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Abstract. Urban environments are composed of intricate spatial structures and
movement patterns, impacting various urban elements like transportation, land
use, and economic activity. Firstly, in this dissertation, we review the geospatial
artifical intelligence literature on urban region representation models, catego-
rizing them based on learning paradigms, spatial data modalities, and architec-
tural design. Furthermore, we highlight key challenges on region representation
models such as the data quality issue, which some datasets are incomplete, pre-
senting mising labeled data. Additionally, urban region models overlook spatial
heterophily, where adjacent regions can have varied functions, being an intrinsic
characteristic of geographic data. To resolve this, we present HAVANA (Hybrid
Attentional Graph Convolutional Network for Semantic Venue Annotation), a
model using Graph Neural Networks and human mobility data to advance POI
classification improving geographic data quality. Building upon this improved
data representation, we introduce a novel spatial heterophily-aware Graph
Transformer named FisherGT which is incorporated on HAMURE (Heterophily-
Aware Urban Multi-View-Based Region Embedding), a self-supervised multi-
stage model. Hence, HAMURE improves representation quality, yielding better
outcomes for land use clustering, crime prediction, population density estima-
tion.

1. Introduction

Cities are complex systems composed of interconnected environments, including neigh-
borhoods, road networks, and amenities such as shopping centers and pharmacies. These
elements create a dynamic and livable space for human activities [Dong et al. 2024]. De-
lineating a city is a challenging task due to its intricate characteristics.

A city can be defined by its physical structure and inherent activities. Form and
function are fundamental characteristics that shape the spatial structure and functional-
ity of a region, which can be represented through geographic entities and human mo-
bility patterns [Reia et al. 2025]. While geographic entities, including points of interest
(POIs), building footprints, and railway lines, describe the physical structures within a
region; human mobility captures movement patterns between the origin and destination
places. These aspects reveal latent urban characteristics, helping to describe urban dy-
namics [ Yang et al. 2023], and comprehend human lifestyles [Ma et al. 2024].

With increasing computational capabilities, multimodal models have emerged as
a solution to develop general-purpose urban region representation models that can be
widely applied to various downstream tasks such as crime prediction [Zhang et al. 2023a,
Zhang et al. 2023b], and population density estimation [Li et al. 2023]. Conse-
quently, these models provide valuable insights for urban analytics and planning
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[Klemmer et al. 2023, Guo et al. 2024, Li et al. 2024]. Given the evolution of urban re-
gion representation models, it has become crucial to comprehensively review, categorize,
and analyze these approaches to identify current limitations and future research directions.

Therefore, through a comprehensive review on urban region representation mod-
els, we identified two primary challenges data quality and spatial heterophily. These two
issues can degrade model performance and limit its usability to diverse cities, resulting in
suboptimal outcomes for urban applications.

Regarding quality data, a key issue lies in missing labels for points of interests
which impact the performance of spatially-explicit models. With the increasing avail-
ability of spatial and mobile phone data, semantic venue annotation can leverage from
urban signature composed of human mobility patterns [Ye et al. 2011], spatial neighbor-
hood proximity [Yao et al. 2018], and geographic characteristics such as roads and rivers
[Niu and Silva 2021].

Additionally, urban areas exhibit spatial heterogeneity, where neighboring places
can play complementary roles when comparing functional categories [Du et al. 2019]; in
other words, close places may show different functions. This is a unique feature of geo-
graphic space that is often overlooked by urban region representation models that encode
cities as graphs. Vanilla Graph Neural Networks are based on homophily assumption,
which posits that nearby nodes should be similar - this conflicts with the Third Law of
Geography [Zhu and Turner 2022]. Hence, urban region representation models need to
incorporate spatial heterophily in order to capture the variety of spatial configurations
that can occur even among adjacent areas.

2. Contributions

The primary objective of this dissertation is to contribute to the fields of semantic venue
annotation and urban region representation learning by developing and evaluating ad-
vanced graph-based models. The specific objectives are:

* Provide a comprehensive review of urban region representation learning models.
This review categorizes existing methodologies on urban region representation
learning based on data modalities, architectural design, and learning paradigms,
identifying key challenges and future research directions.

* Investigate the use of Graph Neural Networks (GNNs) for semantic venue an-
notation. This includes evaluating whether human mobility patterns and spatial
relationships improve POI categorization accuracy, enhancing data quality.

* Incorporate spatial heterogeneity into urban region representation learning
through FisherGT, a novel Graph Transformer aligned with the Third Law of Ge-

ography.
In summary, this dissertation seeks to advance the field of urban analytics by de-

veloping methodologies that enhance both semantic venue annotation and urban region
representation learning, thus enhancing GeoAl.

2.1. Urban Region Representation Learning: A Comprehensive Review

Compared to classical fields like images and speech, the study of spatial characteristics
of the environment has gained significant attention in recent times, leading to the emer-
gence of an area known as spatially-explicit geographic artificial intelligence (GeoAl)
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[Grekousis 2019].  GeoAl utilizes spatial data to enhance model performance across
various issues in urban dynamics, urban area differentiation, and social sensing fields
[Liu and Biljecki 2022]. The examination of urban dynamics encompasses the concept
of spatial transformation over time, influenced by shifts in human mobility patterns
[Yang et al. 2023] and the availability of amenities [Bittencourt and Giannotti 2021].

Comprehending an urban region is essential since it facilitates the association be-
tween static attributes and city dynamics. Therefore, urban region representation learning
aims to represent an urban area in a vector space considering region intricacies being a
challenging computational endeavor due to variety of geographic entities. While urban re-
gion representation learning is vital in geographic artificial intelligence, existing reviews
fall short in discussing region representation methods.

Hence, we comprehensively review about 40 methods that focus on learning urban
region characteristics to apply on downstream tasks such as crime prediction, land use
clustering, health index prediction and we noticed that data quality and spatial heterophily
are two crucial challenges when modeling spatially-explicit models. Additionally, we
categorize these works under a novel taxonomy (Spatial Data, Learning Approaches and
Architecture Style). This survey is under review.

The first aspect of taxonomy, i.e., spatial data, encloses Human Mobility, Spatial
Entities, Satellite Images and Geo-Tagged Social Media Data. The second aspect, Learn-
ing Approches, is divided into Reconstruction, Discriminative, Generative and Hybrid.
Lastly, Architecture Style separates the literature over Word-Like, Graph Embedding,
Convolutional Neural Network, Transformer and Matrix Decomposition.

2.2. HAVANA: Hybrid Attentional Graph Convolutional Network Semantic Venue
Annotation Model

Location-based social networks (LBSNs) capture the intrinsic mobility characteristics of
visitation patterns, providing a vast source of data. Nowadays, there are various LBSNs
data sources available, such as Yelp, Foursquare, and Gowalla, which frequently have
missing features, and incorrect or inconsistent labels [Psyllidis et al. 2022], leading to er-
rors in different domains, such as site selection and urban planning. Therefore, as noticed
in survey and [Milias and Psyllidis 2021], it is necessary to develop methods that can ac-
curately label the points of interests (POIs), a problem also known as semantic venue
annotation, since the place category is essential for gaining in-depth knowledge of user
displacements [Ma et al. 2024]. Furthermore, improve data quality, enhance indirectly
urban region representation models.

Therefore, we present our contribution, published in BRACIS 2025, a novel
model named HAVANA [dos Santos et al. 2024] (Hybrid Attentional Graph Convolution
for Semantic Venue Annotation) that integrates spatial and spectral graph convolution
to enhance the accuracy of semantic venue annotation. Specifically, our model com-
bines the spatial and spectral convolution, represented respectively by Graph Attention
Network (GAT) [Velickovi€ et al. 2017] and Auto-Regressive Moving Average (ARMA)
[Bianchi et al. 2021], into a hybrid block. The output of this novel block is aggregated us-
ing self-attention [Vaswani et al. 2017] and a two-layer feedforward network with resid-
ual connections.
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2.3. Fisher Graph Transformers: Geometry-Aware Attention for Spatial
Representation Learning

Following the comprehensive review, spatial heterophily is overlooked on urban region
representation models, although it is an important characteristic already noted by some
works [Xiao et al. 2023, Du et al. 2019, Zhu and Turner 2022]. Therefore, we propose
a novel Graph Transformer named FisherGT based on Fisher Embedding Information
Matrix approximation using Jacobian Vector Products to improve the attention weights.
This novel method FisherGT replace the Euclidean Attention incorporated into scaled-
dot-product to Fisher Elliptical Attention inducing an anisotropic interaction geometry
between embeddings. This novel method is under review.

In order to tackle spatial heterophily within geographic environment, we incor-
porated it on a multi-stage urban region representation learning model named HAMURE
that comprises a fine-grained stage to capture local correlations from points of interests
and building footprints within a region and a coarse-grained stage to capture global infor-
mation from region-level embeddings.

HAMURE leverages a Fisher Graph Transformer, capturing spatial long-range
dependencies [Di Giovanni et al. 2023] while attending to diverse spatial configuration
even on close neighborhoods. Moreover, the fine-grained stage focuses on structural lo-
cal properties of a graph by applying random-walk encoding [Zhang et al. 2018], while
Laplacian positional encoding [Kreuzer et al. 2021] is used in the coarse-grained stage
to capture a broader spatial context of each region. Additionally, we introduce a self-
supervised method that combines three distinct region graph views while preserving intra-
view similarity with a joint learning module. Furthermore, we utilize data from Open-
StreetMap (OSM) to address challenges related to data availability.

3. Indirect Contributions

Besides the direct contributions presented in dissertation, a model for semantic venue an-
notation, a comprehensive review and an urban region representation model for handling
spatial heterophily with Graph Transformers, there were also indirect contributions which
were proposed during master’s.

Firstlyy, we propose a parallel human mobility mining framework
[Santos et al. 2025], which served as a tool to extract semantic motifs to under-
stand the shifting behavior of mobility during the easing restrictions of COVID-19.
Secondly, we evaluate the site planning of electric charging stations to heavy-duty
vehicles using a proposed simulation of queues and capacity of hexagonal network
and discrete location models, such as Hexagonal P-Median and Hexagonal Capacitated
Location Set Covering Model [dos Santos et al. 2025].

Although these works were not explicitly included in the dissertation, they were
projected and published during the master’s program. They intersect with urban analytics
and contribute to the understanding of urban characteristics, being valuable to compose
the scope of this dissertation.

4. Results

In this Section, we present the performance of HAVANA considering the average F1-
Score on Texas, California and Florida, and HAMURE on three downstream tasks in
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New York City, Chicago, and Singapore compared to state-of-the-art approaches. We
also include the results obtained when HAMURE is used with FisherGT compared to
Euclidean Transformers (ExpHormer [Shirzad et al. 2023], SGFormer [Wu et al. 2023],
Transformer [Dwivedi and Bresson 2020]), and Hyperbolic Transformer (HypFormer
[Yang et al. 2024]).

4.1. HAVANA

The results for each category shown by Table 1 demonstrate that HAVANA surpasses the
other methods in almost all scenarios, suggesting that the mechanisms adopted, i.e., at-
tention weights and skip-connections, yielded notable performance on the semantic venue
annotation task.

Furthermore, the performance on different states suggest that the method proposed
exhibits strong generalizability to different mobility patterns and city organizations, as ev-
idenced by improvements in the analyzed metrics. The consistent performance indicates
that HAVANA possesses high adaptability to diverse spatio-temporal city characteristics,
including the imbalanced category place distribution, as well as the variability of check-
ins and users quantities.

HAVANA PGC-NN STPA k-FN

Community ~ 3020+2.0 11.92+7.6 4294+131 13.95+04
Entertainment  81.93+0.9  71.69+£19  30.50+86  9.45%0.2

Food 7047 0.6  6299+08  41.92+1.1 289403

Florida Nightlife 60.71+2.0 382040  2354+77  571+04
Outdoors 6118+1.6 5258+1.6  3445+83  627+03

Shopping 5830+ 1.0 444752  5383+3.6  2338+02

Travel 7747+09  7053+1.0  33.64+72  1127+04

Community ~ 23.63+1.7 19.08+14 4332295  1477+0.1
Entertainment 5755+ 1.0 5044 £8.1  2692+84  6.98%0.1

Food 622301 599906  4460+4.1  34.130.1

California  Nightlife 48.89+0.6 1828+43  1924+56  528+03
Outdoors 3932+£1.5  3208+79  3639+97  7.72+0.1

Shopping 329808 17.68+33  51.07+7.1  21.6902

Travel 639308 604419 2553+£109 9.85+02

Community 2946+ 1.7  1500+43  4958+67  17.39+0.2
Entertainment  67.02%0.5  5579+£85  3042+7.7  836%0.1

Food 7256 £ 0.4 637822  4358+48  32.60 0.1

Texas Nightlife 7795+0.7  63.07+29  2438+50 74002
Outdoors 54.08+0.8 3994+59  3194+90  542%02

Shopping 5077+0.9 2478126 505138  22.73+0.1

Travel 664913 612311 2493+£100 57102

Table 1. Average F1-Score (%) by model, category, and state.

It is still noteworthy to highlight that STPA, PGC-NN, and k-FN do not present
satisfactory results, since they exhibit a high variance on F1-Score within different states.
Considering that, this lack of consistency in results suggests a higher sensibility to distinct
states and spatio-temporal characteristics. On the other hand, as the proposed model
comprises a hybrid convolution and weighting attention mechanism, it demonstrates a
higher consistency in different contexts. Then, these performance gains compared to the
state-of-the-art model reinforce the efficiency of the novel method.

4.2. FisherGT

We conduct experiments on New York City, Chicago and Singapore using embeddings
from HAMURE and the SOTA region representation models to contiguously cluster re-
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Models New York City
ARI1T NMI*t
POI-Encoder 0278  0.593
DGI 0.289  0.601
GAE 0.089  0.345
HGI 0.349  0.641
HAFusion 0.304  0.602
RegionDCL 0301  0.631
CityFM 0.304  0.626
HAMURE-FisherGT 0397  0.679

HAMURE-Transformer 0.346 0.631
HAMURE-Exphormer 0.313 0.622
HAMURE-SGFormer 0.291 0.617
HAMURE-HypFormer

Table 2. Land Usage Clustering Performance. Highlighted are the top first,
, third

gions (land use clustering), and for downstream tasks such as crime prediction and pop-
ulation density estimation. To quantitatively evaluate the quality of the resulting clusters,
we compare them against known community boundaries using Normalized Mutual Infor-
mation (NMI) and Adjusted Rand Index (ARI). Higher scores indicate stronger alignment
between the clustered spatial communities and real-world administrative. For crime pre-
diction and population density estimation we analyze Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), and R2.

4.2.1. Land Usage Clustering

Regarding Normalized Mutual Information, HAMURE outperforms other methods as
shown in Table 2, indicating its strong alignment with region clusters. Methods like
RegionDCL, CityFM, and HAFusion perform well but fall short compared to HAMURE,
highlighting the complexity of regionalization tasks. POI-Encoder and DGI yield lower
scores (NMI < 0.61, ARI < 0.29), showing weaker spatial organization in their embed-
dings. Note that the Hyperbolic Transformer variant also outperform all state-of-the-art
approaches, which can be attributed to the hyperbolic attention integrated into the model.
This finding indicates that the Land Use Clustering task can benefit from hierarchical
modeling and the use of hyperbolic space, although elliptical attention surpass hyperbolic
attention.

4.2.2. Crime Prediction

Similarly, crime prediction demonstrates spatial heterogeneity, as certain types of crimes
are more likely to occur in a specific area [Wang et al. 2016]. Models like RegionDCL,
which rely heavily on long-range dependencies, and do not account for local spatial corre-
lations explicitly, may overweight distant neighbors with limited influence, reducing their
capability to capture these localized patterns effectively.

HAMURE with FisherGT achieves the strongest performance in New York City
among all compared methods. This indicates that Fisher Elliptical Attention improves the
separability of local spatial clusters in urban environments, a property that is not effec-
tively captured by other geometric spaces such as Euclidean or Hyperbolic. In contrast,
the Fisher-based variant does not outperform HGI in Chicago — although it remains
competitive — because HGI is especially effective at capturing local spatial correlations
through its area-based regularization, particularly in Chicago. The Spearman correlation
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Models Chicago New York City
RMSE | MAE | R2 1 RMSE | MAE | R2 1

POI-Encoder 6865.58 +1422.87  4853.19 £547.63  0.151+0.078  118.82+31.20  87.59+13.85 0.311+0.016
DGI 7000.49 + 147494 493526 +411.46  0.120+£0.093  130.89+29.70  94.65+11.59  0.212+0.016
GAE 7241.67 + 1481.74  5153.21 £414.53  0.029+0.046  129.84+33.10  93.73+16.18  0.173 £0.012
HGI 5989.65 £ 1102.95  4120.60 + 437.60  0.341 + 0.120 84.39 +13.19  0.365 +0.019
RegionDCL 6827.63 +£1433.99  4767.28 £364.36  0.160+0.097  119.92 +30.58  86.86 + 13.56
HAFusion 7549.97 + 1237.57 544431 +385.77  0.032+0.030 13524 %36.14  95.60+14.53  0.093 +0.027
CityFM 6679.08 £ 1471.02  4629.56 £390.03  0.198 £0.063  121.03 +£30.03  88.67 +13.67  0.300 £ 0.017
HAMURE-FisherGT 111.12 +28.17  78.52+£12.82  0.488 + 0.018
HAMURE-Transformer  6756.74 + 1457.64  4720.02 £396.34  0.184 + 0.060 0.346 + 0.017
HAMURE-Exphormer 6362.97 £1397.42  4557.36 + 340.84  0.273+0.092  120.20+33.06 8630+ 12.18  0.291 £0.021
HAMURE-SGFormer 7279.66 + 1487.94  5258.26 +396.68  0.051 +0.039 128.89+£33.66  95.77+1629  0.240 +0.007
HAMURE-Hypformer 6755.19 £ 1425.48  4809.35 £355.81  0.182 +0.061 131.66 £36.13  94.09 +14.66  0.060 = 0.077

Table 3. Crime Prediction Performance. Highlighted are the top first,

third

between area and crime count is higher in Chicago (0.23) than in New York City (0.04),
supporting the idea that incorporating area into the model can lead to more information
leakage in Chicago.

4.2.3. Population Density Estimation

Regarding population density estimation, it is important to note the performance contrast
between HAMURE, HGI and RegionDCL. HGI outperforms other baselines methods
which can be attributed to HGI’s regularization of final output with region area, thus
leaking the density information for this task.

Models Singapore New York City
RMSE | MAE | R2 1 RMSE | MAE | R2 1

POI-Encoder 8626.89 + 1442.36 6314.69 + 1023.34 0.290 £ 0.173 8315.72 £ 606.42 6366.65 + 398.25 0.406 + 0.006
DGI 8233.45 £ 1341.23 6196.14 + 997.85 0.356 +0.139 8016.65 +378.85 6004.78 +207.23 0.408 + 0.063
GAE 7689.51 + 1235.03 5892.58 +731.92 0.432 +£0.120 9829.22 + 608.64 7537.82 +£411.96 0.115 +0.064
HGI 5193.49 + 1096.29

RegionDCL 7171.00 + 1792.72 5381.59 + 1060.04 0.478 + 0.137 6964.53 + 541.51 4933.97 + 383.626 0.552 +£0.042
CityFM 8863.76 + 2235.90 6898.97 + 1283.98 0.243 £0.141 8610.54 + 681.52 6727.13 £456.16 0.327 +0.005
HAFusion 10174.90 £ 1110.59 7757.68 +519.19 0.030 + 0.080 9504.55 + 877.47 7470.04 £ 616.78 0.172 £0.027
HAMURE-FisherGT 7078.00 + 1196.86 0.518 £ 0.13 6209.19 + 390.33 4435.84 + 296.62 0.645 + 0.041
HAMURE-Transformer 7193.00 + 1272.76 5423.66 + 836.84 6575.01 + 422.39 4686.96 + 295.72 0.602 + 0.046
HAMURE-Exphormer 8071.09 + 1486.49 5740.24 + 969.39 0.371 £0.184 6836.03 +424.57 4905.69 +289.94 0.570 £ 0.043
HAMURE-SGFormer 8859.41 + 1486.49 6832.93 + 952.40 0.255 +£0.159 8289.10 + 356.48 6130.62 +213.77 0.369 £ 0.052
HAMURE-Hypformer 8179.90 + 1334.62 6232.28 + 873.64 0.362 £0.142 8193.18 + 506.22 6389.43 +435.24 0.382 +£0.077

Table 4. Population Density Performance. Highlighted are the top first, ,

third

Table 4 show that HAMURE Fisher-based achieves the best performance regard-
ing population density estimation in Singapore and New York City. Additionally, Re-
gionDCL partitions the space using street networks, with the assumption that this enables
finer-granularity that better captures urban diversity. On the other hand, HAMURE re-
lies on predefined spatial boundaries, being much simpler model. Hence, these results
demonstrate that HAMURE is indeed capable of capturing spatial diversity incorporating
Fisher Elliptical Attention into Graph Transformers even being computationally simpler
than RegionDCL.

5. Conclusion and Future Work

Our proposed methods address two central challenges in urban analytics: the presence of
missing or incomplete place categories and the impact of heterophily in spatial interaction
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graphs. By proposing methods that handle these issues, we enhance the robustness and
semantic understanding of urban region representations, enhancing downstream tasks and
enabling stakeholders to make more informed decisions.

Nevertheless, promising research directions remain open. First, incorporating
multi-modal data sources could broaden the applicability of our methods. Besides that,
incorporating topological information and high-order interactions may enhance both ex-
pressivity and interpretability of our models.
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