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ABSTRACT ARTICLE HISTORY
Toponym resolution is essential for extracting geographic informa- Received 8 November 2025
tion from unstructured texts. Although recent deep learning and Accepted 11 March 2026
large language model (LLM)-based methods achieve strong per-

formance, they typically require substantial computational resour- ~ KEYWORDS )

ces and have slow inference speeds, limiting their practicality for foeoop:rxn?;ni?:cf)i"n%n o
resource-constrained, large-scale or time-sensitive applications. refolui/ion' Ianlgt?;;ge-p Y
Moreover, most existing approaches are developed for English or a independelnt

limited set of languages, restricting their cross-lingual applicability.

To fill the gaps, we propose UniTopRank, a universal, scalable, and

language-independent method based on rule-driven ranking. It

operates in two steps: first, candidate locations for all toponyms in

a text are retrieved from gazetteers; second, the candidates are

ranked using name similarity, population, administrative level, and

spatial relationships among toponyms through beam search. We

evaluate UniTopRank on 25 datasets in 14 languages and 7 text

types, covering 186,100 toponyms worldwide. For 11 English data-

sets, we compare it with 21 existing methods, including deep learn-

ing— and LLM-based models, and for non-English datasets, with 12

representative approaches. Results show that UniTopRank attains

accuracy comparable to state-of-the-art methods—though not the

best—and generalizes well across different languages, while being

significantly faster and much more resource-efficient. Running

entirely on standard CPUs, it is well-suited for large-scale, multilin-

gual, or resource-constrained applications.

1. Introduction

Geospatial information describes entities in relation to geographic space and is typic-
ally collected through ground surveying, mobile mapping, laser scanning, remote sens-
ing, GNSS, and Volunteered Geographic Information (Li et al. 2016). Yet a huge
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amount of geospatial information is still buried in vast and unstructured natural lan-
guage text. Each day, 500 million Twitter/X posts,’ 100 million Weibo posts,> and 2 mil-
lion news articles® are generated, while about 252,000 new websites* are created,
supplemented by a continual stream of scientific papers, organizational reports, and
newly digitized historical documents. Buried within these materials are countless topo-
nyms, location expressions, and spatial details about people, events, environments,
and societies—information that existing physical sensors or cartographic data often
miss. These range from real-time resource and rescue requests during disasters (Zou
et al. 2023) to landscape descriptions written centuries before the first aerial photo-
graph (Gregory and Ell 2007). This information provides a new spatiotemporal view of
our world (Hu and Adams 2021) and supports various applications, such as geographic
search (Hendriksen et al. 2024), emergency response (Zheng, Juanle, and lJie 2025),
spatial humanities (McDonough, Moncla, and Van de Camp 2019), hydrology analysis
(Stein et al. 2024), urban analytics (Reades et al. 2025), biodiversity informatics (Nowak,
Stupecka, and Jackowiak 2021), and disease surveillance (Allen et al. 2017).

However, unlike other data sources, geospatial information in free text is implicit.
Extracting it requires advanced NLP methods, often named geoparsing. Geoparsing
has two main steps: toponym recognition, which recognizes toponym mentions from
free text, and toponym resolution, which links each mention to a real place or a gazet-
teer entry. While toponym recognition has advanced considerably (Akbik et al. 2019;
Hu et al. 2022a, 2022b, 2023b), toponym resolution remains challenging due to (1)
diverse toponym variants—ranging from misspellings, alternative or colloquial names,
abbreviations, and word omissions to historical or temporally shifted variants and
multilingual or cross-linguistic variants, and (2) severe geo/geo-ambiguity. For
example, querying “Heidelberg” in Nominatim returns more than 300 distinct results,
such as Heidelberg, Baden-Wurttemberg, Germany; Heidelberg, Wellesley, Ontario,
Canada; and Heidelberg Drive, Baldwin County, Alabama, United States. These chal-
lenges are further magnified in under-represented languages and regions where geo-
graphic data is sparse.

Past research has explored rule-based and machine learning-based approaches for
toponym resolution (Leidner and Lieberman 2011; De Bruijn et al. 2018; Kamalloo and
Rafiei 2018; Karimzadeh et al. 2019). In recent years, deep neural models and large lan-
guage models (LLMs) have achieved remarkable accuracy (Gomes, Purves, and Volpi
2024; Hu et al. 2026). However, these models typically require GPUs, large memory
resources, or exhibit high latency, which limits their practicality as lightweight compo-
nents within larger processing pipelines. In many real-world scenarios, efficiency, ease
of integration, and high throughput are often more critical than achieving peak accur-
acy (Belliardo, Kalimeri, and Mejova 2023; Stein et al. 2024; Syed et al. 2025). For
instance, in the EU Horizon project OpenWebSearch.eu,® around 2 TB of web data are
collected daily, which must be geolocated to support location-based web search, while
only CPU resources are available (Farzana and Hecking 2024). Consequently, heuristic
and rule-based resolution methods remain valuable, as they are much faster, more
affordable, and easier to integrate for large-scale deployment, despite the existence of
more accurate deep learning alternatives.
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Geoparsing is often applied in large-scale multilingual environments, such as the
European Commission’s Europe Media Monitor (EMM),® which continuously analyses
over 220,000 news articles daily across more than 20 languages. Nevertheless, most
existing toponym resolution methods have been developed for a single language, pre-
dominantly English. Although several studies have extended their approaches to other
languages, such as German (Ardanuy and Sporleder 2017), Italian (Avvenuti et al. 2018),
Finnish (Leppamaki, Toivonen, and Hiippala 2024), Chinese (Chen et al. 2026), and
Spanish (Aldana-Bobadilla et al. 2020), these efforts remain largely language-specific or
have been evaluated in limited linguistic settings. Moncla et al. (2014) showed that the
geocoding step can, in principle, operate in a language-independent manner through
spatial reasoning and gazetteer-based inference, and evaluated this approach on three
Romance languages: French, Spanish, and Italian. To date, no approach has been system-
atically validated or proven effective across a truly diverse set of languages.

These challenges motivate the following key question of this study:

RQ: How can we design a toponym resolution method that attains multilingual accuracy
comparable to state-of-the-art methods, while remaining computationally efficient on
standard CPUs?

To address this research question, we propose a rule-based toponym ranking strat-
egy designed for scalability and efficiency. Although rule-based approaches may seem
less attractive in the current Al-dominated era, they remain useful when transparency,
high speed, and low computational cost are essential. Given all detected toponyms in
a text, our method first queries gazetteers such as GeoNames to retrieve candidate
locations for each toponym. The candidates are then ranked based on their intrinsic
attributes and spatial relationships. Specifically, the ranking integrates four comple-
mentary factors: (i) name similarity, (ii) population, (iii) administrative level, and (iv)
spatial coherence across toponyms within the text. Because all features are derived
from gazetteer metadata rather than language-specific textual context, the method is
inherently language-independent. Like many previous studies, we also questioned the
generalizability of rule-based methods—a well-known limitation of such methods.
However, our experiments indicate that the proposed method generalizes well in prac-
tice. Specifically, we evaluated our approach against numerous existing methods using
25 datasets in 14 languages—covering English, German, ltalian, Finnish, Japanese,
Spanish, Romanian, Ukrainian, Turkish, Portuguese, Farsi, Serbian, Polish, Tamil, and
Arabic—comprising a total of 186,100 toponyms in 7 text types.

Our main contributions are:

e We propose a scalable and language-independent toponym resolution method
that attains accuracy comparable to state-of-the-art methods while operating effi-
ciently on standard CPU hardware.

e We conduct the most comprehensive multilingual evaluation of toponym reso-
lution to date, comparing 21 methods on 25 datasets across 14 languages.

The remainder of the paper is divided into several parts. Section 2 reviews prior
studies relevant to our work. Section 3 outlines the proposed approach, while Section
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4 explains the experimental setup and obtained results. Section 5 discusses key obser-
vations, and Section 6 closes with conclusions and potential future directions.

2. Related works

In this section, we first examine projects and applications that employ rule-based
toponym resolution methods. We then review existing resolution approaches, from
early rule-based to the latest LLM-based. Since Hu et al. (2023a, 2026); Zhang and
Bethard (2025) have already provided comprehensive overviews of toponym resolution
techniques, including entity linking methods, our focus here is primarily on earlier
approaches not covered in their surveys and more recent developments.

2.1. Practice in real systems: why simple methods persist

Despite the availability of advanced resolution approaches, especially those based on
deep learning and LLMs, many real applications continue to use simple rule or heuristic-
based methods because they are computationally efficient, fast, and easy to integrate into
existing systems. The first example is the aforementioned EU OpenWebSearch project,
which requires daily geoparsing of large-scale web data across 185 languages (Farzana
and Hecking 2024). Another example is PADI-web,” an epidemiological surveillance plat-
form that automatically collects and processes news to extract diseases, locations, and
dates. It resolves each detected toponym by querying a gazetteer and selecting the first
returned entry (Arsevska et al. 2018; Syed et al. 2025). A further example is AMUNATCOLL®
(Access and Use of Natural History Collections Data), which digitizes natural history collec-
tions from Polish museums and institutions; Nowak, Stupecka, and Jackowiak (2021) geo-
tag specimen-label locality descriptions using simple heuristic disambiguation.

Beyond real-world applications and projects, many studies also adopt simple rule-
based resolution. For example, Stein et al. (2024) examine global biases in hydro-haz-
ard research by analyzing where studies are conducted and which regions are over- or
underrepresented. They geolocated nearly 300,000 abstracts using a hybrid rule- and
gazetteer-based workflow; when ambiguous, they retrieved the top five candidates
from Nominatim and ranked them by the OSM importance score. Similarly, Acheson
and Purves (2021) built an automated system to map the geographic focus of scien-
tific articles in ecology and cancer genetics. Their pipeline extracts location mentions
using an off-the-shelf NER with simple rule-based filtering, then resolves each mention
via the Google Geocoding API, retaining the top-ranked result. Many other works like-
wise rely on lightweight resolution to address domain-specific needs in disaster man-
agement, humanitarian reporting, and public health (Belliardo, Kalimeri, and Mejova
2023; Curtis et al. 2025; Vracevic et al. 2025).

2.2. Classification of toponym resolution

Hu et al. (2023a); Zhang and Bethard (2025) broadly categorize toponym resolution
methods into three groups: rule-based, learning-and-ranking, and learning-and-classifi-
cation approaches.
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Rule-based methods score gazetteer candidates using predefined features.
Ardanuy and Sporleder (2017) proposed a weighted model over contextual similarity,
geographic context, and inter-toponym spatial proximity, with weights tuned on a
small training set. TAGGS (De Bruijn et al. 2018) ranks tweet toponyms using heuristics
(UTC offset, home location, geotags, co-occurring place names); scores are averaged
across tweets sharing the toponym, and ties go to the largest-population candidate.
CIME (Scalia, Francalanci, and Pernici 2022) first ranks by single cues (e.g., other men-
tioned toponyms, profile location); if unresolved, it adds context from related tweets
(same event/period/conversation) to rescore candidates and improve accuracy.

Learning-and-ranking methods learn ranking rules from annotated data. Mordecai
3 (Halterman 2023) uses transformer NER, retrieves GeoNames candidates, and ranks
them with a neural model combining string similarity, contextual embeddings, and
hierarchical cues. SemTopRes (Gomes, Purves, and Volpi 2024) generates GeoNames
candidates and ranks them with a fine-tuned Siamese transformer via cosine similarity
between the toponym context embedding and the candidate text embedding.
GeoPLACE (Zhang, Laparra, and Bethard 2024) predicts toponym properties (e.g., coun-
try, state, feature type) with a transformer, then uses them as constraints to filter and
rank candidates.

Learning-and-classification frames resolution as supervised classification over a
global grid (Gritta, Pilehvar, and Collier 2018), using features from the target toponym,
co-occurring toponyms, and surrounding context. Kulkarni et al. (2020) discretized
Earth with multi-level S2 cells (level 4, ~300km, to level 8, ~1km) and trained a CNN
on 1.76 million Wikipedia entries to predict likely cells. Yan et al. (2021) proposed
LGGeoCoder, fusing local (textual/toponymic) and global (topic/spatial embedding) sig-
nals to improve classification.

With rapid LLM progress, a new paradigm has emerged. Hu et al. (2026) fine-tuned
open-source 7B/13B models (e.g., Mistral, LLaMA2, Falcon, Baichuan2) to generate
unambiguous references (formal name + higher-level units; e.g., “Paris, Lamar County,
TX, US"), then geocoded them. Chen et al. (2026) used GPT-4 prompting to identify
ancient Chinese toponyms and normalize them into unambiguous references before
geocoding. RACCOON (Lin et al. 2025) instead prompts an LLM (GPT or Gemini) with
gazetteer candidates, which selects the most likely candidate and outputs its
coordinates.

This paper introduces a rule-based toponym resolution method that emphasizes
cost-efficiency, computational speed, and language independence, inspired by prior
rule-based methods (Ardanuy and Sporleder 2017; Kamalloo and Rafiei 2018;
Karimzadeh et al. 2019).

3. Proposed approach

Our approach, illustrated in Figure 1, consists of two stages. First, we query gazetteers
to retrieve candidate locations for all toponyms in the text. Second, we compute an
overall weighted score for each candidate based on four factors and perform beam
search to infer the best candidate location.
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Beam search-based scoring
- Lexical similarit
Toponyms in Query gazetteers for RamnIEvel
candidates of all toponyms IINTeve
Spatial coherence

Select top-1
candidate

text

-("canada, NA", "PCLI", 37058856, 60.10867,
-113.64258, "CA...") :

, -('california, US, NA", "AOMI", 30512223, | SC0®:089
37.25022, -119.75126, "CA,...") e :

CA measles cases; -("cagliari, Sardinia, IT, EU", "ADM2", Sooeon)
#HuntingtonBeach___ : 431038, 39.24502, 9.09119, "CA...") T cafonae
bars unvaccinated = ! >

students. | : dngto

-("Huntington Beach, Orange CO, CA, NA",

"PPL", 201899, 33.6603, -117.9992, ...) Score: 0,62
., -("Huntington Beach, Suffolk CO, NY, US, | (i o8
NA", "PPL", 204127, 40.8979, -73.3834, ...) o

-("Huntington Lake, Nova Scotia, CA, NA", Score: 0.35

"LK", 0, 45.94704, -60.31464, ...)

Figure 1. Workflow of the proposed method.

3.1. Stage I: candidate retrieval

Given a document, we assume all toponyms have already been detected. For each
toponym, we query one or more gazetteers to obtain a candidate set. For a toponym
t, the candidate set C(t) contains entries with canonical names, alternative and multi-
lingual variants, administrative attributes (including higher-level units), population sta-
tistics, and coordinates.

We run local instances of a GeoNames server’ and Photon (an OSM-based geo-
coder).'® We choose Photon over Nominatim for two reasons: (i) the public Nominatim
service is rate-limited, and a local planet-scale instance requires >1 TB storage; (ii) the
online Nominatim API returns at most 50 candidates and often only a few for common
queries (e.g., “London”'"), omitting valid alternatives such as London, Kentucky, US.
Photon has a much smaller footprint (about 100 GB globally) by simplifying feature
representations (e.g.,, geometry as a single point) and can be configured to return all
candidates, which better fits our method.

We enable fuzzy search in GeoNames to improve recall, but it can return hundreds
of noisy candidates. To control this, we first collect candidates whose canonical or
alternative names (including language variants) exactly match the query. If the number
of exact matches is below a threshold P (e.g., P = 40), we add non-exact matches
ranked by population until P is reached. Since GeoNames has limited coverage of fine-
grained locations (e.g., streets, POIs), we additionally query Photon when GeoNames
returns insufficient results. However, Photon lacks key metadata (e.g., population and
alternative/multilingual names) used in our ranking, so GeoNames remains the primary
gazetteer and Photon is only complementary. We refer to the GeoNames-only variant
as UniTopRank-GN, and the variant that falls back to Photon when GeoNames yields
no candidates as UniTopRank-GN-+Photon.

3.2, Stage lI: candidate ranking

Let T = {t,t, ..., tjr} denote the set of toponyms extracted from a text. For each
toponym t € T, we denote its candidate set obtained in Stage | as C(t).
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As an initial step, we check whether the text contains adjacent toponyms separated
by a comma (e.g., “Paris, TX"). If such a pair is detected, we query GeoNames to verify
whether a corresponding combined entry exists. Whenever a valid match is found, the
candidates for both toponyms are fixed immediately, and the resolved pairs serve as
anchors for the subsequent ranking steps.

For all remaining toponyms t € T, each candidate ¢ € C(t) is assigned a weighted
score that integrates four complementary signals: lexical similarity, population, admin-
istrative level, and spatial coherence. We assume that ambiguous place mentions can
be resolved by combining four complementary gazetteer cues. (i) Lexical similarity pri-
oritizes candidates whose names or aliases closely match the mention, favoring exact
or near-exact matches over loose ones. (ii) Population serves as a prominence prior
when contextual evidence is limited (e.g., “Paris” is biased toward Paris, France over
Paris, Texas, US). (iii) Administrative level captures the tendency for higher-level units to
be mentioned more frequently (e.g., “Ontario” in news is more often used to refer to
the Canadian province than to the city in California, US). (iv) Spatial coherence lever-
ages that co-mentioned toponyms are often geographically consistent; for instance,
“Portland” (Oregon/Maine) and “Salem” (Oregon/Massachusetts) jointly favor the
coherent pair (Portland, Oregon + Salem, Oregon) over distant mixed pairs. We com-
pute coherence using both distance-based and hierarchy-based scores and take the
larger, since distance can be large even within a shared administrative context (e.g.,
two US states), while hierarchy can be low for geographically close cross-border cities.
Formal definitions follow.

i. Lexical similarity sn.me(t,c) quantifies the resemblance between the toponym
mention t and the candidate ¢, considering both its canonical and alternative
names (including multilingual variants):

)

diev(t,
Sname(t,C) = maX<O, 1— Lev( n) ),

neNames(c) max( | l‘|, |n D

where diey(t,n) denotes the Levenshtein distance (Recchia and Louwerse 2013)
between strings t and n, and |t| and |n| are their respective lengths.

ii. Population sy,,(c) favors more populous settlements while still assigning non-
zero scores to smaller ones:

Spop(€) = (

where Pop(c) is the population of candidate ¢, Pmax is a reference maximum popula-
tion (e.g., a megacity), and « controls the curvature of the function.

iii. Administrative level s,4min(c) rewards candidates at the appropriate adminis-
trative level (e.g., state over city). Each candidate is mapped to a predefined
weight based on its feature code (see Table 1). If a candidate’s code is missing
or not listed, the weight is set to 0.

log (1 + Pop(c)))‘(, @

log (1 + Prmax)
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Table 1. Administrative-level prior weights associated with GeoNames feature codes.

Weight Code Description
1.0 CONT Continent-level unit (e.g., Europe, Asia, Africa).
1.0 PCL Generic country-level political unit.
1.0 PCLI Fully independent sovereign entity.
0.9 PCLS Semi-autonomous or dependent political unit.
0.8 PPLC National capital or primary administrative center.
0.8 ADM1 First-level administrative division (e.g., province or state).
0.7 ADM1H Former first-level administrative area.
0.7 ADM2 Second-level division (e.g., county or district).
0.7 PPLCH Former national capital.
0.6 ADM2H Historical second-level administrative division.
0.5 ADM3 Third-level division (below district or county).
04 ADM3H Former third-level administrative division.
0.4 RGN Region defined by natural or cultural features (non-administrative).
0.4 ADM4 Fourth-level administrative unit.
0.4 ADM5 Fifth-level administrative unit.
Sadmin(C) = w_code(c), w_code(c) € [0, 1]. 3)
iv. Spatial coherence. sq.ia1(c|T) quantifies the geographic compatibility of a candi-

date ¢ with the potential locations of other toponyms in T. Each candidate is rep-
resented through its complete administrative hierarchy (e.g., “City of Paris, Lamar
County, Texas, United States, North America” for “Paris”). The metric integrates
two complementary components:

(i) a hierarchical score shier(c, '), where ¢’ € C(t') denotes a candidate for another
toponym t' € T\ {t}. The score equals 1 when ¢ and ¢’ correspond to sibling enti-
ties (e.g., “City of Paris, Lamar County, Texas, United States, North America” and
“Blossom, Lamar County, Texas, United States, North America”) or share a direct
parent—child link (e.g., “Lamar County, Texas, United States, North America” and
“Texas, United States, North America”). Otherwise, it depends on the length of
their common administrative suffix. Let a(c) = (do, ...,ax) and a(c)=
(ag, ...,a,,) denote the administrative address tuples of ¢ and c’, ordered from
fine to coarse levels. We define

if ¢ and ¢’ are sibling entities

1, . . .
or have a direct parent — child relation,

e =3 o)

max(a(o], @)’ Othervise

(4)

where 7(c,c’) is the length of the longest common administrative suffix:

((c,d)y=max{( | ai=d,_, Vi€ {0, ...,/ —1}}. (5)

m—i’

For example, let a(c) be “City of Paris, Lamar County, Texas, United States, North

America” and let a(c’) be “Houston, Harris County, Texas, United States, North
America”. The longest common suffix is “Texas, United States, North America”, so
/(c¢,c’) = 3 and shier(c, ') = 3/5.

(ii) a distance-based score, computed via inverse-distance weighting with a unit offset:

N 1
Sdist (€, €') = 1+d(c,c')/dmax’
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where d(c,c’) refers to the geographic separation between the two canidates,
and dnax denotes to the normalization constant ensuring that the value decreases
monotonically with distance but remains within (0,1]. For every other toponym t' €
T\ {t}, each candidate ¢ compares with all ¢ € C(t') and retains the maximum
value between shier and sgis;. These maxima are then averaged across all remaining
toponyms:
sspaua|(CIT):L > max (shier(c, &), saist (¢, ). (6)
IT| =1 ¢St 50
The final confidence score for a candidate ¢ € C(t) is computed as a weighted com-
bination of four signals:

S(C|t, T) = Mname sname(tr C) + )\«pop Spop(c) +Xadmin Sadmin (C) +A spatial SspatiaI(C|T),
(7)

where Anames Apops Aadmins Aspatial € [0, 1] control the relative weights of the respective
components.

Adaptive spatial weight: Unlike the other weights, Apatial is not fixed. Instead, it is
adapted dynamically according to the number of unique toponyms in T that yield
non-empty candidate sets. The intuition is that spatial coherence becomes informative
only when multiple toponyms are present, whereas in texts with very few toponyms,
the other cues should dominate. Formally, the spatial weight is defined as

. N
xspatial = xl:ggtem : <1 + m|n<2, c;nd>>, (8)
xbase

where g, is the base weight, Ncang denotes the number of unique toponyms
in T with valid candidates, and t is a threshold parameter controlling the growth
rate.

Beam search with top-N pruning: Since the ranking of a candidate depends not only
on its own attributes but also on its spatial relationships with candidates of other top-
onyms, we employ a beam search strategy with top-N pruning. After computing
scores for all candidates of a toponym, only the N highest-ranked candidates are
retained. These reduced candidate sets are then used when computing spatial coher-
ence, thereby narrowing the search space, and ultimately improving efficiency.

Batch-wise efficiency optimization: In long documents, the number of unique topo-
nyms can exceed several hundred (see Table 3). Computing spatial coherence for all
pairwise toponym-candidate combinations incurs a time complexity of O(|T|? fz),
where |T| denotes the total number of unique toponyms and C denotes the average
number of candidates per toponym. This quadratic growth quickly becomes computa-
tionally prohibitive. To improve efficiency, we adopt a batch-wise processing strategy:
the set of unique toponyms is partitioned into groups of size K, and each batch is
processed independently through the algorithm. If the final batch contains fewer than
K toponyms, it is padded with previously processed ones to maintain a stable spatial
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Table 2. Parameter settings used in all experiments.

Parameter Value / Setting

Lexical weight Aname 0.3

Population weight Ayop 0.2

Administrative weight Aagmin 0.1

Spatial weight Aspatial Adaptive: 1056, =03, T =15
Curvature K (pop. prior) 0.35

Reference population Ppax 20 M (megacity scale)

Distance normalization dpay 300 km

Beam search pruning N 5

Batch size K 30

Table 3. Statistics of 25 benchmark datasets for toponym resolution in 14 languages with a total
of 186,100 toponyms in 7 text types. li; denotes the average number of toponyms per text. Type:
Sci = scientific articles, HD = historical documents, WN = Wikinews, Wiki =Wikipedia articles. KB:
GN = GeoNames, WKP = Wikipedia, WKD = Wikidata.

Name Text Top. Uy Type Lang KB
TR-News (Kamalloo and Rafiei 2018) 118 1,319 11.2 News EN GN
GeoWebNews (Gritta, Pilehvar, and Collier 2018) 200 2,601 13 News EN GN
GeoCorpora (Wallgriin et al. 2018) 6,648 3,100 0.5 Tweet EN GN
WOTR (Delozier et al. 2016) 1,644 11,795 7.2 HD EN GN
CLDW (Rayson et al. 2017) 62 34,713 560 HD EN GN
TUD (Katz and Schill 2013) 152 3,852 253 Web EN GN
NCEN (Ardanuy et al. 2022) 455 4,595 10.1 HD EN WKP
SemEval (Weissenbacher et al. 2019) 91 3,344 36.7 Sci EN GN
LGL (Lieberman, Samet, and Sankaranarayanan 2010) 588 5,088 8.7 News EN GN
GeoVirus (Gritta, Pilehvar, and Collier 2018) 229 2,170 9.5 News EN GN
WikToR (Gritta et al. 2018) 5,000 25,242 5 Wiki EN WKP
ITA-DSTR (Avvenuti et al. 2018) 1,807 958 0.5 Tweet IT N/A
FingerTweets (Leppamaki, Toivonen, and Hiippala 2024) 980 497 0.5 Tweet FI GN
FingerNews (Leppamaki, Toivonen, and Hiippala 2024) 42 189 45 News FI GN
Newsli-UK (Botha, Shan, and Gillick 2020) 164 258 1.6 WN UK WKD
Newsli-DE (Botha, Shan, and Gillick 2020) 12,954 26,575 2.1 WN DE WKD
Newsli-ES (Botha, Shan, and Gillick 2020) 7,372 18,115 25 WN ES WKD
Newsli-JA (Botha, Shan, and Gillick 2020) 2,533 7,967 3.1 WN JA WKD
Newsli-SR (Botha, Shan, and Gillick 2020) 13,780 24,305 1.8 WN SR WKD
Newsli-TR (Botha, Shan, and Gillick 2020) 737 2,424 33 WN TR WKD
Newsli-FA (Botha, Shan, and Gillick 2020) 71 326 4.6 WN FA WKD
Newsli-AR (Botha, Shan, and Gillick 2020) 675 3,612 5.4 WN AR WKD
Newsli-RO (Botha, Shan, and Gillick 2020) 226 385 1.7 WN RO WKD
Newsli-PL (Botha, Shan, and Gillick 2020) 186 196 1.1 WN PL WKD
Newsli-TA (Botha, Shan, and Gillick 2020) 835 2474 3 WN TA WKD

context. This reduces the overall computational complexity to O(|T| - K - Ez), achieving
near-linear scalability with the number of toponyms while preserving spatial consist-
ency within each batch.

4, Experiments

This section presents a comprehensive evaluation of the proposed method regarding
accuracy and runtime, benchmarked against 21 existing approaches across a diverse
multilingual dataset collection. An ablation analysis is further performed to assess the
individual influence of each scoring factor in the method. Moreover, a sensitivity study
investigates how three major parameters affect the overall performance.
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4.1. Parameter settings

All experiments were conducted using a single, consistent hyperparameter configur-
ation, summarized in Table 2. We did not predefine a separate development set and
did not carry out systematic hyperparameter optimization (e.g., grid search or cross-
validation). Instead, the default values were determined through a small number of
pilot adjustments guided by overall benchmark behaviour, after which they were fro-
zen and applied uniformly across all datasets and languages (i.e., no dataset-specific
or language-specific tuning). This “one-setting-for-all” design helps limit benchmark-
specific overfitting and better reflects practical deployment scenarios where dataset-
specific calibration is unavailable. We acknowledge that refining parameters based on
benchmark feedback may introduce some optimistic bias. To address this concern,
Section 4.7 reports a sensitivity analysis for the key UniTopRank parameters (X?;;fia,,
Anames Apops Aadmins Pmax, dmax, and K), illustrating how performance varies when each
parameter is perturbed around its default value.

4.2. Datasets

Rule-based methods are often criticized for limited generalizability; we therefore evalu-
ate our approach on 25 datasets in 14 languages (186,100 toponyms) spanning seven
text types (Table 3). For WikToR, only titles are annotated, so we extract additional
toponyms from the article text using Flair NER (Akbik et al. 2019). For the NewsLi data-
sets, we use all splits and retain only entities with a GeoNames ID in Wikidata.
Figures 2 and 3 show the spatial distributions.

4.3. Compared methods

In this study, we evaluate 21 methods, covering two major categories: (i) general-pur-
pose entity linkers based on deep learning, and (ii) dedicated toponym resolution
methods that employ rule-based, machine learning, deep learning, and recent LLM-
based techniques. Table 4 provides an overview of all approaches. For rule-based and
traditional machine learning approaches, the number of parameters is negligible com-
pared to deep learning and LLM methods; hence, we denote their model size as 0.
Most of these methods were included in the comparison by Hu et al. (2026, 2023a)
and the description of these methods can be found in this paper.

Based on this, we include two transformer-based multilingual entity linkers:
MGENRE (De Cao et al. 2022), the multilingual extension of GENRE, and BELA
(Plekhanov et al. 2023), a BLINK-style multilingual entity linker that follows a bi-
encoder retrieval and cross-encoder re-ranking pipeline. In addition, we include two
recent transformer-based toponym ranking approaches that first retrieve candidate
locations from GeoNames and then rank them: Mordecai3 (Halterman 2023), for which
we use the released pretrained model, and SemTopRes (Gomes, Purves, and Volpi
2024), which we fine-tune on the LGL dataset with the sentence-transformers/all-
MiniLM-L6-v2. In addition, we included the FT-Mistral (7B) model (Hu et al. 2026),
which was fine-tuned on the LGL dataset for toponym resolution and reported by the
authors as the best-performing model. For the GeoNames and Photon methods, we
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(j) GeoVirus (k) WikToR

Figure 2. Spatial distributions of toponyms across English datasets.

retrieve the top-ranked result for each toponym from the respective gazetteer, which
typically corresponds to the most populated or most prominent location. For non-
English datasets, we compared toponym resolution methods and multilingual entity
linkers, excluding English-specific linkers because they rely on English-centric resources
and English-only models.

4.4. Metrics

For evaluation, we use three standard metrics, following Gritta, Taher Pilehvar, and
Collier (2020):

e Accuracy@161km, the proportion of predicted coordinates that fall within 161 km
(100 miles) of the gold location;

e Mean Error (ME), the average distance error across all predictions; and

e Area Under the Curve (AUC), which measures how errors are distributed across
different distance scales. It is computed on a logarithmic scale, with 20,039 km (half
the Earth’s circumference) as the maximum possible error. AUC can be understood
as the “average error level” over all distance thresholds: a smaller AUC means that
the method makes fewer large errors and is overall more reliable, while a larger
AUC indicates that the method often produces very distant predictions.
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Figure 3. Spatial distributions of toponyms across non-English datasets.

Note that if a toponym cannot be resolved or linked to any location entity in the
gazetteers or knowledge bases by a given method, we assign it a distance error
equivalent to half of the Earth’s circumference, approximately 20,039 km.

4.5. Comparison results

We aggregated all toponyms from the complete English datasets and computed over-
all scores for Accuracy@161km, ME, and AUC, which are shown in Figure 4. As
expected, FT-Mistral (7B) achieved the best results, with Accuracy@161km reaching
0.91. Our proposed UniTopRank-GN+Photon outperformed all other competitors, while
UniTopRank-GN matched the performance of GENRE and mGENRE, the best individual
baselines outside the LLM-based method. We also observe that SemTopRes, the latest
transformer-based method, outperforms all previous toponym resolution approaches
but still falls behind the second-best entity linker, BLINK. Detailed per-dataset English
results are provided in the (supplementary material Tables 4.5, 4.5, and 4.5).
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Table 4. Representative approaches for resolving toponyms.

Name Method Type KB Lang. Model Size
MulRel (Le and Titov 2018) EL (DL) WP/WD en ~0.18M
DCA (Yang et al. 2019) EL (DL) WP en ~0.1M
BLINK (Wu et al. 2020) EL (DL) WD en 680M
Bootleg (Orr et al. 2020) EL (DL) WD en 110M
GENRE (De Cao et al. 2021) EL (DL) WP/WD en 406M
mGENRE (De Cao et al. 2022) EL (DL) WP/WD multi 610M
ExtEnD (Barba, Procopio, and Navigli 2022) EL (DL) WD multi 435M
LUKE (Yamada et al. 2022) EL (DL) WP/WD en 483M
ReFinED (Ayoola et al. 2022) EL (DL) WP/WD en 154M
BELA (Plekhanov et al. 2023) EL (DL) WP/WD multi 550M
Photon TR (rule) OSM multi 0
GeoNames TR (rule) GN multi 0
Adaptive (Lieberman and Samet 2012) TR (ML+Rank) GN en 0
CLAVIN® TR (rule) GN en 0

CBH (Kamalloo and Rafiei 2018) TR (rule) GN en 0

SHS (Kamalloo and Rafiei 2018) TR (rule) GN en 0

CHF (Kamalloo and Rafiei 2018) TR (rule) GN en 0
CamCoder (Gritta, Pilehvar, and Collier 2018) TR (DL-+CLF) WP en ~135M
Mordecai3 (Halterman 2023) TR (DL-+Rank) GN en 125M
SemTopRes (Gomes, Purves, and Volpi 2024) TR (DL+Rank) GN en 22M
FT-Mistral(7B) (Hu et al. 2026) LLM GN/OSM/AG en 7B
UniTopRank (Ours) Rule GN/OSM multi 0
Abbreviations: EL =entity linker, TR=toponym resolution, ML =machine learning, DL=deep learning,

WP = Wikipedia, WD = Wikidata, GN = GeoNames, OSM = OpenStreetMap, AG = ArcGlIS, CLF = Classification.

®https://github.com/bigconnect/clavin.
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Figure 4. The overall Accuracy@161km, ME, and AUC on English datasets.

The WikToR, LDC, and WOTR datasets present particular challenges because many
toponyms in these corpora are highly ambiguous, referring to multiple distinct loca-
tions that all appear within the datasets. For instance, “San Jose” corresponds to sev-
eral provinces in the Philippines, including Nueva Ecija, Occidental Mindoro, Batangas,
Camarines Sur, and Northern Samar. Similarly, “Richmond” denotes multiple places
across North America, such as those in Cheshire County, New Hampshire; Ontario
County, New York; McHenry County, Illinois; and Washington County, Rhode Island in
the United States, as well as in Calgary, Alberta, Canada.

Such ambiguities explain the poor performance of most existing methods. Simple
population- or popularity-based approaches, including GeoNames and Photon perform
particularly poorly, with Accuracy@161km below 0.25 on the WikToR dataset. In
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Figure 5. Overall Accuracy@161km, ME, and AUC on ITA-DSTR (ltalian), FingerTweets (Finnish), and
FingerNews (Finnish).
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Figure 6. Overall Accuracy@161km, ME, and AUC on the Newsli datasets (RO, PL, UK, TR, FA, TA,
SR, JA, ES, DE, AR).

contrast, our methods maintain competitive results, achieving scores above 0.85 on
WikToR. This highlights the strong disambiguation capability of our proposed
methods.

For the non-English datasets, we group them into two subsets: (i) ITA-DSTR (ltalian),
FingerTweets (Finnish), and FingerNews (Finnish), and (ii) the Newsli non-English data-
sets (RO, PL, UK, TR, FA, TA, SR, JA, ES, DE, AR). For each subset, we aggregate all topo-
nyms and recompute the overall Accuracy@161km, ME, and AUC (Figures 5 and 6).
Detailed per-dataset non-English results are provided in the (supplementary material
Tables 4.5, 4.5, and 4.5). Figure 6 shows that mGENRE and BELA achieve very high
Accuracy@161km (above 0.97). This can be attributed to strong domain and source
alignment: NewslLi is derived from WikiNews-style articles, which closely match the
Wikipedia/Wikimedia-centric text and knowledge distribution leveraged by both mod-
els. In addition, BELA explicitly performs an additional fine-tuning stage on a split of
MEWSLI-9 prior to evaluation, which is expected to further strengthen in-domain per-
formance on NewsLi-style data. Moreover, MEWSLI-9/NewsLi is a primary evaluation
benchmark reported in both the mGENRE and BELA papers, which may contribute to
stronger benchmark-specific alignment during model development. In contrast, the
other three non-English datasets—ITA-DSTR, FingerTweets, and FingerNews (Figure
5)—as well as the 11 English datasets (Figure 4) come from more heterogeneous
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sources (e.g., social media and historical documents) and were not primary evaluation
benchmarks in either model’s original study. This setting therefore better reflects out-
of-distribution generalization. Under these conditions, both mGENRE and BELA drop
substantially compared with their NewslLi performance, while our proposed
UniTopRank-GN+Photon and UniTopRank-GN remain competitive and often achieve
comparable or better results.

Our proposed methods outperform all other baselines, achieving higher accuracy
than FT-Mistral (7B). This is because FT-Mistral (7B) was re-trained on the English LGL
dataset, learning to predict ambiguous references for English toponyms. Consequently,
when applied to non-English texts, the model often produces linguistically or context-
ually irrelevant outputs due to language barriers. For instance, it sometimes outputs
an entire English sentence, such as “Parma man charged with murder in fatal shooting.
A 20-year-old Parma man has been charged” instead of the correct geographic refer-
ence “Parma, Italy” for the toponym “Parma.” Similarly, for the Arabic phrase which
refers to “Minya Governorate, Egypt’, the model incorrectly predicts “Buhayrah
Governorate, Egypt.” These errors suggest that the model struggles to generalize
across languages, possibly because it was fine-tuned exclusively on English-language
data or because of limited robustness when processing low-resource languages. While
this does not imply that LLM-based methods are inherently inferior to rule-based
approaches in a multilingual context, it highlights a key limitation: current LLM-based
toponym resolution systems require multilingual adaptation strategies, which, how-
ever, lie beyond the scope of this study.

Interestingly, the simple GeoNames baseline—which selects the first candidate
returned by the gazetteer (typically the one with most population)—produces rea-
sonable results. This suggests that toponyms in many non-English datasets are rela-
tively unambiguous, and the most prominent location is often correct.
Nevertheless, UniTopRank-GN consistently outperforms this method, demonstrating
its ability to adapt to datasets with varying degrees of toponym ambiguity. We also
observe that the improvement over the GeoNames baseline on non-English data-
sets is about 0.02, which is much smaller than the gain of 0.35 on English datasets.
This can be attributed to two main factors. First, non-English datasets are generally
less ambiguous. Second, they contain far fewer toponyms per document (see Table
3), averaging only 2.5 per document compared to 62 in English datasets. Since our
method relies on toponym co-occurrence within documents for disambiguation, a
smaller number of toponyms substantially reduces its effectiveness, as also shown
in Section 4.7.

4.6. Abliation analysis

This section examines how each of the four scoring factors in UniTopRank-GN contrib-
utes to toponym resolution performance. We conduct ablation experiments by remov-
ing either a single factor or a pair of factors, while keeping the remaining components
unchanged, and quantify the impact as the drop in Accuracy@161km on English and
non-English datasets.
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Figure 7. Ablation study of the four factors in UniTopRank-GN, reported as A Accuracy@16Tkm
(Full — Ablated) on (a) 11 English and (b) 14 non-English datasets.

4.6.1. Single-factor ablation

Figure 7a and b shows the accuracy drop for English and non-English datasets when
removing one factor, respectively. The results indicate that the spatial factor contrib-
utes most significantly on difficult datasets, such as WikToR, which contain numerous
ambiguous toponyms. Removing the spatial factor causes a decrease in
Accuracy@161km for WikToR by 0.59 (from 0.85 to 0.26). This finding underscores that
spatial relationships among toponyms play a crucial role in resolving geographic ambi-
guities. In contrast, for less ambiguous datasets, the influence of the spatial factor is
smaller than that of population, which is particularly evident in non-English datasets.
The other two factors, admin level and name similarity, contribute positively but are
less important than spatial relationship and population.

4.6.2. Two-factor ablation (joint effects)

To verify joint effects (complementary vs. redundant), we remove two factors at a
time (six pairs; Fig. 8) and interpret them with the single-factor drops in Fig. 7a and
Fig. 7b. On highly ambiguous English data (e.g., WikToR), single-factor ablation
shows that spatial is the clear bottleneck (A=0.59), while the other factors have
near-zero impact. Consistently, any pair that includes spatial (Spatial + Admin/
Name/Pop) yields a similarly large drop (0.56-0.59), whereas pairs without spatial
lead to almost no degradation (or slight improvements), indicating redundancy of
the remaining cues once spatial evidence is removed. For several less extreme
English datasets where population already contributes on its own (e.g., TUD and
TR-News in Fig. 7a), removing spatial together with another cue—especially
Spatial + Pop, but also Spatial + Name and Spatial + Admin—causes substantially
larger drops than removing either factor alone, demonstrating complementary evi-
dence in these cases. For the non-English datasets, single-factor results show that
population is often the main driver, while spatial is typically weak. The two-factor
ablation confirms this: the largest degradations consistently involve population,
and Name + Pop and Admin + Pop frequently exceed the drop from removing popu-
lation alone (e.g., Newsli-ES/AR), indicating that lexical matching and administrative
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Figure 8. Two-factor ablation study of the four scoring factors in UniTopRank-GN, reported as A
Accuracy@161km (Full — Ablated) on (a) 11 English and (b) 14 non-English datasets.

constraints provide complementary signals when combined with the population
prior. These two-factor ablations are meant as a diagnostic under the default
UniTopRank setting; the observed effects may change with candidate sets, gazet-
teer coverage, or weight settings. Moreover, the joint effects are not uniform across
datasets, depending on factors such as ambiguity and toponym density in a text.
Therefore, Fig. 8 should be read as an empirical result under our experimental set-
ting, not as a universal rule; at the same time, this dataset-level variation supports
our design choice to combine all four cues, which helps maintain robust and stable
ranking behaviour across different conditions.

4.7. Sensitivity analysis

We further evaluate the sensitivity of our method to key parameters and their impact
on the overall Accuracy@161km across English and non-English datasets. We use
Accuracy@161km rather than ME or AUC as it is the most intuitive and widely used
metric in toponym resolution, effectively approximating the hit rate of correctly
resolved toponyms within a reasonable geographic tolerance. For each parameter, we
vary its value while keeping the others fixed to the default settings listed in Table 2,
and compute the mean Accuracy@161km over all datasets within each group.

4.7.1. Weighting factors

Figure 9 suggests that the four factors behave quite differently across language
groups. On the English datasets, performance improves quickly when the spatial
weight increases from 0.1 to around 0.3, and then stays fairly stable; in contrast, put-
ting more weight on the administrative and population signals steadily hurts accuracy.
For the non-English datasets, we observe the opposite trend: a large spatial weight
becomes harmful, while the population factor is consistently helpful and reaches its
best range roughly around 0.4-0.5. The name similarity factor is comparatively insensi-
tive in both settings, with only small changes across the tested weights.
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Figure 9. Sensitivity analysis of the four weighting factors in UniTopRank-GN. For each factor, we
vary its weight from 0.1 to 1.0 while keeping the other weights at their default values, and report
the resulting Accuracy@161 km on (a) 11 English and (b) 14 non-English datasets.
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Figure 10. Sensitivity analysis of normalization parameters on overall Accuracy@161km: (a) distance
normalization dma and (b) population normalization Pp.x, evaluated on English and non-English
datasets.

4.7.2. Distance threshold

Figure 10a shows the effect of the distance normalization parameter d,,.x on accur-
acy. For non-English datasets, the performance remains nearly constant across the
entire range, suggesting that spatial distance contributes little once administrative
and textual cues are sufficient for disambiguation. In contrast, the accuracy on
English datasets gradually decreases as dmax increases beyond 300 km. This is mainly
because English datasets contain many ambiguous toponyms—such as multiple pla-
ces named “Springfield” or “Cambridge”—that occur in different regions. In such
cases, spatial distance acts as a key disambiguation cue: smaller thresholds help
emphasize geographically coherent clusters of toponyms, whereas larger thresholds
allow distant candidates to be treated as equally plausible, thus reducing resolution
precision.
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Figure 11. Sensitivity analysis of batch size K with respect to overall Accuracy@161km and the
corresponding computation time for English and non-English datasets.

4.7.3. Population threshold

Figure 10b shows the effect of the population normalization parameter Py,x on overall
accuracy. For English datasets, the accuracy increases steadily as Pmax grows from small
values to around 20 million. This reflects the role of the population prior in distinguishing
between small settlements and major cities: when Py, is too small, large cities are exces-
sively penalized, while moderate values provide a smoother and more realistic scaling of
population influence. However, when P, exceeds roughly 30 million, the relative differ-
ences between small, medium, and large settlements become too small to matter, caus-
ing the population prior to lose its ability to distinguish between them effectively. In
contrast, non-English datasets show minimal sensitivity to this parameter.

4.7.4. Batch size

As illustrated in Figure 11, increasing the batch size K improves accuracy for English
datasets up to around K = 30, after which the accuracy remains nearly unchanged. This
trend indicates that spatial reasoning benefits from considering a sufficient number of
toponyms within the same context, but adding more toponyms beyond this point pro-
vides little additional gain. Larger batch sizes also lead to a nearly linear increase in
computation time. In contrast, the non-English datasets remain largely unaffected by
this parameter, because the average number of toponyms per document is consider-
ably smaller than in the English datasets (see Table 3), resulting in limited spatial inter-
actions even with small K values. In practice, this setting allows users to flexibly choose
K depending on their priorities—favoring either higher accuracy or faster processing.
Notably, even with a small batch size of K=3, our method achieves an
Accuracy@161km of 0.75 on the English datasets and 0.85 on the non-English datasets,
remaining competitive with other approaches while being substantially faster. It
requires only about 0.17 hours to process all English datasets containing 97,819 topo-
nyms and 0.05 hours for all non-English datasets containing 88,281 toponyms.
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Figure 12. Runtime comparison of all evaluated methods on the complete English benchmark
datasets.

4.8. Computational efficiency

While accuracy is critical for geoparsing, runtime is equally important, especially when
fast inference is preferred over marginal precision gains. We therefore analyze compu-
tational efficiency.

Since all methods were evaluated on the English datasets, we base the analysis on
English only. Reported runtimes cover inference only, excluding training and gazet-
teer/KB lookup. We also omit query time because it depends strongly on deployment
(remote vs. local vs. in-memory access); accordingly, the GeoNames- and Photon-only
methods are excluded. Neural entity-linking and LLM-based methods were run on an
NVIDIA Tesla V100, and all other methods on CPU.

Figure 12 shows large efficiency differences. CLAVIN is fastest (about 0.03 hours).
Our lightweight methods rank in the top five (0.45 and 0.75 hours) and are substan-
tially faster than FT-Mistral (7B), GENRE, and mGENRE; notably, mGENRE requires nearly
170 hours.

5. Discussions
5.1. Limitations and generalization

UniTopRank relies on four gazetteer-based cues, and each can be less informative in
certain situations. Name similarity can be weak when mentions are abbreviated, mis-
spelled, or use nicknames not covered by the gazetteer. Population and administra-
tive-level priors can be misleading in strongly local narratives, where small places are
discussed more often than well-known ones (e.g., local reports focusing on small
towns). Spatial coherence can weaken in texts that intentionally span distant regions,
such as London(UK), Paris (France), Wuhan (China) and New York (US), and it is
naturally less informative when only a few toponyms are available. Despite these limi-
tations, UniTopRank is a metadata-driven ranking method that does not rely on
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corpus-specific training; in practice, it can be transferred to new corpora with only
lightweight adjustment of the cue weights if needed. We next discuss how gazetteer
limitations affect candidate retrieval and downstream ranking, together with possible
mitigation strategies.

5.2. Gazetteer coverage and metadata bias

UniTopRank is bounded by candidate generation: if the correct place is missing from
C(t), no ranking step can recover it. This is amplified in multilingual settings, where
the same location can appear in divergent surface forms across scripts and languages,
so lexical retrieval may fail even when the entry exists. Our results illustrate this bottle-
neck: for Tamil (ta), Ukrainian (uk), and Polish (pl), Accuracy@161km drops to 0.47,
0.65, and 0.64, and only 49%, 73%, and 72% of gold toponyms have at least one gaz-
etteer entry within 161,km of the true coordinates. A mitigation is two-stage candidate
generation: conservative normalization and high-precision lexical rules first, then cross-
script or missing-language recovery via multilingual dense retrieval (e.g., multilingual-
E5 embeddings with a FAISS ANN index). Ranking further depends on the availability
and consistency of gazetteer metadata, which is salient when fusing GeoNames with
OSM-derived gazetteers: OSM candidates may lack population, tag-based typing is not
directly comparable to GeoNames feature codes, and administrative fields and parent/
containment relations may differ in granularity or naming (e.g., additional intermediate
levels). Such heterogeneity can weaken or disable cues (population, administrative
level, and the hierarchical component of spatial coherence) and can be mitigated by
(i) down-weighting cues with missing fields and (ii) lightweight harmonization (e.g.,
tag-to-feature mappings and normalization of administrative labels). To assess transfer
to a new setting, users can label a small sample and report (1) candidate recall and (2)
end-to-end performance under the default configuration; optionally, users can slightly
vary cue weights to verify stability.

5.3. RAG integration

The integration of RAG has recently emerged as a promising approach for enhancing
LLM-based toponym resolution (Hu, Kersten, and Klan 2025; Lin et al. 2025). In the
RAG workflow, the candidates of each toponym are initially retrieved from a gazetteer,
and the language model then leverages this external geographic knowledge to iden-
tify the most plausible candidate. However, the retrieval step often yields an excessive
number of candidates—sometimes over one hundred for highly ambiguous names
such as Paris—which can introduce significant noise during inference and degrade
overall accuracy. Therefore, an effective candidate ranking mechanism is critical to pri-
oritize the most relevant and contextually consistent locations before they are passed
to the language model. Our proposed scalable toponym ranking method addresses
this need by acting as a ranking component within RAG pipelines, reducing low-rank-
ing candidates and thereby improving reasoning efficiency. Beyond toponym reso-
lution, this principle also applies to other geospatial tasks that retrieve geographic
knowledge from external sources using toponyms in text.
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6. Conclusion

This paper presents UniTopRank, a language-independent toponym resolution approach
based on rule-driven candidate ranking. Experiments on 25 datasets in 14 languages,
with 186,100 toponyms, show that UniTopRank attains accuracy comparable to state-of-
the-art alternatives while requiring substantially lower computational cost and shorter
runtime. These results indicate that UniTopRank is a practical option for large-scale,
multilingual, and resource-constrained applications. We acknowledge that UniTopRank is
not intended to replace high-capacity neural or LLM-based systems in settings where
maximum accuracy is the primary objective and sufficient computational resources are
available. One limitation is candidate coverage in low-resource languages, where missing
or sparse gazetteer entries can reduce end-to-end performance. Future work will focus
on improving multilingual candidate generation, integrating UniTopRank into
OpenWebSearch.eu for large-scale multilingual web geo-indexing, and employing it as an
efficient candidate-ranking component in RAG-based toponym resolution pipelines.
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