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ABSTRACT
Named entity tagging comprises the sub-tasks of identifying
a text span and classifying it, but this view ignores the re-
lationship between the entities and the world. Spatial and
temporal entities ground events in space-time, and this rela-
tionship is vital for applications such as question answering
and event tracking. There is much recent work regarding
the temporal dimension [13, 10], but no extensive study of
the spatial dimension.
I propose to investigate how spatial named entities (which
are often referentially ambiguous) can be automatically re-
solved with respect to an extensional coordinate model (to-
ponym resolution), using hybrid heuristic/statistical meth-
ods. The major contributions of this research project are a
corpus of text manually annotated for spatial named entities
with their model correlates as a training/evaluation resource
[4] and a novel method to spatially ground toponyms in text.

Categories and Subject Descriptors
H.3.1 [Content Analysis and Indexing]: Linguistic pro-
cessing; H.2.8 [Database Applications]: Spatial databases
and GIS

General Terms
Spatial indexing and retrieval; toponym resolution; disam-
biguation of place-names

Keywords
Geocoding; geoparsing; georeferencing; place-name disam-
biguation; spatial retrieval; geographic IR

1. INTRODUCTION
The task of annotating any text with flat (unstructured)
named entity annotation of unseen text has recently been
successfully automated, achieving near-human performance
using machine learning [19]. But for many applications, such
as automatic question answering, geographic information re-
trieval or map generation, the connection between the clas-
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Figure 1: Potential referents for a mention of
“Sheffield”: but which Sheffield is intended?

sified named entity and a world model is important. A text
string, say “Sheffield” can be distinguished from different
text strings (say “London”), but no spatial reasoning can
be performed on the basis of strings only. If we want to
retrieve a list of events that happened in Britain, or know
what the distance is between Sheffield and London, we need
to extend NERC (Named Entity Recognition and Classifi-
cation) to NERC+R (NERC with Resolution) i.e., we must
additionally relate the named entities to a correlate in a
model of the world:

Sheffield 7→ 〈53.36;−1.50〉.1

This project proposes to develop novel methods to carry
out this mapping automatically. Once the mapping is per-
formed, some limited reasoning is possible (such as utiliz-
ing entailment relationships: everything that happens in
Sheffield also happens in Britain). But attempting to resolve
names of places, we are confronted us with the problem of
referential ambiguity : the mapping is not trivial, as there
exist more than one referent with the name “Sheffield” in
the world (Figure 1 contains 28 geographic features named
“Sheffield” from Canada to New Zealand; most are located
in the USA). Humans are very good at determining from
context which is the intended referent.2 But for machines,
a mechanical procedure needs to be devised to compute the

1We use latitudes/longitudes in decimals rather than de-
grees here.
2Except for the occasional disaster: the author has been
confided to various stories of flights taken to the “wrong



referent for each toponym. We call this processing step to-
ponym resolution.

2. PREVIOUS WORK
In the context of a digital video library project, Haupt-
mann and Olligschlaeger describe a location analysis system
[11] used to plot locations mentioned in automatically tran-
scribed news broadcasts on a map. They use a NE tagger
on the speech data. Each entity is matched against a global
gazetteer, and spatial resolution is attempted using a cas-
cade of decisions. The cues mentioned contribute points to
a score for every candidate, and candidates with the high-
est scores are selected. Their method exploits the fact that
repeated mentions of the same place-name, with and with-
out explicit disambiguating cues (“Cambridge” and “Cam-
bridge, MA” in the same text) are likely to refer to the same
candidate, so the resolved reading can be propagated to the
unresolved one. The partial algorithm does not attempt to
resolve all toponyms in a text. In a small evaluation, 269 out
of 357 (or 75%) were resolved correctly. Unfortunately, the
results reported are of limited value for comparisons since
the NE tagger was trained and run on all-uppercase data,
and speech recognition errors additionally influence the res-
olution performance.
Also in a digital library project Smith and Crane proposed
the following a toponym resolution method based on storing
an explicit map representation [14]: For all possible refer-
ents and toponyms, add their coordinates on a map array
with one degree resolution with weights given by the num-
ber of mentions of each toponym. Compute centroid of the
weighted map, and calculate the standard deviation of it
from the centroid. Discard all points that are more than two
times the standard deviation away from the centroid. They
report F -measures between 0.81 and 0.96 in some cases, but
found the centroid-based approach to lack robustness.
Smith and Mann use a Näıve Bayes classifier to classify men-
tions of locations with respect to the underlying U.S. state
or (non-U.S.) country [15]. Their definition of the task is
a simplified version of the general toponym resolution task,
as they do not provide coordinates as output. Consider-
ing the toponym types in a gazetteer (rather than tokens
in a corpus), they report that 57.1% of US place-names are
referentially ambiguous, compared to only 16.6% in Europe
[15]. They report 87.38% accuracy in recovering deleted dis-
ambiguation cues such as “Portland, Maine” in news text.
Against a hand-labeled corpus of American biographies and
Civil War texts, the same classifier performs at 77.19% and
21.82% accuracy, respectively.
The Sequoia 2000 project [3] provides storage, indexing, re-
trieval and browsing of geographic documents based on in-
tegrating the POSTGRES relational database management
system with a full-text IR engine. In this context, Woodruff
and Plaunt describe the GIPSY subsystem for automatic
geo-referencing of text [17]. They incrementally construct
a polytope via merging initially flat polygons of the places
mentioned in such a way that a third dimension (z-axis incre-
ment) is introduced for the intersecting area (polygon stack-
ing). They report runtime problems due to the cost of the
polygon manipulations, and issues with noise which might
be remedied using a NE tagger before gazetteer lookup,

referent” or hotels book in the “‘right’ place in the wrong
country”.

which they do not consider.
The InfoXtract IE system [16] has been extended by a com-
ponent to normalize spatial expressions [7, 8]. Toponym
resolution is based on local pattern matching, discourse co-
occurrence analysis and default senses. All location names
are looked up, then patterns are applied. After applying a
“One referent per discourse” heuristic, selected referents are
propagated to all other mentions. Then a Minimum Span-
ning Tree (nodes are toponyms, arcs are relationships) is
computed using Kruskal’s Algorithm to resolve remaining
referential ambiguities; it finds a subgraph that (a) contains
every vertex of the original graph; (b) has a tree shape and
(c) simultaneously maximizes the total weight of the nodes.
Senses are acquired from the Web by imposing the Yahoo!
directory’s geographical ontology, thus biasing the system
toward a U.S.-American view, which is helpful for the pro-
cessing of the CNN news stories they evaluate on.
Rauch et al. describe the Metacarta Text Search (MTS) sys-
tem, which is based on confidence. Toponyms are resolved
using both supportive and negative contexts [12]. For every
candidate referent to a toponym n to a location p, the con-
fidence that n “really” belongs to p is estimated. Features
used as evidence or counter-evidence include presence in a
location gazetteer, presence of U.S. postal addresses, explicit
coordinates local linguistic context, matching of spatial pat-
terns, population heuristics associated with potential refer-
ents, and and relative reference cues.
Despite these atttempts and the usefulness of the toponym
resolution task, no general, scalable solution has been pub-
lished so far, and no gold standard for evaluation is available.

3. PROPOSED RESEARCH
Starting from existing proposals of algorithms from the lit-
erature, it will be investigated how referentially ambiguous
toponyms can be resolved reliably. First a gold standard
needs to be devised, as the task in the general form defined
here has not been addressed before with respect to system-
atic large-scale evaluation. Subsequently, several heuristic
and supervised machine learning based methods can be im-
plemented and assessed.
Then the referential ambiguity can be measured (to get an
idea of the task difficulty). A simple baseline can be defined
by always assigning the globally most common referent, ig-
noring any contextual cues.
A set of new techniques will be devised and evaluated on
the gold standard. In [6], I have proposed a new method
based on two minimality heuristics: “one referent per dis-
course” [2] and “minimal bounding box”; their evaluation is
postponed until the construction of the evaluation corpus.

3.1 Methodology
A component evaluation of the new resolution methods re-
quires
(a) an evaluation metric: a slight modification of the tra-
ditional F-measure (as well as precision and recall) will be
necessary, since Mercator coordinates in various gazetteers
used can differ due to imprecision, which could be coun-
tered by replacing equality check by a proximity threshold
test; and
(b) a gold-standard, which is currently being designed [4]
using texts from the Reuters RCV1 news corpus , WWW
sources and texts from the historic Statistial Accounts of
Scotland. This resource needs to be annotated with coordi-



nates (in addition to adding partially already existing named
entity information). The first dataset is to be contructed by
the author with the criterion of being sharable across re-
searchers in mind, the second dataset is available inhouse.
For the place-name recognition step, I propose to use off-
the-shelf classifiers trained for the NERC task. An impor-
tant part is the use of corpus data already marked up with
gold-standard named entities for the component evaluation
of the resolution step, without potential noise introduced by
NERC.

3.2 Proposed Experiments
What kind of information could be used to resolve place-
names beyond the simple heuristics suggested, and how can
it be used?
Heuristics. Beyond systematic replication of heuristics
used in the aforementioned literature, we have proposed two
minimality heuristics for toponym resolution [6], but they
will likely need to be supplemented by other sources of evi-
dence, if robust resolution across genres is sought.
Linguistic cues. Although linguistic cues create a cross-
language portability barrier if utilized, they are too impor-
tant to neglected. Thus, they should ideally be incorporated
as modular features in a supervised machine learning regime
wherever available. I’m planning to use shallow finite-state
patterns over surface strings, POS and chunk tags as binary
features (match/non-match). For example, metaphoric use
as in “Washington said...” suggests that a match of the pat-
tern feature “〈toponym〉 + said” might be is a strong pre-
dictor for the reading Washington, DC, USA rather than
for any other Washington.3 Furthermore, exploiting recent
successes in the robust extraction of deep semantic relation-
ships [1], a finer-grained model could take into account the
logical structure of the sentence in which a toponym occurs.
Defining a good set of features based on linguistic intuition,
and informed by empirical analysis of a training portion of
the corpus, is one of the main challenges of this project.
Co-occurrence statistics. Statistical association mea-
sures from collocation extraction can also be used to com-
pute ties between toponym-toponym pairs (co-locations quite
in the literal, but discontinuous, sense) as well as toponym-
term pairs which are good predictors for sought toponym
referents. For example, calculating Pointwise Mutual Infor-
mation (PMI) or Log-Likelihood Ratio (LLR), we can de-
termine that the tie between 〈Pennsylvania;USA〉 is closer
than between 〈Pennsylvania;Australia〉, and use this knowl-
edge as soft evidence supporting a decision.
Discourse and position information. Published text
is usually written by professionals who follow genre-specific
structural conventions. News items, for example, start with
a grounding indicators (“New York (CNN).”) and have an
underlying “Christmas tree” structure, where the first para-
graph sums up the news. Then details are laid out in more
detail, and a final paragraph often places the event de-
scribed into a wider context and relates it to similar events
in the past. Biographies often have a single location re-
mains prominently associated with a longer text fragment,
e.g. a whole chapter (“my childhood years in North York-

3One might argue that Washington is here used as an OR-
GANIZATION rather than LOCATION according to some
NERC guidelines and should thus be ignored altogether, but
the spatial resolution of it might still contribute to the res-
olution of other toponyms found in the same text.

shire”), with occasional statements referring forwards (“I
would never feel so happy again after moving to the City
to pursue my career”) or backwards (“This reminded me
of my wonderful Edinburgh years.”). Geographic descrip-
tions (surveys such as the Statistical Accounts of Scotland
or travel guides), on the other hand, tend to iterate over all
regions and focus in on supposedly interesting spots (“To
the South of it, the pretty peninsula of Dingle offers a typi-
cal impression of Irish rural life.”).
The utilization of these heterogeneous information sources
presents us with an evidence integration problem, which can
be solved by inducing a data-driven decision procedure in a
supervised regime that learns how evidence from heuristics
and the other features mentioned here have to be weighted
to select intended referents.

3.3 Main Research Questions
How can we resolve toponyms to coordinates reliably and
robustly in open-domain text such as news? Which method
works best for historic text like the RCHAMS data? Which
features and what supervised machine learning setting are
useful to induce a component that can perform the task?

3.4 Issues for Discussion
One problem for the curation of a gold standard is the de-
pendence of gazetteers to look up the coordinates of candi-
date referents: different gazetteers have different densities,
and there is a certain imprecision in the coordiates due to
measurement, data conversion/representation and different
definitions of “centroid of a geographic feature” (such as
a city). Imprecision also impacts the evaluation metric; a
more lenient version of Precision/Recall is required.

4. CONCLUSIONS
Successful toponym resolution is expected to help increase
precision in applications such as geographic information re-
trieval, topic detection and tracking [9] and question answer-
ing [18, 5]. Geographic information retrieval is especially
interesting as current Web search engines do not to date
support a notion of space, and keyword-based attempts to
constrain a seach spatially cannot discriminate between the
various toponym referents. Toponym resolution will finally
provide us with the right Sheffield.
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