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Abstract

Geo-entity resolution involves linking records that refer to
the same entities across different spatial datasets, which un-
derpins location-based services. Given the varying quality of
geo-data, this task is known to be challenging, as directly
comparing the semantic-centric representations of two enti-
ties is no longer reliable. To robustify geo-entity resolution
in this context, the main research question is how to effec-
tively extend the current semantics-centric representations of
geo-entity with geographical context from its spatial neigh-
bors. Existing methods consider names from neighbors, but
they struggle to fully utilize the unaligned neighbor attributes.
In this paper, we study the representation of geo-context
for robust geo-entity resolution and propose two adaptations
that efficiently leverage unaligned geo-entity attributes across
spatial neighbors: (1) A plugin module, namely Unaligned
Message-Passing (UMP), that propagates unaligned neighbor
features to integrate geo-context into the token embeddings
output by language model; (2) a contextualized pretraining
framework (CP) that allows the former to leverage unlabelled
geo-entity data. Experiments show that our method surpasses
the baselines, achieving higher F1 scores on 8 real-world geo-
datasets in terms of robustness, with an improvement of up to
7.9%. The ablation study further justifies our proposal.

Introduction

Geo-entity resolution (GER) (Sehgal, Getoor, and Viech-
nicki 2006) involves linking records that refer to the same
entities across spatial datasets, which underpins location-
based services. As shown in Figure 1, a geo-entity record is
typically identified by textual attributes (name, address, etc.)
and the spatial position (latitude & longitude). The task is to
determine whether the geo-entity records from one source
(red table) match the records from another source (green
table). Typically, GER consists of two steps: (1) extracting
underlying features to create a robust record representation
for generic understanding, and (2) classifying whether two
records represent same entity based on their representations.

This work focuses on the first step, as a better understand-
ing of geo-entities aids in matching. The varying quality of
geospatial data, such as aliases, spelling errors, and miss-
ing attributes, complicates direct semantic comparison, es-
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pecially for nearby entities. Previous work (Balsebre et al.
2022) has shown that entities with similar names and loca-
tions might not match due to inaccuracies of geo-positional
systems or being chain brands like Starbucks in a mall.
However, incorporating neighboring entities can assist us in
making such inferences. For instance, the same-name pair
in Figure 1(a) is not a match due to different neighbors
(blue icon). Pre-trained transformer-based language models
(Vaswani et al. 2017) effectively represent geo-entities by
capturing deep semantic relationships, outperforming tra-
ditional rule-based methods. The research question is how
to extend these semantics-centric representations with geo-
context from spatial neighbors to enhance GER robustness.

In the field of GER, methods have evolved from ear-
lier rule-based approaches (Deng et al. 2019; Shivaprabhu,
Balasubramani, and Cruz 2017; Miller et al. 1990; Morana
et al. 2014; Isaj, Zimanyi, and Pedersen 2019) to emerging
deep learning-based solutions (Li et al. 2023, 2022; Tem-
pelmeier, Gottschalk, and Demidova 2021; Balsebre et al.
2022, 2023a). These methods primarily focus on compar-
ing semantic aspects between entities, often neglecting geo-
context, w.r.t. spatial neighbors. As a result, they rely heavily
on clean and complete records to construct accurate attribute
representations, and their performance suffers with even mi-
nor data quality issues, like spelling errors or missing val-
ues. We argue that leveraging geo-context can mitigate per-
formance degradation in noisy datasets. For instance, erro-
neous or missing values can be corrected by examining fine-
grained tokens of neighbors (Figure 1(b)), and having com-
mon neighbors (e.g., Beer in blue icon) can serve as a match-
ing criterion. Although some works, such as SpaBERT (Li
et al. 2022) and Geo-ER (Balsebre et al. 2022), have con-
sidered neighbor names, they fail to fully utilize the fine-
grained tokens of neighbor attributes. To the best of our
knowledge, our problem remains underexplored.

Towards robust geo-entity resolution, we use pre-trained
language models to construct attribute representations and
graph neural networks (GNNSs) to incorporate geographi-
cal context from neighboring entities. The motivation is that
the unordered message-passing mechanism of GNNs (Kipf
and Welling 2016; Dwivedi et al. 2020; Wu et al. 2020) is
well-suited for this task as it aligns with the non-sequential
propagation of attributes from neighbors. Despite advance-
ments in semantics-centric representations with language
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Figure 1: The challenges in geo-entity resolution. (a) The same-name candidate pair is not a match because they have different
neighbors (in blue icon); (b) we correct erroneous/missing values (denoted by ##) by taking the fine-grained tokens of neighbors
(in blue table), having the same neighbors (Beer in blue icon) also serves as a matching criterion.

models, challenges remain in robust GER. First, existing
GNNs struggle with the unaligned 2-dimensional features
encoded by language models; yet the GER requires selec-
tive token comparison without naive pooling to avoid losing
fine-grained information (Figure 1). Second, the potential of
unlabeled geo-entity data is untapped due to the lack of pre-
training tasks designed for capturing geographical context.
Lastly, evaluating robustness is a new task that necessitates
examining the utility of existing datasets and metrics.
Overall, our contributions are summarized as follows:

* We adopt a BERT-based encoder for geo-entity represen-
tation. To efficiently inject geo-context, a module of Un-
aligned Message-Passing (UMP) is introduced.

* We propose a contextualized pre-training (CP) with 2
tasks, allowing the former module to leverage unlabeled
data and capture geographical context. Moreover, we
draw a connection to an information theory.

* We develop a method for evaluating the robustness of
various GER methods using diverse real-world datasets.

Experimentally, our F1 scores are constantly ranked in the
top-1 over 8 real-world GER datasets, with an improvement
up to 7.9%, showcasing the superiority of our proposal. The
ablation study also confirms the usefulness of our design.

Related Works
Geo-Entity Resolution

The first type of method based on pre-training utilizes large-
scale, unlabeled data to train general representations and
fine-tune them for GER. Notable examples include Geo-ER
(Balsebre et al. 2022), which uses a pre-trained language
model to encode entity attributes, and a graph neural net-
work (GNN) to integrate neighbor names. However, Geo-
ER’s GNN application is incompatible with the language
model’s word embeddings, requiring pooling before pass-
ing neighbor messages, which can lose fine-grained infor-
mation (Stergiou and Poppe 2021; Lang et al. 2023). Af-
ter pooling, it is hard to denoise attribute tokens, leading to
performance degradation with noisy data. Following Geo-
ER, GTMiner (Balsebre et al. 2023b) is proposed for better
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knowledge graph construction performance. SpaBERT (Li
et al. 2022) concatenates neighbor names into a serialized
sentence, adding longitude and latitude to the position en-
coding to capture geo-context. It introduces a masked lan-
guage modeling pre-training task to utilize neighbor names
for recovering masked tokens. However, SpaBERT focuses
on names and encodes neighbor information in a serialized
manner, despite the unordered nature of attribute propaga-
tion from neighboring entities. GeoVectors (Tempelmeier,
Gottschalk, and Demidova 2021) uses 2 embedding mod-
els to encode positional and semantic information, infer-
ring representations of unseen entities by combining existing
neighbors’ embeddings through a weighted average. Yet, it
does not inject geo-context into the representations.

On the other hand, a few pretraining-based methods in-
volve a bridging process to align crude attribute represen-
tations with mature unimodal representations. GeoLM (Li
et al. 2023) uses contrastive learning on top of SpaBERT to
align (geo-entity, article) pairs from Wikidata and Wikipedia
but shares SpaBERT’s limitations. CITYFM (Balsebre et al.
2023a) aligns multimodal data (entity and geometry image).
Earlier methods, such as location-based contributions (Ab-
dalla 2016; Balley, Parent, and Spaccapietra 2004; Tabarro
et al. 2017; Schifers and Lipeck 2014), primarily relied on
coordinates to determine entity matches. Rule-based solu-
tions (Deng et al. 2019; Shivaprabhu, Balasubramani, and
Cruz 2017; Miller et al. 1990; Morana et al. 2014; Isaj,
Zimanyi, and Pedersen 2019) depended on manually de-
signed rules or textual similarity metrics. Neither of these
methods considers attribute semantics and geo-context.

General Entity Resolution

While geo-specific methods that consider spatial correla-
tion have shown promise, general entity resolution (ER)
approaches (Christophides et al. 2019; Barlaug and Gulla
2020) can also be applied to geo-entity matching. Declara-
tive rule-based (Dalvi et al. 2013; Elmagarmid et al. 2014;
Wang et al. 2011) and crowd-sourcing-based (Gokhale et al.
2014; Wang et al. 2012; Firmani, Saha, and Srivastava 2016)
methods offer human oversight but can be less scalable, and



require labor, poor on non-structured data (Mudgal et al.
2018). ML-based methods, which train classifiers like SVM
(Bilenko and Mooney 2003), active learning (Sarawagi and
Bhamidipaty 2002), and MLP (Ebraheem et al. 2017b;
Konda et al. 2018), offer scalability and can learn from data
without explicit rules, gaining increasing attention.

In ML-based methods, deep learning has emerged as the
state-of-the-art for ER due to its ability to dynamically learn
distributed representations of entities. Early adopters like
DeepER (Ebraheem et al. 2017a) and DeepMatcher (Mud-
gal et al. 2018) use LSTMs and sequence-aware RNNs with
attention, respectively. Subsequent works, such as M2M (Fu
et al. 2019), Seq2Seq (Nie et al. 2019), and HierMatcher (Fu
et al. 2020), build on DeepMatcher to enhance performance
on specific datasets. Pre-trained language models (LMs) like
BERT (Devlin et al. 2019), trained on massive text corpora,
have achieved higher accuracy in ER. Ditto (Li et al. 2020)
treats ER as sequence-pair classification using fine-tuned
LMs, introducing domain knowledge highlighting and data
augmentation, and supports many pre-trained LMs, making
it the best-performing algorithm for general ER benchmarks
and suitable for empirical comparison with our method. Sub-
sequent work (Li et al. 2021) applies BERT in siamese net-
works for efficient blocking and comparison, and JointBERT
(Peeters and Bizer 2021) extends this for multi-class match-
ing. However, the aforementioned solutions do not account
for the spatial correlation and geographical context.

Preliminary
Geo-Entity Resolution

Let D be a geo-entity dataset with |D| entities, m
textual attributes A {A[1], A[2],...,Alm]}, and
two geospatial attributes {latitude,longitude}. Each
geo-entity e € D consists of attribute values V'
{e.A[1],e.A[2],...,e.Alm], elatitude, e.longitude}.
Here, e.A[k] is the k-th attribute value of entity e. Geo-
Entity Resolution (GER) aims to identify matched entity
pairs that refer to the same real-world entity across all
available geospatial datasets. In its simplest form, GER
applies a function M that maps each pair of entities
descriptions (e1,e3) € Dy x Dq to {true, false}, where
M(ey,e2) = true means e; and ey refer to the same
real-world entity, and M (eq, ea) = false otherwise.

Language Models for Entity Representation

Pre-trained language models (LMs) based on the Trans-
former (Vaswani et al. 2017), such as BERT (Devlin et al.
2019) or GPT (Brown et al. 2020; OpenAl 2023), exhibit
strong semantic expressiveness. The self-attention mecha-
nism allows these models to generate word embeddings,
deeply capturing meanings in various contexts. Leveraging
this, the geo-entity community increasingly adopts LMs for
entity representation by transforming entity attributes into
pseudo-sentences. For example, (Li et al. 2020; Ge et al.
2023) construct pseudo-sentences .S(e) for each entity e as:

S(e) = [COL] A[1] ... [COL] A[m] [VAL] e.A[m] (1)
here the token [COL] precedes the attribute name, and the
token [VAL] precedes its value, indicating to the LM model
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which attribute belongs to a set of tokens. After inputting
the sequence S(e) of length |S(e)| into LMs, the output is a
sequence of the same token length as the input:

h = LM(S(e)) )

each token is a d-dimensional embedding of the input word,

denoted by h € RIS(©)X4_ This enables encoding each en-
tity attribute with different lengths and types simultaneously,
injecting context information across the entity’s attributes.

Message-Passing for Geo-Contextualization

Most current Graph Neural Networks (GNNs) can be formu-
lated as message-passing architecture, where node represen-
tations are computed by iteratively aggregating the embed-
dings of their neighboring nodes. Typically, GNNs embed
node n; through the following equation:

oi = AGG'({(hj ",riy) G €N} )

hl = UPDATE'(hl™!,0!) (4)

hi~! and Rl are the embeddings of node n; before and
after the {-th convolution, r;; is the embedding of the edge
between n; and n;, and N () represents the neighbors of
n;. Specifically, Eq. (3) computes the aggregated message oﬁ
from A/ (i), while Eq. (4) combines o} with h.~* to produce
the updated embedding h! for node n;.

In real-world, an entity’s latitude and longitude can vary
based on user-uploaded POI (point of interest) positions,
such as entering campus from different gates. This variabil-
ity can alter the sequential distance ranking of neighbors
relative to the pivot entity. Moreover, spatial distance dif-
fers from token distance in the sentence. Thus, neighbor in-
formation should not be learned in a serialized manner, it’s
highly recommend to capture the non-sequential features by
passing messages between related entities (i.e. nodes).

Robust GER Through UMP and CP

We first introduce our information theory, formulating the
goals of robust GER. Subsequently, we present our frame-
work based on the theory and justify our design step by step.

Information Theory Approach to Robust GER

We denote the real geo-entity with a random variable x; and
the observed part (record) in the geo-dataset with the random
variable e;, where 7 represents a specific entity. I(z;; e;) in-
dicates the mutual information between x; and e;, measuring
how much information one variable provides about the other.
Since x; is often unavailable, prevailing approaches find
matched entity pairs based on pairwise entity comparison,
i.e., I(e1; e2). Yet, noisy data makes measuring I (eg; e2) un-
reliable. To tackle this, we use e; and the neighbor entity set
N (e;) to construct representations z; that:

max [(z;;2;) st I(z) — I(2i52) =0 Q)
where maximizing I (x;; z;) extracts entity-related informa-
tion, zeroing out (I(z;) — I(x;;2;)) eliminates noise. We
replace M (ey, e3) with M(z1, z2) for matching in GER.
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Figure 2: (a) Running example of encoder: The UMP refines

the BERT’s embeddings, and the self-attention enables communi-

cation between the refined tokens, followed by our pretraining tasks (AEP & MLM). (b) UMP overview: Each neighbor’s token
embeddings serve as keys/values to perform cross-attention with the pivot entity, obtaining aligned messages for aggregation.
(c) Finetuning example: pre-trained embedding is used to classify each candidate pair as matching or non-matching.

Framework Overview

As Figure 2 shows, we present our framework that purses
robust GER by pretraining and fine-tuning. Pretraining en-
ables the model to learn denoised and informative entity rep-
resentations z; injected with geo-context by solving Eq. (5).
Finetuning achieves the specific GER task. Specifically, we
base the encoder on BERT, which is used to extract initial
entity representations h; with Eq. (2); to fully consider the
neighbor information for token-level denoising, a novel un-
aligned message passing technique is subsequently applied.

Encoder Architecture Using UMP

Our encoder consists of 3 components (Fig. 2(a)): (1) BERT
sequentially embeds textual attributes. (2) UMP layer refines
the former entity embeddings. (3) Self-attention layer en-
ables the communication between refined entity tokens.

Unaligned Message-Passing (UMP) To integrate geo-
context, it’s straightforward to use message-passing to re-
fine entity representations h; by propagating neighbor fea-
tures {h; } jenr(;)- However, existing message-passing layers
assume aligned features, typically one-dimensional, while
geo-entity from multi-source datasets have different token
lengths of |S(e;)|. Though pooling h; results in an aligned 1-
dimension vector, this prevents selective token-level denois-
ing using geo-context (Figure 1). Thus, to adapt message-
passing for unaligned node features and enable token-level
denoising, we devise a new message computation structure
based on cross-attention and rewrite Eq. (3) and Eq. (4),

Q7l;71 — h£71WQ, Kjl-71 _ héleK) V'jlfl — héleV
(6)
éflsz_qT
mij T (7)

k
hi = UPDATE'(h{™!, AGG' ({{(m{; ", r;;) : j € N(i)}(é%)

-1 _

softmax( )lefl

where hfl and h! represent the embeddings of node n; be-

fore and after the [-th convolution and have the same shape.
Wg € R™da Wi € R*4k and Wy, € R4 are trainable
parameters (d, = dj). Message migl has shape RIS(e)lxd,
Unlike existing message-passing layers that struggle with
varying token lengths, our approach allows n;’s tokens to
query spatial neighbor n;’s misaligned tokens.

Finally, classic graph convolution (Kipf and Welling
2016; Velickovic et al. 2017) theory can be applied to AGG
and UPDATE. We base the UMP on the Graph Attention
Network (Velickovic et al. 2017) for its effectiveness and
scalability. As we only consider information propagation
from neighbors to a pivot entity, one layer is sufficient. The
single-layer UMP in our experiments is detailed as:

s =avg(h) - Wy )
a;; = o(LeakyReLU ([s;; s5] - Wa) + 135 - W3)  (10)
UMP(h;) = hi + ) aij-my; (11)

where avg(-) averages refined tokens to obtain a coarsened
representation s € R[] signifies concatenation; r;; € R!
represents the Haversine distance between entities ¢ and j;
o is an activation function mapping values between 0 and 1;
«;; is the normalized attention score; Wy € RIxd' W, €

! .
R24' %1 1}/3 € R¥! are trainable parameters.

Contextualized-Pretraining (CP)

We view the embeddings sequence output by our encoder
as z and increase a lower bound for Eq. (5) with two tasks.
During pretraining, we empirically retrieve neighbors with a
random cutoff: we randomly select 50 to 150 of the nearest
neighbors within 1000 meters of the pivot entity.

Task #1: Adjacent Entity Prediction (AEP). Intuitively
Spatial distance is proportional to the correlation between
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geo-entities, supported by Tobler’s First Law of Geography:
“Everything is related to everything else, but near things
are more related than distant things” (Tobler 1970). To cap-
ture this relation, we devise a pre-training task of binarized
adjacent entity prediction, easily generated from any multi-
source geo-entity database. Specifically, each data sample
consists of 2 entities from different databases, denoted as
(A, B). (A, B) is labeled as IsAdjacent when selected B is the
closest entity to A, and (A, B) is labeled as NotAdjacent if B
is a randomly selected entity. We then construct the pseudo-
sentences S(A) for A and S(B) for B based on Eq. (1), and
combine them into a new sentence for pre-training:

Comb(A, B) = [CLS] S(A) [SEP] S(B)  (12)

where [CLS] and [SEP] are special tokens in BERT. The
BERT encodes Comb(A, B) to yield word embeddings E:

[Ects) [Eh -+ EX] [Esep) [Bp ... EF] (13)

We separate [EY, ... EY] as ha, and [ES ... EY] as
hp, and refine these two representations using their respec-
tive neighbors through the same UMP layer. Finally, we ap-
ply the self-attention mechanism to update the embedding
of the CLS token, where its output embedding will be used
for adjacent entity prediction (Figure 2(a)). Notably, when
generating embeddings for textual attributes, coordinates are
excluded, given that the pre-trained labels are based on re-
lationships defined by coordinates. We aim to recover the
spatial relationships by comparing the neighboring entities.
Task #2: Masked Language Modeling (MLM). Inspired
by BERT, we apply MLM to pseudo-sentence, motivating
the model to recover masked tokens utilizing linguistic and
geo-contexts from its neighbors. In the dataset generated for
Task #1, we randomly select 30% of the attribute/value token
positions in pseudo-sentence for prediction. If the ¢-th token
is chosen, it is replaced by the [MASK] token 50% of the
time, and by a random token the other 50% of the time.
Theoretical Analysis. Eq. (5) can be maximized based on
the Lagrange multiplier, constraints are satisfied for A — oo,
we have: max,, (1 + A)I(x;;2;) — AI(z;). CP aims to maxi-
mize (1+ )1 (x;; z;). For MLM, given pivot entity e; and its
neighbors N/ (z), entity set {e; } UN (%) is randomly masked
to obtain {e} } UN" (%), which is then encoded by a neighbor-
aware encoder f to produce the masked representation as
zi = f(e} UN'(i)). We approximate the maximization of
I(e;; z;) by reconstructing the tokens of e; from z;. If e; for
CP is a low error observation of x; (i.e., I(z;;€;) = I(e;)),
we have a lower bound of I(z;; z;) > I(e;; 2;).

Proof. Chain rule gives two decompositions of I(z;; x;, €;):
I(zi;w5) + 1(zis €ilws) = I(zise) + I(zi;wile;)  (14)
Based on I(z;;e;) =~ I(e;), we know that e; is completely
determined by x;, which means the conditional mutual infor-
mation I(z;;e;|x;) = 0. I(x;;2;) > I(e;;2;) follows from
the non-negativity of I(z;; x;|e;) and symmetry of I(;).
Yet, MLM may trivially lead to I(x;;2;) — I(e;). To
make I(z;;z;) — I(x;;e; UN (7)), we view AEP as match-
ing “regions”. Since pre-training does not encode coordi-
nates, this motivates z; to integrate more neighbor informa-
tion. During fine-tuning, we reduce A\I(z;) and retain factual
part by projecting z; onto a lower-dimensional vector.
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Finetuning on GER

We follow the prevailing Blocking then Matching pipeline.
Blocking. Due to GER’s originally quadratic time complex-
ity of | D1| x | D3| comparisons, Blocking reduces the com-
putational cost to the most likely matches denoted by C. We
adopt the strategy in (Balsebre et al. 2022), selecting candi-
date pairs based on textual similarities and spatial distance,

sim(name.,, name,;) > 0.6 A dist(e;, e;) < 1000 (15)

where sim(-) and dist(-) are measured by Levenshtein Edit
distance and Haversine distance, respectively. Experimen-
tally, we choose the distance threshold based on the base-
line’s blocking settings to maximize recall.

Matching. We use our pre-trained encoder for matching in
C, integrating it with BERT-based matchers (Balsebre et al.
2022; Li et al. 2020). Note that our encoder requires addi-
tional neighbors for injecting geo-context; unless otherwise
specified, we select neighbors with Eq. (15) by default.

Experiments

Experimental results are reported as the F1 score on the test
set, selected from the epoch with the highest validation F1.
The number of algorithm runs for each reported result is 10.

Datasets

Our experiments use three renowned geo-entity databases:
OpenStreetMap (OSM) is a collaborative open-source map-
ping project with points of interest such as landmarks; Yelp
and Foursquare (FSQ) provide user-generated content, offer-
ing insights into business, urban mobility, social dynamics.
Pretraining Dataset. We use data from Singapore, Edin-
burgh, Toronto, and Pittsburgh, combining OSM with Yelp
to create OSM-Yelp and OSM with FSQ to create OSM-
FSQ data source. For each city, we generate 5,000 positive
sample pairs by selecting entity A from either OSM-Yelp or
OSM-FSQ and the nearest distinct entity B from the other
data source. An equal number of negative pairs is created by
randomly pairing entities from different positive pairs.
Finetuning Dataset. Previous work (Balsebre et al. 2022)
provides a GER dataset with more than ten thousand labeled
pairs, including 4 cities. The annotated data is divided into
training, validation, and test sets, as detailed in Table 1.

Baselines

We compare work with relevant baselines from previ-
ous work, including Geo-Entity-Based methods, such as
Geo-ER (Balsebre et al. 2022), GeoVectors (Tempelmeier,
Gottschalk, and Demidova 2021), SpaBERT (Li et al. 2022),
GeoLM (Li et al. 2023); Generic-Entity-Based methods like
DeepMatcher (Mudgal et al. 2018), Ditto (Li et al. 2020).
The variants of Ditto using BERT (Devlin et al. 2019), AL-
BERT (Lan et al. 2019), RoBERTa (Liu et al. 2019), Distil-
BERT (Sanh et al. 2019) are also considered. For all base-
lines, we use the code provided by the authors and retain the
best results within their original parameter options. GeoVec-
tors, SpaBERT, and GeoLM are encoders for embedding
geo-entity; For matching, we use an MLP to classify the
concatenated embedding of candidate pair, tuning parame-
ters such as the number of layers and hidden dimensions.



Split Source Singapore Edinburgh Toronto Pittsburgh
All-Available OSM/FSQ/Yelp  23,985/31,936/13,699  11,389/7,549/3,868  38,286/18,851/17,204  9,387/11,579/6,356
FT-Train/Valid/Test OSM-FSQ 1,000/454/2,778 1,000/454/5,246 1,000/454/6,270 1,000/454/1,454
OSM-Yelp 1,000/454/4,428 1,000/454/3,166 1,000/454/9,398 1,000/454/1,790

Table 1: Number of available entities (All-*) and annotated pairs for finetune (FT-*).

OSM-FSQ OSM-Yelp
Singapore  Edinburgh  Toronto  Pittsburgh Singapore Edinburgh  Toronto  Pittsburgh
20% perturbation ratio
DeepMatcher 7204016 7264.009 7124007 . 726+.006 .6634+.023 7744006  .7304+.002  .752+.014
Ditto-BERT (0.05) 7034+.004  .7584.008  .7284.005  .729+.008 738+.004  .8164+.015  .7634+.009  .787+.012
“GeoVector  .601+.022 5294018  .568+.199  .539+.023 . 4914198 667004  .679+001  .663+.001
SpaBERT .644+£.004  .650+£.009  .646+.010  .6894.005 4124275 .6834+.004 6844007  .6714.009
GeolLM .679+.010  .6434+.007  .696+.013  .7014.004 .663+.012  .660+.005 .726+.011  .7334.005
Geo-ER (0.48) 725+.013  .818+.002  .797+.004  .807+.004 .800+.002  .883+.003 .847+.007  .853+.001
Geo-ER+UMP&CP (1) .8024.008 .836+.006  .8224+.007  .836+.008 830+.005  .908+.001  .870+.004 .890-+.001
BERT+UMP&CP (0.58)  .804+.004  .836+.001  .826+.004 .834+.005 .8294.002 9054.003  .8654.004  .884+.003
Improvement 7.9% 1.8% 2.9% 2.9% 3.0% 2.5% 2.3% 3.7%
40% perturbation ratio
DeepMatcher .680+.005  706+£.002  .6704+.019  .6874.007 .662+.001 729+.006  .6874+.009 7244014
Ditto-BERT (0.05) .675+.006 .691+.006  .690+.004  .689+.008 6874+.009  724+.008  .6824+.017  .7214.008
“GeoVector  .583+.017  .526+.049 .529+.159  .505+£.026 . 4464067  .665+.005 .671+.009  .652+.061

SpaBERT .6364+.002  .6304+.003  .6334+.006  .680+.012 5124006 .6624.009  .6694.003  .655+.009
GeoLM .6654+.006  .6394+.004  .6744+.010  .693+.007 .643+.005  .671+.017  .6894+.003 .719+.013
Geo-ER (0.48) .6184+.030  .7424+.005  .698+.016 .7204.006 6724011 775+011  .752+.003  .769+.007
Geo-ER+UMP&CP (1) 740+.007  .768+.001  .758+.010  .760+.007 J762+.001 B17+.004  .807+.008  .833+.005
BERT+UMP&CP (0.58)  .739+.011 7564+.009  J758+.002  .755+.003 756+.004  .823+.003  .804+.007  .825+.003
Improvement 6.0% 2.6% 6.0% 4.0% 1.5% 4.8% 5.5% 6.4%

Table 2: F1 under 20%/40% perturbation ratio; highest, significant, best alternative results and (norm time-cost) are highlighted.

Implementation Details

We integrate our proposal (denoted by +UMP&CP) into
the state-of-the-art method Geo-ER and a foundational LM
BERT without altering their hyperparameters. For all ad-
ditional attention layers introduced, the dimensions of the
query and key are set to 256 (corresponding to d, and dy,
in Eq. (6)); the dimension of the value d, = d matches
the output feature dimension of the expanded transformer;
in Eq. (11), dimension for aggregation d’ is set to 256, and
the activation function o is set to be sigmoid or softmax.

Perturbation-Based Evaluation

Our research addresses geo-entity resolution (GER) under
poor dataset quality conditions, such as spelling errors and
missing values. Since no geospatial dataset includes stan-
dard metrics for data quality, we introduce a perturbation ra-
tio to quantitatively analyze method robustness. This ensures
experiments are conducted under controlled poor-quality
conditions, reducing data variations by comparing perfor-
mance before and after perturbations. Given a perturbation
ratio p, we randomly select p% of attribute/value token po-
sitions in all entities for perturbation, replacing tokens with
either [MASK] (50%) or random tokens (50%), to simulate
value missing and spelling error respectively. Latitude and
longitude from geo-positional systems are excluded from
perturbation. We then use these perturbed entities as in-
put for various GER methods. For a fair comparison, all
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neighbor-based methods use the same neighbor selection
scheme based on Eq. (15), followed by perturbations.

Results

Results on General Perturbation. Table 2 details the ex-
perimental results under the perturbation ratio of p = 20%
and p = 40%, a common span that is most likely to be en-
countered in poor data quality scenarios. On each dataset,
the algorithm with the highest F1 is highlighted in bold.
For clarity, the last row shows the improvement of our pro-
posal over the best alternative; the significant improvement
is underlined (confidence level is 95%). Our method signifi-
cantly improves the performance of the baseline method on
all datasets, achieving the highest F1 and exceeding the best
alternatives by at least 1.8% to a maximum of 7.9%. Based
on these results, we also have several findings.

First, when the data quality is slightly perturbed (p =
20%), methods that learn neighbor information in a graph
manner (Geo-ER and our proposals) consistently outper-
form those that learn in a sequence manner (SpaBERT, Ge-
oLM). Interestingly, sequence-based methods do not even
surpass some general ER methods that do not utilize neigh-
bor information (Ditto, DeepMatcher), indicating that the
way neighbor information is utilized matters. Second, as the
perturbation ratio rises from 20% to 40%, w.r.t noise in the
dataset increases, the performance of Geo-ER on the Singa-
pore dataset becomes steep and also falls behind most of the
general ER methods, due to Geo-ER not denoising tokens
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Figure 3: Impact of different perturbation ratio p on robustness evaluation.
OSM-FSQ OSM-Yelp
Singapore  Edinburgh ~ Toronto  Pittsburgh Singapore  Edinburgh ~ Toronto  Pittsburgh
Geo-ER + UMP&CP  .802+.008  .836+.006 .8224+.007 .836+.008 830+.005  .908+.001  .870+.004  .890-+.001
(-) UMP 805+.001  .833+.001  .8174+.005 .824+.010 8244006  .901+.004  .8504+.003  .872+.005
(-) CP MLM&AEP)  .780+.007 .8304+.005  .8164.007 .820+.015 .807+.004  .8984+.002  .8624.002  .8844.005
(-) MLM J77+.001  .8244+.003  .8144.003  .8114.004 .810+.011  .8944.009  .8514+.002  .877+.006
(-) AEP 7924005 .8104+.002  .8164.005  .8234.004 8124011 .8934+.005  .8444.004  .8814.004
(+) Trivial Neighbors .796+.002 826+.011  .8254+.006 .830-£.006 .8134.003 901+.004  .8724.007  .884-+.004
Geo-ER .7254.013 8184+.002  .797+.004  .8074.004 .800+.002  .8834+.003  .8474.007  .8534.001
(+) Trivial Neighbors .7204.007 813+.006 .7984+.004  .8064.006 [7874.003 .8784+.005  .836+.002  .849+4.007

Table 3: Ablation results under a 20% perturbation ratio, highest F1 is highlighted in bold, (-) indicates the removed component.

when injecting neighbors, thus introducing more noise; in
contrast, our method is capable of selectively capturing fine-
grained neighbor information and can maintain top-tier per-
formance on noisy data. Lastly, we observe that the basic
adaptation (BERT+UMP&CP) also yields competitive re-
sults and shows an average 9% improvement over its original
application (Ditto-BERT), highlighting our generalizability.

Impact of Different Perturbation. The full results in Fig-
ure 3 are conducive to a comprehensive understanding of the
robustness experiments. As p varies from 0% to 100%, the
quality of the dataset becomes increasingly poor. We note
that p = 0 indicates no perturbation, which is a standard
benchmark widely adopted in previous work (Balsebre et al.
2022); in this setting, various methods can achieve compet-
itive performance because comparing the semantics of two
entities can essentially distinguish them, and the introduc-
tion of geo-context injection in our method can only bring
a slight improvement. For the case when p <60%, our pro-
posal consistently ranks top-1 over all datasets, and its per-
formance degrades more slowly compared to alternatives as
the perturbation ratio increases; this indicates that leverag-
ing geo-context can enhance the robustness of GER. It is
interesting to note that when p > 80%, our method’s perfor-
mance is no longer consistently dominant; we attribute the
decline to the extremely poor data quality, where neighbors
hardly provide useful information and even contribute more

noise; yet we still exceed the baselines that utilize neighbors
and is competitive to the general ER methods.

Ablation Results. To justify our design, we remove UMP
and CP individually to assess their impact. As shown in
Table 3, both UMP and CP enhance baseline performance
independently, and their combination results in stable per-
formance. Removing tasks such as AEP or MLM leads to
worse results than removing CP, highlighting the importance
of learning both fine-grained tokens (MLM) and coarse-
grained regions (AEP). We also test the impact of neighbor
selection by replacing spatially and textually similar neigh-
bors (Eq. (15)) with Trivial Neighbors (the 50 closest within
the same distance block). This results in a decline in Geo-
ER’s average performance, with no improvement in rank.
However, our method still maintains top-tier performance
even with trivial neighbors, validating our proposal.

Conclusion

To tackle the real-world challenge of robust geo-entity reso-
lution, we introduce a new message-passing module (UMP)
and a contextualized-pretraining framework (CP) that effi-
ciently leverages unaligned attributes across spatial neigh-
bors for geo-context injection. Extensive experiments and
ablation studies demonstrate our superiority in terms of ro-
bustness. The code and processed data can be found in this
url: https://github.com/2022neo/ger_ump_cp
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