
rization, the discussion is organized 
around seven questions that special-
ists and non-specialists alike might 
fi nd engaging.

Which Entities  
Are Referring Expressions? 
This question might, at fi rst glance, 
seem superfl uous: all objects and 
events that refer to something are re-
ferring expressions, and everything 
else is not. But this intuitive categori-
zation does not readily translate into 
a suffi cient algorithm to permit our 
intelligent agent to make the referring 
vs. nonreferring judgment for every 
text entity it encounters. Consider the 
following types of entities, which the 
agent must recognize as nonreferring 
expressions.

“It” used without semantic con-•	
tent as a grammatical place holder 
in certain syntactic constructions: 
“It is raining; It is unfortunate that 
you couldn’t come.”
“It” used without semantic content •	
in idiomatic and quasi-idiomatic 
turns of phrase: “You take it for 
granted that I’ll bail you out; Take 
it from me, that will never work.”
Noun phrases used as descriptors •	
rather than referring expressions: 
“My brother is a doctor; That guy 
is a regular Don Juan.”
Metonymic noun phrases that are •	
used as descriptors rather than re-
ferring expressions: A man points 
to the dancers on the stage and 
whispers to the lady next to him, 
“My daughter is one of the tutus”—
that is, one of the children wearing 
a tutu.

Clearly, the form of surface strings is 
an insuffi cient diagnostic for “refer-
ring vs. nonreferring” status, mean-
ing that text understanding must be 
invoked. 

The automatic detection of seman-
tically empty it has been worked on 
with some success (see the work of 
Richard Evans,8 among others), but 
we are still far from achieving error-
free detection of all referring vs. non-
referring expressions. 

What Does the  
Referring Expression Mean  
and Why Does It Matter? 
Past work on reference resolution in 
NLP hasn’t relied much on semantics 
as a heuristic since semantics is dif-
fi cult and expensive to understand 
automatically. However, as the ex-
amples below show, the surface fea-
tures and broad generalizations that 
are used by most current systems can 
be red herrings, with semantics being 
the fi nal arbiter for establishing refer-
ence relations. 
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There can be gender, number and/• 
or animacy mismatches between 
coreferents. For example, she (and, 
more rarely, he) can refer to a ship 
or any other inanimate object one 
relates to tenderly. Likewise, they
is making fast inroads, even in 
writing, as an alternative to gen-
der-neutral he or the awkward he 
or she, he/she or (s)he (“If someone 
wants to buy stocks, they can do 
so on the Web”).
Some referring expressions can • 
have a specifi c, a generalized or a 
hybrid referent. For example, in 
English the pronoun you can refer 
to one or more specifi c animate en-
tities (“If you eat another piece of 
pizza you’ll explode”); people in 
general (“It’s tough to live in the 
suburbs if you don’t drive”); or a 
hybrid of “you and anyone else in 
the same position” (“If you speed 
you can get a ticket”—assuming 
the hearer drives a car). See Chap-
ter 7 of my previous work for a re-
lated discussion of such phenom-
ena cross-linguistically.7

Not all defi nite descriptions (noun • 
phrases with the article “the”) 
require a textual coreferent, as 
shown by Example 3. The percent-
age of defi nite descriptions that 
have textual coreferents is actu-
ally surprisingly low, having been 
counted at 50 percent9 and 37 per-
cent10 for different corpora. Im-
plemented systems for detecting 
non-coreferential defi nite descrip-
tions—that is, noun phrases with 
the that don’t require a corefer-
ent—have been developed by Da-
vid Bean and Ellen Riloff,10 among 
others.
Text elements can imply meanings • 
that are more specifi c than what 
is overtly stated. There’s an indis-
tinct line between a complete se-
mantic interpretation of an input 
and an interpretation that includes 

all relevant—or even all possi-
ble—inferences. For example, we
very often encompasses other peo-
ple not referred to explicitly. In 
such situations, a system can, on 
the one hand, represent the mean-
ing of we simply as a set in which 
only some of the members are 
known. But how much more use-
ful it would be, at least in some 
applications, if the system would 
include in its meaning representa-

tion the same kinds of inferences 
that people would make. For ex-
ample, if a 60 year-old married 
woman says, “We’re going to It-
aly this summer,” the implication, 
unless overridden by contextual 
clues, is that she and her husband 
are going; but if she were 30, had 
kids and was going to Disneyland, 
the kids would be implied as well. 
Understanding what, precisely, 
the woman means by we requires 
knowledge about her and reason-
ing about the context.

As we can see, viewing text strings 
superfi cially cannot provide an in-
telligent agent with the reference re-
solving power it needs. For suffi cient 
reference resolution, it really does 
matter what the referring expressions 
mean. 

Does the Referring Expression
Require a textual Coreferent, 
an Extratextual Coreferent,  
or a Direct link to an  
Anchor in Memory? 
We’ve already seen cases, such as he 
in Example 1, in which a referring ex-
pression requires a textual coreferent. 
We’ve also seen cases in which a refer-
ring expression can be directly linked 
to its anchor in memory (Mickey 
Mouse in Example 1). Regarding ex-
tratextual reference resolution, the 
most obvious examples come from 
the world of embodied conversations, 
where one can point to something 
and say “I like that,” or respond to 
loud music by yelling, “That’s hurt-
ing my ears!” In order for an intelli-
gent agent to process such referring 
expressions, it needs to render its in-
terpretation of real or simulated hear-
ing, vision, smell, taste and haptics 
using the same or a compatible se-
mantic formalism as is used for the 
interpretation of text. 

What syntactic Forms Can  
Coreferential Categories Have?
The most widely treated type of refer-
ence resolution carried out by current 
NLP systems is linking noun phrases 
with their coreferential noun phrases, 
as in Example 3.

Example 3: Jake lent Mollie his 
sled and watched her speed down 
the hill. 

However, in many cases, like the fol-
lowing four types of contexts, coref-
erence relations apply between enti-
ties that are not noun phrases. 

Noun phrases can corefer with • 
verbs when both refer to ontologi-
cal events. Consider Example 4: 
“The marauders invaded quickly. 
The invasion brought the town to 
its knees.” Given a knowledge-lean 

viewing text 

strings superfi cially

cannot provide 

an intelligent agent 

with the reference 

resolving power it needs.
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approach, which is primarily syn-
tactic, the noun phrase (NP) the in-
vasion in the second sentence must 
corefer with the verb invaded in the 
fi rst. Permitting cross-part-of-speech 
coreference signifi cantly increases 
the search space for coreference 
relations. However, using a seman-
tic approach, invaded is realized 
as one instance of the ontological 
event invade (invade-1) and inva-
sion is realized as another instance 
(invade-2). At the level of meaning 
representations, the coreference be-
tween invade-1 and invade-2 can 
readily be established automatically. 
Noun phrases can corefer with mul-• 
tiple entities that do not form a syn-
tactic constituent, as shown by the 
use of we in Example 2: we refers to 
a woman with a knitted brow and 
her husband, which are presented 
in different sentences in the text. 
Referring expressions can refer to • 
an entire span of text. Some refer-
ring expressions—most notably 
this, that, it and various types of ab-
stract nouns, like argumentation—
can refer to entire propositions or 
combinations of propositions, as 
Example 5 illustrates: “The speaker 
pronounces a 45-minute treatise 
about the risks of smoking, ending 
with, ‘And that’s why you shouldn’t 
smoke!’” The fi rst challenge in 
treating referring expressions like 
these is determining whether to 
seek a single entity as a coreferent 
(semantically speaking, an object
or event) or one or more proposi-
tions. This determination can only 
be made semantically. For example, 
in “Give me that,” that must refer 
to some physical object that can be 
handed to a person, whereas in “I 
don’t believe that,” that must refer 
to one or more propositions. In the 
latter case the question is how many 
propositions? Research fi ndings  
suggest that the span of text—or, 

in semantic terms, the meaning of 
the span of text—must be contigu-
ous to the sentence containing this, 
that, or it.11 But how do we deter-
mine how much previous text (or, 
semantically speaking, how many 
previous text meaning representa-
tions) should be considered part of 
the coreferent? That is a very chal-
lenging problem whose treatment 
will clearly need to incorporate a 
signifi cant amount of world knowl-

edge and high-level reasoning.
Referring expressions can be • 
elided, as can their coreferents. 
When treating ellipsis, the fi rst 
challenge is to detect that a cate-
gory is missing to begin with; only 
after that can its semantic inter-
pretation and reference relations 
be established. Such detection and 
interpretation can be supported in 
a knowledge-based environment 
by certain types of lexical and on-
tological knowledge. For example, 
when one eats, one must eat some-
thing, so even though eat can be 
used without a direct object (“He 
takes so long to eat!”), the con-
cept it maps to, ingest, expects a 
theme that is an ingestible. As 
such, the intelligent agent knows, 
just as we do, that there is some in-
gestible involved in the process of 

eating, should that knowledge be 
needed for further reasoning.

As we see, there are many kinds of ref-
erence relations beyond the commonly 
pursued “noun phrase to noun phrase 
coreference,” and our intelligent agent 
must be able resolve them all. 

Must Reference-linked Entities 
Always be Coreferential?
Not all entities that are linked by a 
reference relation are coreferential. 
Instead, they can be in a “set ~ set 
member” relationship (“I saw a cou-
ple riding a tandem bike and the man
wasn’t pedaling at all!”), an “instance 
~ type” relationship (“I broke another 
corkscrew. These things are so unre-
liable!”), or they can represent differ-
ent instances of a given type of entity 
(“Mom, Jane got a pony named Jel-
lybean for her birthday. I want one
too!”). In addition to these types of 
non-coreferential reference links, an-
other that has been discussed in the 
NLP literature is “bridging,” defi ned 
as a reference relationship by which 
one entity suggests the existence of 
another, and that other entity can be 
referred to as if it had been explic-
itly introduced into the context. For 
example, in “Our swim meet was 
cancelled because the pool sprung a 
leak,” one can refer to the pool using 
the defi nite article the because people 
know that pools are expected props in 
swim meets.

Not surprisingly, descriptive prog-
ress on all of these phenomena is well 
ahead of practical implementations 
since this type of reference resolution 
requires both large knowledge bases 
and powerful reasoning engines.

Is It Always Clear What, 
Precisely, a Referring  
Expression Refers to?
The precise referent for a referring 
expression is not always clear, as 

there are many 

kinds of reference 

relations beyond the 

commonly pursued 

“noun phrase to noun 

phrase coreference.” 
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shown by Example 5. Given that the 
whole speech is about smoking, when 
the speaker gets to “that’s why…,” 
which parts of what he said is he ac-
tually referring to? Clearly he’s in-
cluding whatever reasons he gave not 
to smoke, and clearly he isn’t includ-
ing sidebars about his family or the 
temperature of the room. But if he 
presented vignettes about particular 
smokers’ experiences, are those part 
of the reasons not to smoke? Could a 
typical listener even remember all of 
the reasons, or defi nitively tease apart 
the reasons from other speech con-
tent? Most likely not. This shows that 
benign ambiguity is perfectly accept-
able in language and must be allowed 
for in all theories and implementa-
tions of reference resolution (for dis-
cussion of multiple possible analyses 
of referring expressions, see the work 
of Massimo Poesio and Ron Art-
stein14). The possibility of more than 
one “correct” answer requires a fun-
damental redefi ning of what we con-
sider suffi cient reference resolution 
and how we evaluate the capabilities 
of reference resolvers.

How Can One Determine 
Whether an Encountered 
Referring Expression is a  
New Anchor in Memory  
or Whether It should Be  
linked to an Anchor  
Already Present in Memory?
Knowing when to link new infor-
mation to existing memories can be 
diffi cult. Say an intelligent agent en-
counters the sentence, “Tom Jones 
came over for dinner”—is this the 
Tom Jones who is the hero of a Henry 
Fielding novel, or one of the 10 real 
people currently listed under Tom 
Jones in Wikipedia, or someone com-
pletely different? Is the listener ex-
pected to know who this Tom Jones 
is, or is the speaker acquainting him 
with someone new? The movie and 

the play called Tom Jones can imme-
diately be excluded as coreferential 
anchors in memory since such entities 
can’t come over for dinner, but what 
to do next? As always, the trivial an-
swer is, use the context—who uttered 
the sentence, when, to whom, what 
knowledge those interlocutors share, 
and so on. For example, if the speaker 
lives in the 21st century, the baseball 
player who died in 1923 is out; and 
if the speaker is your friend, the fi c-

tional Tom Jones is out. In short, the 
more the property values an agent 
knows about each entity, the better its 
chances of fi nding evidence to rule in 
or rule out candidate reference links 
in memory. But leveraging that evi-
dence—that is, knowing which prop-
erty values to compare and when—
is the real challenge, especially since 
an instance of Tom Jones that should 
create a new anchor in memory might 
show no confl icting property values 
with one or more instances of Tom 
Jones already stored there.

This overview of reference resolu-
tion has attempted to sketch rel-

evant phenomena with broad strokes, 
focusing on what might be interesting 
not only to practitioners of NLP but 

to anyone who is working toward, or 
even just hoping for, a really smart, 
language-enabled intelligent agent.

The overview hasn’t been a compre-
hensive representation of the problem 
space in that it didn’t devote much at-
tention to phenomena at the simpler 
end of the spectrum. By “simpler” I 
mean cases like the pronoun he core-
ferring with the only masculine noun 
phrase in the recent preceding con-
text; the pronoun I coreferring with 
the author of an article; or the noun 
phrase the house coreferring with the 
only mention of a house in the pre-
ceding context. 

It is on examples at approximately 
this level of complexity that current, 
prevalently empirical, knowledge-
lean methods achieve the relatively 
high evaluation results reported in 
the literature. Moreover, these re-
sults assume perfect preprocessing of 
the corpus, which is currently beyond 
the state of the art. However, the ef-
fectiveness of such systems drops sig-
nifi cantly for inputs in which he is 
used in a context that contains many 
males; or I is used in a quote within a 
quote; or the house is used in a con-
text comparing six different houses. 
(In this second set of scenarios, we 
assume that the surrounding context 
contains plenty of clues to permit dis-
ambiguation by the human reader, 
otherwise the reference resolution 
task would be moot.) The moral is 
this: don’t use evaluation numbers as 
a yardstick for the state of the art un-
less you have read the details of what 
is being evaluated, and don’t assume 
that continued work in the same par-
adigms is necessarily the best way to 
attack the notoriously diffi cult prob-
lem of reference resolution. This is a 
fi eld in which revolution rather than 
evolution might well be needed, and 
in which a radically different con-
ceptualization of the practical con-
straints—and ways to circumvent 

the possibility of more 

than one “correct” answer 

requires a fundamental 

redefi ning of what 

we consider suffi cient 

reference resolution. 
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them—might be the key. 
As mentioned earlier, attempts 

are being made to incorporate more 
knowledge (from WordNet, Wikipe-
dia, hand-created resources, the out-
put of parsers, and so on) into refer-
ence resolution systems. Due to the 
expense of creating knowledge by 
hand, directions of work that attempt 
to automatically create knowledge 
from text—with “knowledge” be-
ing understood as information that’s 
more amenable to machine reasoning 
than raw text—should contribute to 
the automation of reference resolu-
tion. Such directions of work include 
learning by reading, automatic fact 
extraction, and automatic lexicon 
and ontology creation, among oth-
ers. All of these have been pursued 
using various methodologies, and 
their outputs differ widely with re-
spect to the type, scope and quality 
of knowledge learned. Of course, in 
linking reference resolution to learn-
ing and acquiring knowledge we’re 
simultaneously linking it to the en-
tire field of language understanding 
and language-oriented machine rea-
soning. As frustrating as this can be 
for practitioners of reference resolu-
tion—it would be so much nicer if the 
task were more constrained!—this 
expansion of the problem space is in-
evitable. Difficult cases of reference 
resolution require all the ammunition 
available to a thinking, reasoning in-
telligent agent.

Natural questions would be, how 
often do the difficult reference phe-
nomena described here occur in texts, 
and do they even deserve our atten-
tion? Certainly, one doesn’t come 
across referentially meaty examples 
like Example 2 every day. On the 
other hand, Example 2 is a naturally 
occurring text, not a monstrosity of 
the type theoretical linguists often use 
to test the limits of human parsing. In 
fact, none of the types of phenomena 

presented here are fringe phenomena. 
We can’t provide actual occurrence 
statistics because these phenomena 
haven’t been studied widely enough 
in computational linguistics for such 
counts to exist. What we would sug-
gest, however, is that if we’re looking 
toward creating intelligent agents ca-
pable of human-level performance, 
they will require the capacity to pro-
cess all of these phenomena.

So, how should we approach im-
proving the quality of automatic ref-
erence resolution engines without 
having to wait until we’ve developed a 
brilliant intelligent agent that embod-
ies the original vision of strong AI?

First, we should continue the work 
of incorporating into primarily sta-
tistical systems semantic features 
that are automatically extracted 
from available structured (for exam-
ple, WordNet, FrameNet) and semi-
structured (for example, Wikipedia) 
sources. Since many such sources 
weren’t created to support NLP 
(WordNet, for example, was created 
as a model of a person’s psychological 
organization of the lexicon and only 
later was leveraged for NLP—with 
mixed results), they aren’t ideal in-
put to machine reasoning. However, 
they are large and available; and, es-
pecially for the near term, learning to 
better exploit them should lead to im-
provement in the resolution of some 
reference phenomena.

Second, we should continue to 
study difficult phenomena from a lin-
guistic perspective, attempting to de-
velop machine-tractable algorithms 
that will not only lead to correct ref-
erence resolution but will also suggest 
what kinds of knowledge need to be 

compiled to support such resolution.
Third, we should continue to man-

ually develop high-quality knowledge 
resources aimed precisely at support-
ing machine reasoning, and use boot-
strapping techniques to (semi-)auto-
matically expand them over time.  

Fourth, we should implement al-
gorithms for resolving difficult refer-
ence issues within small domains, for 
which sufficient knowledge resources 
can be compiled. Systems that can 
resolve references over a narrow (I 
didn’t say toy!) domain will not only 
serve as proof of concept, they can 
also be expanded over time as more 
knowledge—generated manually, 
semi-automatically or fully automat-
ically—becomes available.
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