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Highlights
What are the main findings?

i A stability-aware consensus framework combines multiple graph autoencoder ar-
chitectures, anomaly-scoring perspectives, and repeated training runs to provide a
more reproducible basis for urban anomaly discovery.

J Evaluation across five geographically distinct cities shows measurable consistency
of recurring anomaly patterns across random seeds and reveals partial, method-
dependent overlap with representative baseline detectors.

What are the implications of the main findings?

J Stability assessment provides an additional reliability criterion for evaluating unsu-
pervised urban anomaly detection when external ground-truth labels are unavailable.

¢ The proposed workflow supports reproducible analysis of multi-relational urban
PQI graphs and can support future research in urban informatics and graph-based
urban analytics.

Abstract

Urban anomalies such as rare facilities, unusual spatial configurations, and atypical func-
tional patterns can provide valuable insights into urban dynamics and planning processes.
However, graph-based anomaly discovery methods often suffer from instability, producing
substantially different results across training runs and making the detected anomalies
difficult to reproduce and interpret. In this paper, we use the term anomaly to denote
automatically detected abnormal urban entities, while the term urban irreqularity refers to
their interpretation within the urban context. We present a consensus-driven framework for
stable anomaly discovery using multi-relational point-of-interest (POI) graphs. Urban facil-
ities are represented as nodes connected through multiple spatial and semantic relations,
including geographic proximity, shared categories, shared facility types, and region-based
associations. Four graph autoencoder architectures (GAE, ResGAE, VGAE, and SAGEAE)
are employed to learn node representations, while reconstruction-, cluster-, neighborhood-,
and relation-based anomaly scoring strategies are combined with multi-seed stability anal-
ysis to identify consensus anomalies. Experiments conducted on five large-scale cities
(Baku, Turin, Vienna, Prague, and Kuala Lumpur) show that the proposed framework
identifies recurring anomaly patterns across repeated runs and analytical configurations.
Comparisons with representative anomaly detectors reveal partial but method-dependent
overlap, while cross-city control experiments indicate that a subset of the detected anoma-
lies exhibits non-random semantic and structural correspondence across different urban

Smart Cities 2026, 9, 150

https://doi.org/10.3390/smartcities9090150


https://crossmark.crossref.org/dialog?doi=10.3390/smartcities9090150&domain=pdf&date_stamp=2026-09-09
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/smartcities
https://www.mdpi.com
https://orcid.org/0009-0002-4659-2980
https://orcid.org/0000-0003-4948-6120
https://orcid.org/0000-0003-0538-9775
https://doi.org/10.3390/smartcities9090150

Smart Cities 2026, 9, 150

2 of 36

environments. Additional analyses suggest that consensus anomalies are frequently as-
sociated with semantically distinctive urban entities, including recreational areas, utility
infrastructure, institutional facilities, specialized services, and cultural landmarks. Over-
all, the results indicate that stability-aware consensus provides a more reproducible and
consistent basis for graph-based urban anomaly discovery and supports the interpreta-
tion of recurrent anomaly patterns in large-scale urban POI graphs, without requiring
ground-truth anomaly labels.

Keywords: urban analytics; point-of-interest graphs; graph neural networks; graph
autoencoders; urban irregularities; anomaly detection; embedding stability; consensus
analysis; multi-relational graphs; smart cities

1. Introduction

The increasing availability of large-scale geospatial data and open mapping platforms
has significantly expanded the scope of data-driven urban analytics. Modern cities can now
be represented through rich networks of spatial, semantic, and functional relationships
derived from transportation systems, public services, commercial facilities, and human
activities. In this context, multi-relational point-of-interest (POI) graphs have emerged
as an effective representation for modeling complex urban environments, enabling the
integration of geographic proximity, semantic similarity, and functional interactions within
a unified analytical framework [1-3].

Graph representation learning has become a fundamental component of contemporary
urban computing. By transforming high-dimensional relational data into compact latent
representations, graph-based models support a wide range of applications, including
region characterization, mobility analysis, facility recommendation, and spatial pattern
discovery [4,5]. The ability to simultaneously exploit multiple relation types is particularly
valuable in urban settings, where spatial and semantic dependencies jointly shape urban
dynamics [6,7]. As a result, graph embeddings increasingly serve as a foundation for
uncovering hidden structures and functional patterns in complex city systems.

One emerging application of graph representation learning is the discovery of un-
usual or irregular urban entities. Detecting facilities that deviate from their surrounding
context can provide valuable insights for urban monitoring, infrastructure assessment,
land-use analysis, and planning support. Recent advances in graph anomaly detection
have produced a variety of embedding-based approaches capable of identifying anomalous
nodes and substructures in attributed networks [8,9]. However, most existing studies
primarily focus on improving detection performance or developing new architectures,
while comparatively less attention has been devoted to the reliability of the resulting
anomaly discoveries.

This limitation is particularly important in unsupervised urban environments, where
ground-truth anomaly labels are rarely available. The anomalies identified by a graph-
based method may vary considerably depending on the selected embedding architecture,
random initialization, optimization trajectory, or anomaly scoring strategy. Previous studies
have shown that representation learning outcomes can be sensitive to stochastic factors,
potentially leading to substantial variability in downstream analyses [10,11]. More broadly,
reproducibility has become a growing concern across artificial intelligence and machine
learning research, motivating increased attention toward evaluation frameworks that explic-
itly assess methodological reliability [12]. Despite these concerns, systematic investigations
of anomaly stability remain largely absent from the urban graph analytics literature.
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From a practical perspective, unstable anomaly detection can significantly reduce
the usefulness of urban analytics systems. If repeated executions of the same method-
ology produce substantially different sets of anomalous facilities, urban planners and
decision-makers may struggle to distinguish meaningful urban irregularities from artifacts
introduced by stochastic learning processes. Consequently, anomaly discovery frameworks
should not only identify unusual entities but also provide evidence that the detected
patterns remain consistent under reasonable methodological variations.

Motivated by this challenge, this study investigates anomaly discovery in multi-
relational urban POI graphs from a stability and consensus perspective. Rather than
proposing a new anomaly detection architecture, we focus on evaluating the reliability of
embedding-based urban anomaly discovery under multiple sources of variation. Using
graph autoencoder representations, complementary anomaly scoring perspectives, repeated
stochastic executions, and multi-city evaluation, we examine whether detected anomalies
remain consistent across runs and methods. We further introduce a consensus-driven
anomaly selection strategy that prioritizes recurring anomalies identified across multiple
embedding architectures, anomaly-scoring perspectives, and random-seed executions,
thereby reducing dependence on any single analytical configuration.

The main contributions of this work are threefold. First, we introduce a stability-
and consensus-oriented evaluation framework for anomaly discovery in multi-relational
urban POI graphs, explicitly quantifying cross-seed consistency and agreement among
anomaly detection outcomes. Second, we show how multi-seed stability analysis and
consensus-based selection provide a more reproducible and interpretable basis for graph-
based anomaly discovery without requiring modifications to the underlying anomaly
detection models. Third, we investigate the spatial and semantic characteristics of the
resulting consensus anomalies through urban contextualization and evaluate whether
independently detected anomalies exhibit measurable, non-random correspondence across
different cities through controlled cross-city consistency analysis. Together, these contribu-
tions provide a practical framework for more reproducible and interpretable urban POI
graph anomaly analysis while explicitly accounting for the absence of external ground-truth
anomaly labels.

The remainder of this paper is organized as follows. Section 2 reviews related work
on urban graph analytics, graph anomaly detection, and reproducibility-aware learning.
Section 3 presents the methodology, including graph construction, embedding learning,
anomaly scoring, stability analysis, and consensus discovery. Section 4 reports the experi-
mental protocol and empirical results. Section 5 discusses the main findings, limitations,
and future research directions. Finally, Section 6 concludes the paper.

2. Related Work
2.1. Urban POI Graphs and Urban Representation Learning

The increasing availability of large-scale geospatial data has accelerated the adoption
of graph-based representations for modeling urban environments. Unlike traditional
spatial analysis techniques, graph representations can simultaneously capture geographic
proximity, semantic similarity, and functional interactions among urban entities. Recent
studies have demonstrated the effectiveness of point-of-interest (POI) graphs and urban
knowledge graphs for representing complex city structures and supporting a wide range
of downstream urban analytics tasks [1-3].

Graph representation learning has become a fundamental component of modern urban
computing. By learning compact latent representations from relational data, graph-based
models facilitate region characterization, urban function discovery, mobility analysis, and
spatial pattern recognition [4,5]. In particular, multi-relational graph learning approaches
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have received growing attention because urban systems naturally involve multiple in-
teracting relationship types. Recent studies have explored relation-aware aggregation
mechanisms, heterogeneous graph learning, and dynamic multi-relational representations
to better capture the complexity of real-world urban environments [6,7,13,14].

Recent advances further suggest that meaningful urban structures often transcend
individual cities. Embedding-based analyses have revealed latent spatial and functional
similarities across different urban environments, supporting transferability and cross-city
urban understanding [15,16]. These developments motivate the use of graph representa-
tions not only for city-specific analysis but also for identifying recurring urban patterns
that may generalize across multiple urban contexts.

2.2. Graph Anomaly Detection in Attributed Networks

Graph anomaly detection aims to identify nodes, edges, or substructures that deviate
significantly from the dominant patterns of a graph. With the rapid development of graph
representation learning, embedding-based anomaly detection has become one of the most
active research directions in this field [8,9,17].

Among existing approaches, graph autoencoder architectures have become particu-
larly popular due to their ability to jointly model graph topology and node attributes in an
unsupervised manner. Reconstruction-based methods identify anomalies by measuring
discrepancies between observed and reconstructed graph information, while probabilistic
extensions further account for uncertainty in latent representations [18-20]. More recently,
graph anomaly detection has expanded beyond reconstruction-based paradigms. Examples
include density-oriented approaches such as Local Outlier Factor (LOF), deep attributed net-
work anomaly detection frameworks such as DOMINANT, and contrastive self-supervised
methods such as CoLA [21-24].

Although these approaches have indicated strong anomaly detection capabilities
across diverse domains, most studies primarily focus on improving detection performance.
Comparatively less attention has been devoted to understanding the consistency and
reliability of the anomalies produced by different models and detection paradigms. Conse-
quently, whether different anomaly detection strategies identify similar irregular structures
remains an open question, particularly in large-scale urban graph environments.

2.3. Stability, Reproducibility, and Consensus in Unsupervised Learning

The reliability of unsupervised learning outcomes has recently emerged as a grow-
ing concern across machine learning research. Multiple studies have shown that learned
representations may vary substantially across random initializations, optimization trajec-
tories, and training configurations, potentially affecting downstream analyses and con-
clusions [10,11]. More broadly, reproducibility has become a central topic in artificial
intelligence research, motivating increasing efforts to develop evaluation methodologies
that explicitly quantify the robustness and repeatability of learned results [12].

Consensus-based strategies represent one promising direction for improving relia-
bility in anomaly detection. Rather than relying on a single model execution, consensus
approaches aggregate evidence from multiple perspectives and prioritize signals that re-
peatedly emerge across independent analyses. Such mechanisms have been successfully
applied in anomaly detection, novelty detection, and ensemble learning settings to reduce
uncertainty and improve robustness [25-28]. Similarly, recent work on weakly supervised
anomaly detection highlights the importance of validation strategies capable of providing
evidence for anomaly relevance when explicit ground-truth labels are unavailable [29].

Despite these developments, the literature still lacks systematic studies that jointly
investigate anomaly stability, cross-seed reproducibility, and consensus-driven validation

https://doi.org/10.3390/smartcities9090150


https://doi.org/10.3390/smartcities9090150

Smart Cities 2026, 9, 150

5 of 36

in multi-relational urban POI graphs. Existing urban graph anomaly detection research typ-
ically evaluates anomalies obtained from a single model execution, leaving the robustness
of the discovered urban irregularities largely unexplored.

2.4. Research Gap and Positioning of This Work

The reviewed literature demonstrates substantial progress in urban graph representa-
tion learning, graph anomaly detection, and reliability-oriented machine learning. However,
three important limitations remain. First, most urban anomaly detection studies focus
on identifying anomalies rather than assessing whether the detected anomalies remain
stable across repeated executions. Second, consensus-based validation mechanisms have
rarely been explored in urban graph settings despite their demonstrated value in other
anomaly detection domains. Third, relatively little attention has been given to understand-
ing whether the discovered urban irregularities correspond to broader structural patterns
that may extend beyond a single city.

This work addresses these limitations by introducing a stability-centered evaluation
framework for anomaly discovery in multi-relational urban POI graphs. Rather than
proposing a new detection architecture, we investigate the reliability of anomaly discovery
across multiple embedding models, anomaly scoring perspectives, and random seeds.
Furthermore, we introduce a consensus-driven anomaly selection mechanism and examine
the resulting urban irregularities through both quantitative stability analysis and spatial
interpretation. In doing so, the study shifts the focus from anomaly detection performance
alone toward reproducible and trustworthy urban irregularity discovery.

3. Methodology
3.1. Methodological Overview

Figure 1 presents a conceptual overview of the proposed stability-aware, multi-view
graph framework for urban irregularity discovery. Rather than depicting only a sequential
experimental workflow, the figure distinguishes the principal methodological components
of the framework and their respective roles in robust anomaly discovery.

The framework begins with the construction of city-scale multi-relational POI graphs
in which spatial, semantic, and regional relations provide complementary descriptions
of urban organization. Heterogeneous latent representations are then learned using four
graph autoencoder architectures: GAE, ResGAE, VGAE, and SAGEAE.

The learned representations are examined through four complementary anomaly
perspectives: reconstruction error, cluster deviation, neighborhood inconsistency, and
relation-conditioned conflict. Each model is trained under repeated random initializations
so that variability attributable to stochastic optimization can be measured explicitly rather
than being hidden within a single model execution.

Rather than relying on an individual architecture, anomaly score, or stochastic run, the
framework integrates repeated detections through stability analysis and consensus-based reli-
ability filtering. Persistent anomaly candidates are subsequently examined through sensitivity
analysis, comparison with established and recent anomaly-detection baselines, contextual
validation, cross-city correspondence analysis, and urban-semantic interpretation.

The methodological contribution therefore lies at the framework level rather than in
proposing a new graph autoencoder architecture or a new ensemble voting rule. Specifically,
the proposed methodology integrates heterogeneous graph representation learning, comple-
mentary anomaly characterization, repeated-run stability assessment, and consensus-based
reliability filtering within a unified multi-city urban irregularity analysis framework.
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Figure 1. Conceptual overview of the proposed stability-aware multi-view graph framework for
urban irregularity detection. Multi-relational urban graphs are analyzed using multiple graph au-
toencoder architectures and complementary anomaly views. Repeated-seed analysis and consensus
filtering are used to identify persistent anomalies, which are subsequently examined through robust-
ness, baseline, cross-city, and urban-semantic analyses and interpreted in the context of urban data
quality and planning applications.

3.2. Study Areas and Data Sources

The empirical evaluation is conducted using point-of-interest (POI) data obtained
from the Overture Maps ecosystem. POlIs constitute a natural unit for urban irregularity
discovery because they represent concrete urban facilities, services, and functional locations
that collectively characterize the structure and activity patterns of a city. Following recent
advances in POI-based urban graph construction and urban knowledge representation,
each POl is modeled as an attributed urban entity that can participate in multiple types of
spatial and semantic relationships [1,2].

Rather than focusing on a single metropolitan area, this study evaluates anomaly
stability and consensus behavior across five cities: Baku (Azerbaijan), Turin (Italy), Vi-
enna (Austria), Prague (Czech Republic), and Kuala Lumpur (Malaysia). These cities
were intentionally selected to provide substantial diversity in urban scale, functional com-
position, and geographic context while maintaining sufficiently rich POI coverage for
graph-based analysis. The resulting study areas span multiple regions and exhibit con-
siderable variation in graph size, ranging from approximately 24 thousand POlIs in Baku
to more than 91 thousand POls in Kuala Lumpur. Such diversity enables the proposed
framework to be evaluated under heterogeneous urban conditions rather than within a
single city-specific environment.

The characteristics of the resulting datasets are summarized in Table 1. Considerable
variation can be observed in both graph size and feature dimensionality, providing a
realistic setting for assessing whether detected urban irregularities remain stable across
different urban environments. The use of multiple cities is particularly important in the
context of this study, as it allows stability, consensus, and cross-city consistency to be
examined beyond a single geographic setting.
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Table 1. Characteristics of the selected study cities. Feature dimensionality corresponds to two
standardized projected spatial coordinates combined with one-hot-encoded semantic attributes

(basic_category, type, brand, and operating_status).

City POIs Feat. Dim.
Baku 23,656 544
Turin 38,391 1202
Vienna 64,361 1297
Prague 72,379 1166
Kuala Lumpur 91,503 1629

Each POl is represented by a combination of spatial and semantic attributes. The
spatial component consists of the two-dimensional coordinates of each POI after projection
from WGS84 (EPSG:4326) to a city-specific local UTM coordinate reference system. The
projected x- and y-coordinates are standardized independently within each city using
StandardScaler. The semantic component is constructed from four categorical attributes:
basic_category, type, brand, and operating_status. Missing categorical values are assigned
to an Unknown category, after which the categorical attributes are transformed using
one-hot encoding.

Consequently, the feature representation of each POI consists of two standardized
spatial coordinates followed by the one-hot-encoded semantic attributes. The resulting
feature dimensionality F depends on the number of categorical values represented in each
city’s POI data. This explains the variation in the “Feat. Dim.” column of Table 1, from
544 features for Baku to 1629 features for Kuala Lumpur.

After preprocessing, each city is represented by an attributed node feature matrix

X € RN*F) (1)

where N denotes the number of POIs and F denotes the resulting feature dimensionality.
The regional type, when available, is retained separately and is not included in the input
node feature matrix, while the region-cell identifier is used for relational graph construction
rather than as an input node feature. The resulting feature matrix provides the attribute
component of the urban graph representation, while relational dependencies between POls
are modeled through the multi-relational graph construction process described next.

3.3. Multi-Relational Urban Graph Construction

Urban irregularities rarely emerge from a single source of information. A facility
may appear unusual because of its geographic surroundings, its semantic context, or
inconsistencies between multiple relational dimensions. To capture these complementary
perspectives, each city is represented as a multi-relational graph

G=(V,&X), (2)

where V denotes the set of POI nodes, X represents the node feature matrix, and £ =
EMW,E@), .. E®) denotes the collection of relation-specific edge sets.

Three categories of relations are incorporated into the graph construction process.
Spatial relations connect geographically nearby facilities and capture local urban continuity.
Semantic relations connect facilities sharing similar functional characteristics, enabling the
graph to represent similarities in urban purpose and activity. Regional relations connect
facilities belonging to the same spatial partition and capture medium-scale organizational
structures that are not necessarily reflected through local proximity alone. Together, these
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relation types provide complementary views of urban organization and allow irregularities
to be analyzed from multiple relational perspectives [6,7].

In the present study, five relation types are constructed: two spatial relations, two se-
mantic relations, and one regional relation. The spatial relations connect POIs within
75m (geo-close) and 250 m (geo-medium), respectively. These thresholds are applied after
projecting each city’s POISs to a local metric coordinate reference system. The two scales are
intended to capture complementary spatial contexts: the 75 m relation represents immedi-
ate local proximity, whereas the 250 m relation captures a broader neighborhood context.
Semantic relations connect POls sharing the same basic category or the same facility type,
while the regional relation connects POls assigned to the same 200m x 200 m grid cell. All
relation types are represented as unweighted binary edges. To limit excessive connectivity
in dense spatial neighborhoods, the graph-construction procedure caps the number of geo-
close and geo-medium neighbors per node at 30 and 50, respectively. For large semantic or
regional groups, local group-neighbor connections are used rather than unrestricted full
pairwise connectivity.

The 75m and 250 m spatial thresholds constitute the default graph configuration
used in the main experiments. To assess whether the structural characteristics of the
constructed graphs depend strongly on these particular choices, an additional lightweight
structural sensitivity analysis varies the close-distance threshold over 50, 75, and 100 m and
the medium-distance threshold over 200, 250, and 300 m. The corresponding results are
reported in the sensitivity analysis, providing an empirical robustness check around the
default spatial configuration.

For each relation type 7, an adjacency matrix A(") is constructed. To obtain a unified
topology for representation learning, the relation-specific adjacency matrices are merged
into a single graph while preserving whether at least one relation exists between two POls:

R
A_H<ZA(V)>0>, €)
r=1

where I(-) denotes the indicator function.

The resulting unified adjacency matrix therefore records whether at least one of the
defined relations connects a pair of POIs, while duplicate node pairs arising from multiple
relation types are represented by a single edge in the training topology. Importantly, the
union operation is used only to construct the topology supplied to the graph autoencoder
encoders; the individual relation-specific adjacency matrices and edge sets are retained
separately for relation-aware downstream analysis.

The resulting graphs contain tens of thousands of nodes and hundreds of thousands
to several million edges depending on the city. Such scale substantially exceeds that of
many commonly used graph anomaly detection benchmarks and provides a realistic envi-
ronment for evaluating the robustness of urban irregularity discovery under heterogeneous
graph structures.

All four graph autoencoder architectures learn a single node-level latent representation
from the unified adjacency matrix and the node feature matrix. Relation-specific latent em-
beddings are not learned, and no separate encoder parameters are maintained for different
relation types. Instead, the original relation-specific edge sets are retained alongside the
unified graph and are used during relation-aware anomaly scoring. In particular, relational
inconsistency is evaluated by comparing latent representations of nodes connected under
the retained relation-specific edge sets. Thus, the unified graph determines the topology
used for representation learning, whereas the relation-specific graphs provide distinct rela-
tional contexts for subsequent anomaly assessment. This separation avoids implying that
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relation identity is explicitly encoded by the autoencoder while still allowing relation-level
structural inconsistencies to contribute to irregularity detection.

The resulting multi-relational graphs form the structural foundation for representation
learning. The next subsection describes how graph autoencoder-based embedding models
transform these attributed urban graphs into latent representations suitable for anomaly
scoring, stability assessment, and consensus-driven irregularity discovery.

3.4. Graph Embedding Learning

The multi-relational graphs described in the previous subsection provide a rich repre-
sentation of urban structure. However, anomaly discovery cannot be performed directly
on the high-dimensional graph representation. Instead, it is first necessary to transform
the attributed graph into a compact latent space capable of capturing both structural and
semantic dependencies among POls.

To this end, node embeddings are learned using graph autoencoder-based representa-
tion learning models. Graph autoencoders have become one of the most widely adopted
approaches for unsupervised graph representation learning because they jointly exploit
node attributes and graph topology while requiring no labeled data [18]. In the context of
this study, the objective of embedding learning is not anomaly detection itself, but rather
the construction of latent representations that can subsequently be analyzed from multiple
anomaly-scoring perspectives.

Given a graph adjacency matrix A and node feature matrix X, an encoder maps each
node into a latent representation:

Z= fo(X,A) @

where Z € RN*4 denotes the learned embedding matrix and d represents the latent
dimensionality.

To reduce architecture-specific bias, four complementary embedding models are
considered: Graph Autoencoder (GAE), Residual Graph Autoencoder (ResGAE), Vari-
ational Graph Autoencoder (VGAE), and GraphSAGE-based Autoencoder (SAGEAE).
Together, these models provide deterministic, residual-enhanced, probabilistic, and induc-
tive representation-learning perspectives, enabling the stability of anomaly discovery to be
evaluated across different embedding paradigms rather than within a single architecture.

3.4.1. Graph Autoencoder (GAE)

The baseline Graph Autoencoder employs graph convolutional layers to aggregate
neighborhood information and generate latent node representations. Each layer is com-
puted as

g+ — g(f)*l/ZAf)’l/zH(l)W(lU (5)

where A = A + 1 is the adjacency matrix with self-loops, D is the corresponding degree
matrix, W(!) denotes trainable parameters, and ¢(-) is a nonlinear activation function.

The model is optimized through joint reconstruction of graph structure and node
attributes [18].

3.4.2. Residual Graph Autoencoder (ResGAE)

Although graph convolutional architectures effectively capture neighborhood infor-
mation, deeper models may suffer from representation degradation and over-smoothing.
To mitigate this effect, a residual pathway is incorporated into the latent representation [30].
The resulting embedding is defined as

Zres = fEN(X, A) + g4(X) 6)
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where g4 (-) denotes a multilayer perceptron operating directly on node attributes. This
formulation preserves attribute-specific information that may otherwise be weakened
through repeated neighborhood aggregation.

3.4.3. Variational Graph Autoencoder (VGAE)

To account for uncertainty in latent representations, a probabilistic embedding formu-
lation is additionally considered through the Variational Graph Autoencoder (VGAE) [31].
Instead of learning a deterministic embedding, each node is represented by a Gaussian
latent distribution

1(zi | X, A) = N(p; diag(o?) ) )

where y; and o; are learned by graph convolutional encoders. The probabilistic formulation
enables the model to represent uncertainty and variation in complex graph structures.

3.4.4. GraphSAGE Autoencoder (SAGEAE)

Finally, an autoencoder variant based on GraphSAGE aggregation is included to pro-
vide a complementary neighborhood-aggregation mechanism [32]. Unlike standard graph
convolutional architectures, GraphSAGE updates node representations by aggregating
information from neighboring nodes:

h{ ) — a(W(l) -AGG({hﬁP u€ N(v)})) ®)

where NV (v) denotes the neighborhood of node v and AGG(+) represents an aggregation
operator. GraphSAGE has indicated more scalability on large graphs and provides a comple-
mentary embedding mechanism compared with conventional graph convolutional models.
The resulting embeddings constitute the foundation for anomaly discovery. However,
embeddings alone do not determine which facilities should be considered unusual. The
next subsection therefore introduces multiple anomaly-scoring perspectives designed to
identify urban irregularities from complementary structural and semantic viewpoints.

3.5. Multi-Seed Training Strategy

A recurring challenge in unsupervised graph representation learning is the variability
of learned embeddings across repeated executions of the same model. Even when the graph
structure, node features, and hyperparameter settings remain unchanged, differences in
random initialization and stochastic optimization may lead to different latent representa-
tions and consequently different downstream outcomes. Previous studies have reported
that graph embeddings can exhibit considerable variation across runs, raising concerns
regarding reproducibility and reliability in graph-based analysis [10,11].

This issue is particularly relevant for anomaly discovery. Since anomaly rankings are
derived from learned embeddings, a facility identified as anomalous in one execution may
not necessarily appear among the most anomalous instances in another execution of the
same model. As a result, anomaly rankings obtained from a single run may partially reflect
stochastic training effects rather than persistent structural irregularities.

To explicitly account for this source of uncertainty, each embedding architecture is
trained multiple times using different random seeds. Let

S = 51,52,-+-,5M/, (9)

denote the set of random seeds, where M represents the total number of independent
executions. For each seed, the model is trained using the same graph, feature matrix,
architecture, and hyperparameter configuration. Consequently, any variation observed in
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the resulting anomaly rankings can be attributed primarily to stochastic training effects
rather than differences in data or model design.

Rather than treating a single execution as definitive, the proposed framework evaluates
anomaly behavior across all runs. This design enables the robustness of detected irregulari-
ties to be examined directly and aligns with recent efforts emphasizing reproducibility and
reliability in machine learning research [12].

The repeated executions generate multiple anomaly rankings for each embedding
architecture. These rankings are subsequently analyzed through several complementary
anomaly-scoring perspectives, allowing the consistency of detected irregularities to be
assessed before stability and consensus evaluation are performed.

3.6. Multi-Perspective Anomaly Scoring

The embedding models described in the previous subsections generate latent repre-
sentations of urban POlIs. However, embeddings alone do not determine whether a facility
should be considered irregular. Urban irregularities may manifest in different forms and at
different structural scales. A facility may appear unusual because it is poorly reconstructed
from its latent representation, deviates from the characteristics of its broader cluster, differs
substantially from its immediate neighborhood, or exhibits inconsistent behavior across
different relational contexts. Consequently, relying on a single anomaly definition may
provide only a partial view of urban irregularity.

To capture these complementary perspectives, anomaly scores are computed using
four distinct criteria. Each criterion emphasizes a different manifestation of irregular
behavior in the learned embedding space. The scoring perspectives used in this study are
summarized in Table 2.

Table 2. Anomaly-scoring perspectives considered in the proposed framework.

Score Intuition Captures

Reconstruction = Poor reconstruction quality Structural deviation
Neighborhood = Mismatch with neighbors Local inconsistency

Cluster Distance from cluster pattern Community deviation
Conflict Disagreement across relations Multi-relational irregularity

3.6.1. Reconstruction-Based Irregularity

The first perspective evaluates how accurately a node can be reconstructed from the
learned latent representation. Reconstruction-based anomaly detection has been widely
adopted in graph representation learning because structurally unusual nodes tend to exhibit
larger reconstruction errors than regular instances [22]. For each node, the reconstruction
score is defined as

Arec(i) = |xi - )A(i|2/ (10)

where x; and %X; denote the original and reconstructed feature vectors, respectively.

3.6.2. Neighborhood Inconsistency

Urban facilities are typically influenced by their surrounding environment. Conse-
quently, a node whose embedding differs substantially from those of its local neighbors
may indicate an unusual local configuration. Inspired by neighborhood-aware anomaly
detection approaches [33], the neighborhood inconsistency score is computed as

1
An T ) = ; § ; i 4
b: (l) |N(1)‘ ]'6/\/'(1')|Z Zj

” (11)

where N (i) denotes the neighborhood of node i.
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3.6.3. Cluster Deviation

Some irregularities are not apparent at the local level but emerge when a node is
compared with the broader group to which it belongs. Following cluster-oriented anomaly
analysis [34], each node is compared with the centroid of its assigned embedding cluster:

Aclust(i) =

Zi — k(i) | (12)

where ¢;(;) denotes the centroid of the cluster containing node i.

3.6.4. Relational Conflict

Multi-relational urban graphs provide complementary relational views of the same
facility. Although the graph autoencoders learn a single node-level latent representation
from the unified adjacency matrix, the original relation-specific edge sets are retained and
can be used to evaluate whether a node behaves consistently across different relational
contexts. In the reported experiments, the conflict score compares two complementary
views: immediate geographic proximity, represented by the geo-close relation, and semantic
similarity, represented by the same-basic-category relation.

For node i, the mean latent-space cosine similarity to its geo-close neighbors is de-
fined as
1 ziTz]-

|Ngeo(l)| jE€Ngeoli) ||Zi|‘2‘|zj||2

Sgeo (1> =
where N, geo (i) denotes the neighbors of node i under the geo-close relation. Similarly, the
mean similarity to semantically related POlIs is

. 1
o) = N

jENzem (i) lIzil2llzll2*

T
Z; Z]' (14)

where Ngem (i) denotes the neighbors of node i under the same-basic-category relation.

Aconf<i) = |Sge0(i) - Ssem(i) ’ (15)

A high conflict score therefore indicates that the node exhibits substantially different
latent-space consistency under geographic and semantic relations. For example, a POI may
be highly similar to facilities of the same semantic category while being poorly aligned with
the POIs located in its immediate geographic surroundings, or vice versa. The score is set
to zero when either the geo-close or same-basic-category neighborhood is empty, because
the relational comparison cannot be computed in that case.

Importantly, z; denotes the single shared embedding learned from the unified graph;
no relation-specific latent embeddings or relation-specific encoder parameters are learned.
The relation identity enters the conflict score only through the corresponding relation-
specific neighborhood sets. This formulation is therefore consistent with the representation-
learning procedure described in Section 3.3 while still allowing disagreement between
geographic and semantic contexts to contribute to anomaly discovery.

This cosine-similarity-based formulation is the relational conflict score used in all
experiments reported in this study.

3.7. Stability Analysis

The anomaly-scoring perspectives introduced in the previous subsection generate
multiple rankings of potentially irregular urban facilities. However, the reliability of these
rankings cannot be assumed a priori. Since graph embeddings are obtained through
stochastic optimization, repeated executions of the same model may produce different
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latent representations and consequently different anomaly rankings. Variability across
graph embedding runs has previously been observed in representation learning studies,
highlighting the need for explicit consistency assessment before drawing conclusions from
detected anomalies [10].

The challenge becomes particularly important in unsupervised anomaly discovery,
where the absence of ground-truth labels makes validation inherently difficult. More
broadly, reproducibility and repeatability have emerged as critical concerns in machine
learning research, especially when model outputs are used to support downstream decision-
making [11,12]. Consequently, evaluating whether detected anomalies persist across re-
peated executions becomes a prerequisite for trustworthy urban irregularity analysis.

To assess stability, each embedding architecture is trained multiple times using differ-
ent random seeds. For every execution, nodes are ranked according to their anomaly scores.
Rather than relying on score thresholds, which may vary substantially across models and
scoring perspectives, the analysis focuses on the highest-ranked anomalies. This Top-K
strategy emphasizes the most prominent irregularities while ensuring comparability across
independent runs.

Let

A(S"’) =ay,dy,...,4K (16)

denote the Top-K anomaly set obtained from the execution associated with random seed
sm, where K represents the number of retained anomalies.

A stable anomaly detection process should repeatedly identify similar anomalies
across independent executions. To quantify this behavior, pairwise agreement between
Top-K anomaly sets is first measured through their intersection size:

I; = |[A) 0 AL 17)

where larger values indicate stronger agreement between the anomaly rankings generated
by seeds s; and s;.

Although intersection size provides an intuitive measure of overlap, its interpretation
depends on the selected value of K. A normalized measure is therefore additionally
required. Following established practices in consistency and agreement analysis, similarity
between two anomaly rankings is evaluated using the Jaccard coefficient:

‘A(si) mA(sf)’

Ji (18)

I ‘A(Si) UA(S/)‘

where J;; € [0,1], and larger values indicate greater stability across repeated executions [27].

The resulting overlap statistics provide a direct measure of ranking robustness. High
agreement suggests that the detected irregularities correspond to persistent structural
patterns rather than random optimization artifacts. Conversely, low agreement indicates
that anomaly rankings may be sensitive to stochastic effects, a phenomenon that has also
been documented in broader deep-learning stability studies [35].

The complete stability evaluation procedure is illustrated in Figure 2. For each embed-
ding architecture and anomaly-scoring perspective, rankings obtained from multiple seeds
are compared through Top-K overlap analysis before recurrent anomalies are identified.

The next subsection builds on this stability analysis by introducing the consensus-
based selection strategy used to identify recurrent anomaly candidates.
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Figure 2. Stability evaluation and consensus discovery workflow. Independent executions generate
anomaly rankings that are subsequently compared through Top-K overlap analysis before consensus
anomalies are identified. Colors distinguish the five random seeds, red and gray markers denote
Top-K anomaly candidates and other nodes, respectively, and the heatmap color intensity represents
the Jaccard similarity between seed-specific Top-K sets.

3.8. Consensus-Based Urban Irregularity Discovery

The stability analysis presented in the previous subsection quantifies the consistency of
anomaly rankings across repeated executions. However, stability alone does not determine
which anomalies should ultimately be retained for interpretation. A node may appear in
several rankings while remaining absent from many others. Consequently, an additional
selection mechanism is required to identify the most reliable anomalies.

Rather than relying on a single anomaly ranking, the proposed framework adopts a
consensus-oriented strategy that aggregates evidence across multiple embedding archi-
tectures, anomaly-scoring perspectives, and random-seed executions. The underlying
intuition is that anomalies recurring across multiple independent views of the urban graph
provide stronger evidence than those detected under only a single configuration. Similar
agreement-based principles have been explored in ensemble anomaly detection settings to
improve robustness and reduce sensitivity to individual model behavior [36].

Let R denote the collection of anomaly rankings generated across embedding archi-
tectures, anomaly-scoring perspectives, and random-seed executions.

Across the complete experimental design, four embedding architectures (GAE, Res-
GAE, VGAE, and SAGEAE)), four anomaly-scoring perspectives (reconstruction, cluster,
neighborhood consistency, and relational conflict), and five random-seed executions pro-
duce 80 anomaly rankings per city. These rankings support two complementary consensus
analyses: seed-level consensus evaluates recurrence across the five seeds within each fixed
model-score configuration, whereas cross-configuration consensus aggregates evidence
across the broader collection of model, score, and seed combinations. For a node i, a
consensus vote is defined as

V(i)=Y 1(i € A), (19)

rerR

where A, denotes the Top-K anomaly set associated with ranking 7, and 1(-) is the indica-
tor function.
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The main experiments use K = 200 as the reference candidate-set size, such that each
ranking contributes its 200 highest-ranked anomalies to the voting procedure. Because
the five city graphs differ substantially in size, the robustness of this fixed-size definition
is additionally examined using alternative values of K and proportional candidate sets
defined relative to the total number of nodes. This complementary analysis distinguishes
sensitivity to an absolute candidate-set size from sensitivity to the fraction of the urban
graph designated as anomalous.

Nodes receiving higher vote counts are repeatedly identified as anomalies across
multiple independent analyses. A consensus anomaly set is therefore defined as

C={i:V(i)>T}, (20)

where T denotes the minimum agreement threshold required for retention.

The reference configuration uses T = 3, meaning that a node must occur in at least
three contributing anomaly sets to be retained as a consensus anomaly. Rather than
treating this value as an intrinsically optimal threshold, we use it as a moderate agreement
requirement and explicitly evaluate alternative consensus thresholds in the sensitivity
analysis. The joint sensitivity of K and T is examined to determine how candidate-set
breadth and the required level of agreement affect the size and composition of the resulting
consensus set. The reference values K = 200 and T = 3 are retained because they provide a
practical balance between overly permissive consensus sets and overly restrictive selections,
while the principal conclusions are evaluated for robustness to nearby parameter choices.

In the absence of ground-truth anomaly labels, repeated agreement across different
embedding architectures, anomaly-scoring perspectives, and random-seed executions
is used as a stability-based source of evidence rather than as a substitute for external
ground truth. Nodes that repeatedly reappear under heterogeneous configurations are
less dependent on a particular model, score, or stochastic initialization. The consensus
mechanism therefore targets reproducibility of anomaly discovery, while complementary
baseline, contextual, and domain-oriented validation analyses are used subsequently to
assess whether the retained candidates are also meaningful beyond internal agreement.

Furthermore, different anomaly-scoring perspectives emphasize different manifesta-
tions of urban irregularity. Reconstruction-, neighborhood-, cluster-, and conflict-based
scores may highlight partially overlapping subsets of nodes. Retaining only anomalies
that repeatedly emerge across these complementary perspectives reduces dependence on
any single anomaly definition and yields a more robust characterization of unusual urban
structures [23].

Because the reference experiments use five random seeds, we additionally examine
whether the observed consensus behavior depends strongly on this seed count. Seed-count
sensitivity is evaluated by progressively varying the number of contributing random-seed
executions and measuring the resulting stability of the consensus selections. This analysis
complements the K-T sensitivity analysis by testing robustness with respect to the amount
of stochastic replication used to construct the consensus.

Under the reference configuration, the resulting consensus candidates constitute the
set retained for subsequent urban interpretation and validation. Importantly, consensus
membership is interpreted as evidence of reproducible detection across heterogeneous
model and scoring configurations, rather than as definitive proof that a POI is erroneous or
anomalous in an external ground-truth sense. This distinction is particularly important in
the present unsupervised setting and motivates the additional validation analyses reported
in the experimental section.
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To further assess the behavior of the proposed framework, the following subsec-
tion compares the resulting anomaly rankings against representative baseline methods
commonly used in graph and non-graph anomaly detection.

3.9. Baseline Methods

The consensus anomalies identified by the proposed framework represent urban
irregularities that persist across multiple embedding architectures, anomaly-scoring per-
spectives, and random-seed executions. While this consensus-oriented strategy emphasizes
reliability and recurrence, it is also informative to examine how the resulting irregularities
relate to those highlighted by established anomaly detection methods.

The objective of this comparison is not to demonstrate superiority over existing de-
tectors. Different anomaly detection paradigms are designed to capture different manifes-
tations of irregular behavior and therefore may emphasize substantially different subsets
of nodes. Instead, baseline methods are used as external reference points that provide
additional context for interpreting the irregularities identified by the proposed framework.

Three representative anomaly detection approaches are considered. First, Local Outlier
Factor (LOF) is included as a classical density-based method that identifies observations
located in sparse regions relative to their local neighborhoods [21]. Second, DOMINANT is
adopted as a reconstruction-based graph anomaly detector that jointly models structural
and attribute reconstruction errors [22]. Third, CoLA is employed as a contrastive graph
anomaly detection approach that identifies irregular nodes through self-supervised local-
context discrimination [23].

These baselines were intentionally selected because they represent complementary
anomaly detection principles. LOF emphasizes local density deviations, DOMINANT fo-
cuses on reconstruction inconsistencies, and CoLA captures contrastive contextual irregular-
ities. Together, they provide diverse perspectives that complement the consensus-oriented
framework proposed in this study.

For each baseline method, anomaly scores are computed for all nodes and converted
into Top-K anomaly rankings using the same ranking protocol employed throughout
the proposed framework. The resulting rankings are subsequently compared with the
consensus-supported urban irregularities identified in Section 3.8.

It is important to emphasize that the baseline rankings are not incorporated into the
consensus-voting process. Instead, they serve exclusively as external reference points for
assessing whether the recurring irregularities identified by the proposed framework are
also highlighted by widely used anomaly detection paradigms.

Because unsupervised anomaly discovery lacks ground-truth labels, overlap with
baseline detectors alone cannot fully validate the detected irregularities. To further support
the interpretation of the discovered anomalies, the following subsection examines their
spatial and semantic characteristics within the urban context.

3.10. Urban Contextualization of Consensus Anomalies

The previous stages of the framework focus on identifying statistically persistent
irregularities through multi-seed training, multiple embedding architectures, and comple-
mentary anomaly scoring perspectives. While these procedures improve the reliability
of anomaly discovery, they do not directly explain the urban significance of the detected
patterns. Consequently, a final contextualization stage is introduced to examine how
consensus-supported anomalies manifest within the geographic and functional structure of
the city.

Rather than evaluating anomalies solely in the latent embedding space, the detected
consensus anomaly set is projected back into the original urban environment. This enables
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the analysis of anomaly patterns from two complementary perspectives: spatial distri-
bution and functional composition. Recent studies have shown that graph-based urban
representations can capture meaningful spatial and semantic structures, making geographic
interpretation an important component of urban analytics workflows [15,37].

To characterize the functional composition of the consensus anomaly set, category-
level frequencies are computed. For a given category (c), the frequency within the consensus
anomaly set (C) is defined as

fe= Zl(yi =) (21)
ieC
where y; denotes the category associated with anomaly node i, and I(-) is the indicator
function. This aggregation provides a compact summary of the urban functions that most
frequently appear among consensus-supported irregularities.

In parallel, consensus anomalies are visualized in geographic space to examine their
spatial organization and their relationship to surrounding urban structures. Representative
examples are subsequently inspected in the context of their local neighborhoods, allowing
the analysis to move beyond purely numerical anomaly scores and towards interpretable
urban patterns. Similar contextual interpretation strategies have been shown to improve the
understanding of graph-derived urban representations and functional urban structures [38].

The resulting spatial visualizations and category-level summaries provide an inter-
pretable urban perspective on the detected anomalies. Building upon this analysis, the next
stage investigates whether similar anomaly patterns emerge consistently across geographi-
cally distinct cities.

3.11. Cross-City Anomaly Consistency Analysis

While the previous analyses focus on identifying stable consensus anomalies within
individual cities, an additional question is whether such anomalies exhibit similar charac-
teristics across different urban environments. To investigate this aspect, we performed a
cross-city anomaly consistency analysis. Rather than transferring anomaly labels across
cities, the objective is to examine whether independently detected anomalies share compa-
rable semantic and structural properties across geographically distinct urban regions [39].

For each source city, consensus anomalies obtained from the multi-seed consensus
process were selected as query nodes. Given a source anomaly node i, candidate nodes
from a target city were ranked using a combined similarity score:

S(i/j) = wembsemb(i/j) + wnbrsnbr(irj) + wsemssem(i/j) + wprofsprof(i/j) (22)

where S, denotes latent embedding similarity, S,;,, measures similarity between neigh-
borhood category distributions, Ssem captures semantic similarity between POI categories,
and S,yof compares detailed local category profiles. Multiple weighting schemes were
evaluated to assess the relative contribution of structural and semantic information during
the matching process.

For each source anomaly, the Top-N highest-ranked nodes from the target city were
retrieved. A successful correspondence was recorded if at least one retrieved node belonged
to the consensus anomaly set of the target city. The resulting Hit@N score was computed as

L
M :
1

M=z

Hit@N = I(3j € TopN(i) : j € Atarget), (23)

Il
_

where M denotes the number of source-city consensus anomalies, Atarget represents the
consensus anomaly set of the target city, and I(-) is the indicator function.
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The analysis evaluates whether independently detected consensus anomalies exhibit
non-random semantic or structural correspondence across different urban environments. It
is not intended to establish direct anomaly-label transfer or universal cross-city general-
ization. Instead, the objective is to determine whether selected anomaly candidates share
measurable characteristics across cities and to assess the extent to which such correspon-
dence can be explained by semantic compatibility, structural similarity, or random retrieval.
Such cross-city comparison remains relevant in urban graph representation learning, where
learned representations can capture functional similarities across heterogeneous urban
environments [5].

4. Experimental Protocol and Empirical Results
4.1. Experimental Configuration

Experiments were conducted on five urban POI graphs representing Baku, Prague,
Vienna, Turin, and Kuala Lumpur. For each city, graph autoencoder models were trained
independently using five random seeds (42, 52, 62, 72, and 82) to assess the stability of
anomaly detection under different initialization conditions. The evaluated models included
GAE and VGAE.

All four graph autoencoder variants used two graph-convolutional encoding stages
with ReLU activation and dropout between successive transformations. A common hidden
dimensionality of 64 and latent dimensionality of 64 were used in the reported multi-
city experiments. GAE employed a GCN-based encoder, while ResGAE augmented the
GCN representation with a residual projection from the input features to the latent space.
GraphSAGE-AE replaced the GCN layers with GraphSAGE convolutional layers. VGAE
used a shared GCN hidden layer followed by separate graph-convolutional transforma-
tions for the latent mean and log-variance. For all architectures, node attributes were
reconstructed from the latent representation using a feed-forward feature decoder.

The deterministic autoencoders were optimized using a joint reconstruction objective
consisting of binary cross-entropy for graph-structure reconstruction and mean-squared
error for node-feature reconstruction, with equal weights assigned to the two components.
For VGAE, the same reconstruction objective was augmented with a KL-divergence term
weighted by Bx1. = 0.1. Adam optimization was used with a learning rate of 10~3, weight
decay of 107>, and dropout of 0.2. The main multi-city runs used a maximum of 50 training
epochs with early stopping after 10 epochs without improvement in the validation objective.
A validation ratio of 0.1 was used. Although GraphSAGE-AE employs GraphSAGE convo-
lutional operators, the reported experiments used full-graph message passing rather than
stochastic neighborhood sampling, ensuring that its training protocol remained directly
comparable with the other autoencoder variants.

Before model training, the structural characteristics of the constructed multi-relational
graphs were examined. Table 3 summarizes the graph statistics for each city, including
the numbers of nodes, feature dimensions, union edges, and relation-specific edge counts.
These statistics provide a quantitative description of the graph construction process and
facilitate reproducibility of the experimental setting.

An explicit connectivity audit of the complete multi-relational graphs confirmed that
no isolated nodes were present in any of the five study cities. Specifically, the number of
isolated nodes was 0/23,656 in Baku, 0/38,391 in Turin, 0/64,361 in Vienna, 0/72,379 in
Prague, and 0/91,503 in Kuala Lumpur. Thus, all 290,290 POIs participate in at least one
relation in the final union graphs, and no isolated-node filtering, imputation, or special
treatment was required prior to model training.
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Table 3. Structural statistics of the constructed multi-relational urban POI graphs. The upper table
reports general graph properties, while the lower table reports relation-specific edge counts. Geoys
and Geoys) denote the geo-close and geo-medium spatial relations constructed using 75m and 250 m
distance thresholds, respectively.

City Nodes Features Union Edges Avg. Degree
Baku 23,656 544 1,532,560 129.57
Kuala Lumpur 91,503 1629 7,344,925 160.54
Prague 72,379 1166 5,391,089 148.97
Turin 38,391 1202 3,027,408 157.71
Vienna 64,361 1297 4,851,622 150.76
City Geoys Geo2s Category Type Region
Baku 309,059 916,900 489,334 473,120 373,776
Kuala Lumpur 1,984,930 4,286,950 1,846,854 1,830,060 1,840,718
Prague 1,348,517 3,138,858 1,475,060 1,447,580 1,325,214
Turin 709,056 1,831,237 780,604 767,820 852,118
Vienna 1,134,529 2,860,942 1,317,492 1,287,220 1,288,996

After graph construction and representation learning, four complementary anomaly
scoring perspectives were computed: reconstruction-based, cluster-based, neighborhood-
consistency, and embedding-conflict scores. For each random seed, anomaly rankings
were generated independently for every scoring perspective. The top-K anomalies were
subsequently extracted and used to evaluate stability across seeds, construct consensus
anomaly sets, compare agreement between scoring perspectives, and perform baseline and
cross-city analyses.

Unless otherwise stated, consensus anomalies were derived from the multi-seed con-
sensus framework described in Section 3.8. All experiments were performed using identical
anomaly selection settings across cities to ensure comparability of the obtained results.

The main GAE, ResGAE, VGAE, and GraphSAGE-AE experiments were executed
using GPU-enabled Google Colab runtimes. Because accelerator allocation in Google Colab
is session dependent and the exact accelerator metadata from the original experimental
sessions was not retained, the historical runs are not retrospectively attributed to a specific
unverified GPU model. For reproducibility, the computational environment independently
verified during the revision stage consisted of an NVIDIA Tesla T4 GPU with 14.56 GB
of reported GPU memory, CUDA 12.8, PyTorch 2.11.0+cul28, and PyTorch Geometric
2.8.0.postl. Randomness was controlled using fixed experiment seeds for Python 3.13.15,
NumPy 2.1.3, and PyTorch, including CUDA random-number generation where applicable.

As addjitional empirical context regarding computational cost, the GAD-NR baseline
experiments introduced during revision required approximately 4916, 5026, 8163, 9204, and
9674 s for Baku, Turin, Vienna, Prague, and Kuala Lumpur, respectively. The corresponding
adapted L-MAG-style experiments required approximately 61, 113, 211, 219, and 302 s.
These measurements are provided to illustrate the computational scale of the additional
baseline evaluation and should not be interpreted as direct runtime comparisons with the
original graph-autoencoder experiments, because the baseline implementations and the
original experiments were not executed under identical computational environments.

4.2. Multi-Seed Stability Results

Before constructing consensus anomaly sets, it is essential to verify that the detected
anomalies remain stable under different random initializations. To evaluate this property,
each graph autoencoder was trained using five independent random seeds, and the overlap
between the corresponding Top-K anomaly sets was quantified using the intersection ratio
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defined in Section 3.7. This analysis provides an initial assessment of whether the discov-
ered anomalies represent persistent graph irregularities or merely artifacts of stochastic
training dynamics.

Figure 3 illustrates a representative example of the stability analysis. The consistently
high agreement values observed across all seed pairs indicate that the ranking of anomalous
nodes remains largely preserved despite variations in random initialization. This behavior
suggests that the learned graph representations capture stable structural characteristics of
the urban environment rather than seed-specific optimization effects.

1.0
42
0.8
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Figure 3. Representative seed-stability heatmap for the Vienna urban graph obtained using the Res-
GAE model and the neighborhood-consistency scoring perspective. Each cell reports the intersection
ratio between the Top-K anomaly sets produced by two independent random seeds. High agreement
across seed pairs indicates strong reproducibility of the detected anomalies.

The aggregated results reported in Table 4 further support the robustness of the
anomaly discovery process across geographically distinct cities. Several model-score
combinations consistently achieved stability values above 0.80, indicating a high degree
of cross-seed consistency. In particular, the conflict-based and neighborhood-consistency
perspectives exhibited the strongest stability, with ResGAE achieving average overlap
ratios of 0.844 and 0.834, respectively. These findings indicate that anomalies identified by
these perspectives are repeatedly recovered across independent training runs, providing
stronger evidence that they correspond to consistent anomaly patterns. In contrast, cluster-
based scoring generally produced lower stability values, suggesting a greater sensitivity to
variations in the learned latent representations.

Table 4. Average seed-stability results across five cities. Values represent the mean pairwise intersec-
tion ratio between Top-K anomaly sets obtained from different random seeds.

Model Scoring Perspective Mean Stability
ResGAE Conlflict 0.844 £+ 0.032
ResGAE Neighbor 0.834 +0.039
GAE Neighbor 0.815 4+ 0.071
GAE Contflict 0.812 +0.056
SAGEAE Reconstruction 0.759 £ 0.202
VGAE Reconstruction 0.755 £ 0.198
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The stability analysis indicates that the anomaly rankings are not dominated by ran-
dom initialization effects and remain largely consistent across multiple seeds. Having
established substantial cross-seed stability in the detected anomaly rankings, the next
step is to aggregate anomaly evidence across independent runs in order to identify the
most reliable and persistent urban irregularities through the proposed consensus discov-
ery framework.

4.3. Consensus Discovery Results

The stability analysis presented in the previous subsection showed that the detected
anomalies remain largely consistent across different random seeds. Building upon this
observation, a seed-level consensus framework was applied independently to each model-
score configuration to aggregate anomaly evidence from repeated training runs and identify
the most reliable urban irregularities. The resulting consensus sets provide a reproducible
representation of anomalies within each configuration and form the basis for the analyses
presented in this subsection.

Table 5 summarizes the average size of the consensus anomaly sets obtained for
each city. Despite differences in urban structure, graph density, and POI composition, all
cities produced substantial consensus sets, indicating that a large proportion of anoma-
lous nodes were repeatedly identified across independent training runs. Baku and
Turin exhibited the largest consensus sets, while Kuala Lumpur showed comparatively
lower agreement, suggesting greater variability in the anomalies retained across different
model-score configurations.

Table 5. Average within-configuration consensus anomaly set sizes across the five urban graphs. For
each city, values are averaged over all model-score configurations, where consensus is computed
across the five random seeds within each configuration.

City Mean Consensus Size
Baku 188.9
Turin 185.4
Vienna 175.8
Prague 168.6
Kuala Lumpur 146.3

A more detailed analysis revealed notable differences between anomaly scoring per-
spectives. Reconstruction-based and conflict-based scores produced the largest and most
stable consensus sets, whereas cluster-based scoring consistently generated smaller con-
sensus sets. This observation is consistent with the stability results reported in Section 4.2,
where cluster-based scores also exhibited the lowest seed agreement. Together, these find-
ings suggest that reconstruction and conflict perspectives capture more persistent structural
irregularities, while cluster-based anomalies are more sensitive to variations in the learned
latent representations.

The within-configuration consensus framework successfully filters seed-specific detec-
tions and retains anomalies that repeatedly emerge across independent runs. As a result,
the obtained consensus anomaly sets provide a more reliable basis for subsequent analyses.
The next subsection investigates whether these consensus anomalies are also identified
by established anomaly detection baselines, providing an additional perspective on their
robustness and distinctiveness.

4.4. Comparison with Baseline Detectors

To further characterize the discovered consensus anomalies, we compare them with
both established and more recent unsupervised anomaly detection baselines. The estab-
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lished comparison includes LOF, DOMINANT, and COLA, representing density-based,
graph-reconstruction, and contrastive anomaly-detection perspectives, respectively. In re-
sponse to the need for comparison with more recent graph anomaly detection approaches,
we additionally evaluate GAD-NR, a neighborhood-reconstruction graph anomaly de-
tector [33], and an adapted lightweight implementation following the L-MAG design
proposed in recent graph contrastive anomaly-detection research [40]. We refer to the
latter as L-MAG-style throughout the experimental discussion because our implementation
adapts the lightweight contrastive design to the present large-scale urban POI graphs rather
than claiming an exact reproduction of the original implementation.

Because external node-level anomaly labels are unavailable for the five urban datasets,
these comparisons should not be interpreted as conventional accuracy rankings among
anomaly detectors. Instead, all methods are evaluated under a common Top-200 anomaly
budget, and their overlap with the proposed consensus candidates is used to examine
whether detectors based on different anomaly assumptions recover similar or complemen-
tary urban irregularity populations.

LOF and DOMINANT exhibited relatively low agreement with the discovered con-
sensus anomalies. This behavior can be explained by the fundamentally different anomaly
assumptions adopted by these methods. LOF detects local density deviations, while DOM-
INANT primarily identifies nodes with high reconstruction errors in graph structure and
node attributes. In contrast, the proposed framework emphasizes anomalies that remain sta-
ble across multiple random initializations and persist under different anomaly-scoring per-
spectives. Consequently, the limited overlap suggests that the proposed framework empha-
sizes anomaly patterns that differ from those identified by density-based and reconstruction-
based detectors, reflecting its stability- and consensus-oriented selection strategy.

Among the original three baselines, COLA exhibited the highest agreement with the
discovered consensus anomalies. Unlike LOF and DOMINANT, COLA relies on contrastive
representation learning, which emphasizes discrepancies between local graph context and
learned node representations. This objective is conceptually closer to the neighborhood
inconsistency and conflict-oriented perspectives employed by the proposed framework,
which is consistent with its higher overlap relative to the other original baselines.

As shown in Table 6, agreement with the original baseline detectors varies substantially
across the five study cities. COLA produces the largest average number of shared anomaly
candidates and the highest mean coverage among these three methods, whereas LOF and
DOMINANT show lower agreement. The relatively large cross-city standard deviations,
particularly for COLA, indicate that baseline agreement is strongly dependent on urban
context. Importantly, these standard deviations represent dispersion across cities and
should not be interpreted as random-seed uncertainty.

Table 6. Agreement between the proposed consensus anomalies and representative baseline detectors
across the five study cities. Values are reported as the mean + standard deviation across cities
(n = 5). Coverage denotes the proportion of consensus anomalies also identified by each baseline.
The reported standard deviations therefore characterize cross-city variation in baseline agreement
rather than repeated-run variability.

Baseline Shared Nodes Coverage (%) Overlap F1 (%)
COLA 56.8 £37.9 28.7£19.0 112471
LOF 31.2+120 154+53 12.8 +4.7
DOMINANT 245+9.2 121+44 10.3+3.9

The comparison was subsequently extended with the two recent graph-based baselines.
GAD-NR [33] reconstructs neighborhood information to identify nodes whose local graph
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context is difficult to reproduce. Under the common Top-200 comparison budget, GAD-NR
showed very limited overlap with the stability-based consensus candidates, with a five-city
mean intersection of 0.4 nodes, mean consensus recovery of 0.20%, and mean Jaccard
similarity of 0.0010. This result should not be interpreted as inferior anomaly-detection
accuracy; rather, it indicates that the neighborhood-reconstruction objective identifies a
substantially different anomaly population from the multi-model, multi-score consensus
criterion used in the proposed framework.

As shown in Table 7, the adapted L-MAG-style contrastive baseline [40] exhibited
greater overlap with the consensus candidates than GAD-NR. Across the five cities, the
mean intersection was 27.6 nodes, corresponding to a mean consensus recovery of 14.00%
and a mean Jaccard similarity of 0.0762. The degree of agreement remained city dependent:
the largest recoveries were observed in Baku (23.86%) and Prague (21.21%), whereas Turin,
Vienna, and Kuala Lumpur yielded 7.50%, 10.05%, and 7.37%, respectively. Thus, even
a recent contrastive graph anomaly detector reproduces only part of the stable consen-
sus population.

Table 7. Agreement between the proposed consensus candidates and the adapted L-MAG-style
contrastive baseline under a common Top-200 anomaly budget. Recovery denotes the percent-
age of consensus candidates recovered by the baseline. The L-MAG-style implementation adapts
the lightweight contrastive design to the present urban graphs and is not presented as an exact
reproduction of the original implementation.

City Shared Nodes Recovery (%) Jaccard
Baku 47 23.86 0.1343
Turin 15 7.50 0.0390
Vienna 20 10.05 0.0528
Prague 42 21.21 0.1180
Kuala Lumpur 14 7.37 0.0372
Mean 27.6 14.00 0.0762

Taken together, the baseline comparisons reveal substantial complementarity among
anomaly definitions. Density deviation, graph reconstruction, neighborhood reconstruc-
tion, contrastive representation learning, and stability-aware consensus do not identify
identical sets of urban POls. The proposed framework is therefore not intended to replace
these detectors on the basis of an accuracy claim that cannot be established without external
anomaly labels. Its distinguishing objective is instead to identify candidates that persist
across heterogeneous embedding architectures, anomaly-scoring perspectives, and stochas-
tic executions. The partial overlap with both established and recent baselines indicates
that some consensus candidates are supported by alternative anomaly criteria, while a
substantial proportion remains specific to the stability-oriented selection mechanism.

Baseline overlap provides complementary evidence but does not constitute ground-
truth validation of the detected anomalies. We therefore complement these compar-
isons with parameter-sensitivity and contextual validation analyses. The following
subsection first evaluates whether the consensus selections remain robust under vari-
ations in candidate-set definition, agreement threshold, seed count, and spatial graph-
construction parameters.

4.5. Sensitivity Analysis

The preceding experiments evaluate stability across repeated random initializations.
We further examine whether the reported consensus results depend strongly on the main
design choices used in candidate selection, consensus formation, and graph construction.
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Specifically, the sensitivity analysis considers: (i) the fixed Top-K candidate-set size and
consensus threshold T; (ii) city-size-normalized candidate sets defined as a proportion
of the total number of POls; (iii) the number of random seeds contributing to consensus
formation; and (iv) the spatial thresholds used during graph construction. These analyses
are intended to assess robustness rather than to identify uniquely optimal hyperparameters.
The joint sensitivity to Top-K and the consensus threshold T is summarized in Table 8.

Table 8. Sensitivity analysis of the consensus mechanism under different Top-K and consensus thresh-
old settings. Jaccard similarity measures the agreement between adjacent parameter configurations,
while the last column summarizes the corresponding change in the average consensus set size across
the five evaluated cities.

Analysis Compared Settings Jaccard Similarity Consensus Size Trend
Top-K K =100vs. K=150 (T = 3) 0.696 & 0.026 720.8 — 1037.0
Top-K K =150vs. K =200 (T = 3) 0.769 £ 0.009 1037.0 — 1349.4
Top-K K =200vs. K=250 (T = 3) 0.819 +0.011 1349.4 — 1649.2
Top-K K =250vs. K=300 (T = 3) 0.844 £+ 0.015 1649.2 — 1957.0
Threshold T=2vs. T=23(K=200) 0.794 £0.076 1727.0 — 1349.4
Threshold T=3vs. T =4 (K=200) 0.844 £ 0.044 1349.4 — 1134.6
Threshold T=4vs. T=5(K=200) 0.878 £ 0.028 1134.6 — 995.4

Increasing Top-K gradually enlarges the consensus candidate pool, whereas increasing
the consensus threshold produces smaller and more selective consensus sets. Despite the
corresponding changes in set size, agreement between adjacent parameter configurations
remains substantial. Mean Jaccard similarity ranges from 0.696 to 0.844 across adjacent Top-
K settings and from 0.794 to 0.878 across adjacent threshold settings. Around the reference
configuration, changing K from 150 to 200 yields a Jaccard similarity of 0.769 & 0.009, while
changing it from 200 to 250 yields 0.819 & 0.011. Similarly, changing T from 2 to 3 and
from 3 to 4 yields 0.794 £ 0.076 and 0.844 4= 0.044, respectively. The detected consensus sets
therefore evolve progressively rather than changing abruptly around the reference setting.

Because a fixed K = 200 corresponds to different fractions of the POI population
across cities, we additionally evaluated city-normalized candidate sets corresponding to
0.25%, 0.50%, 0.75%, and 1.00% of the nodes in each graph. The fixed K = 200, T = 3
configuration was used as the reference. Node-level consistency was evaluated through
retention of the reference anomaly set, while Jensen-Shannon similarity was used separately
to quantify similarity of the basic-category distributions.The corresponding results are
reported in Table 9.

Table 9. Sensitivity to city-normalized anomaly candidate sets at T = 3. Reference retention
denotes the proportion of anomalies from the fixed K = 200, T = 3 configuration that are re-
tained, while category similarity denotes Jensen—Shannon similarity between the corresponding
basic-category distributions.

Candidate Proportion Reference Retention (%) Category Similarity
0.25% 72.3 0.958
0.50% 92.1 0.975
0.75% 97.9 0.967
1.00% 100.0 0.958

The fixed K = 200 setting represents markedly different candidate proportions across
the study cities, ranging from approximately 0.219% of the graph in Kuala Lumpur to
0.845% in Baku. Nevertheless, the 0.50% city-normalized setting retains approximately
92.1% of the reference anomalies at T = 3, while preserving a highly similar basic-category
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composition with a mean Jensen—Shannon similarity of 0.975. Increasing the proportional
candidate set to 0.75% raises reference retention to approximately 97.9%. At the 0.50% can-
didate setting, varying T from 2 to 5 retains approximately 80.7-94.4% of the reference
anomalies, while category-composition similarity remains between 0.967 and 0.975. These
results indicate that the qualitative composition of the consensus anomaly population is
not specific to the use of a fixed Top-200 candidate set.

We also evaluated whether consensus formation depends critically on the use of five
random seeds. Using the existing seed set {42,52,62,72,82}, all possible subsets were
evaluated for M = 2, 3,4, and 5 without retraining the models. Because the original T = 3
out of M = 5 rule corresponds to a 60% agreement requirement that cannot be represented
exactly for every reduced seed count, the nearest practical integer thresholds were used:
T=2forM=2T=2forM=3T=3forM=4,and T = 3 for M = 5. The
corresponding seed-count sensitivity results are summarized in Table 10.

Table 10. Sensitivity of the final cross-configuration consensus to the number of random-seed execu-
tions. Jaccard similarity and reference retention are computed relative to the full five-seed consensus.

Seeds M Threshold T Jaccardto M =5 Reference Retention Category Similarity

2 2 0.780 0.811 0.983
3 2 0.849 0.928 0.991
4 3 0.902 0.902 0.993
5 3 1.000 1.000 1.000

The seed-count analysis shows progressive convergence toward the five-seed reference.
With two seeds, the mean Jaccard similarity is 0.780 and the mean reference retention is
0.811. Three seeds increase the mean Jaccard similarity to 0.849 and already recover
approximately 92.8% of the five-seed reference anomalies, while category-composition
similarity reaches 0.991. With four seeds, the mean Jaccard similarity rises further to 0.902
and category-composition similarity reaches 0.993. The same general convergence pattern
is observed across all five cities; for M = 4, the city-level Jaccard similarities to the five-seed
reference are approximately 0.936 for Baku, 0.919 for Turin, 0.894 for Prague, 0.892 for
Vienna, and 0.871 for Kuala Lumpur. These results indicate that fewer seeds already recover
most of the consensus structure, while five seeds provide an additional reproducibility
margin rather than representing a uniquely optimal choice.

Finally, we evaluated the structural sensitivity of the spatial graph-construction thresh-
olds. As clarified in Section 3.3, the graphs used in the reported experiments employ
75m for the geo-close relation and 250 m for the geo-medium relation. The close-distance
threshold was varied over 50, 75, and 100 m while fixing the medium threshold at 250 m,
and the medium-distance threshold was varied over 200, 250, and 300 m while fixing the
close threshold at 75m. This analysis evaluates changes in graph structure only; no GNN
retraining was performed for these threshold perturbations.

Across the five cities, varying the close threshold from 50 to 100 m changed the mean
spatial degree from 80.65 to 88.64, while the mean isolated-node rate remained unchanged
at 0.436% and mean largest-connected-component coverage remained unchanged at 92.43%.
Varying the medium threshold from 200 to 300 m produced a larger but controlled structural
effect: mean degree ranged from 75.63 to 92.41, mean isolated-node rates remained below
0.65%, and mean largest-connected-component coverage ranged from 88.94% to 95.52%.
The default 75/250 m configuration yielded a mean degree of 85.39, a mean isolated-node
rate of 0.436%, and mean largest-connected-component coverage of 92.43%. These results
indicate that the adopted spatial configuration lies within a structurally stable neighborhood
and is not dependent on a narrowly tuned threshold choice.
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Taken together, these analyses support the use of K = 200, T = 3, five random
seeds, and the 75/250 m spatial configuration as practical reference settings for the reported
experiments. We do not interpret these values as uniquely optimal hyperparameters. Rather,
the sensitivity results show that the principal consensus structure and category composition
remain broadly consistent under city-normalized candidate sets, neighboring consensus
thresholds, reduced seed counts, and local perturbations of the graph-construction radii.
The reference configuration is therefore retained primarily to provide a common and
reproducible evaluation protocol across the five cities and model configurations. Having
established robustness to these principal design choices, we next examine the semantic and
contextual characteristics of the detected consensus anomalies.

4.6. Urban Contextualization Results

To assess whether the stable consensus anomalies correspond to interpretable urban
contexts rather than merely high model scores, we conducted a contextual case study
centered on Prague. Prague was selected because its final configuration uses ResGAE
with the neighbor-consistency score, making local spatial context directly relevant to the
interpretation of the detected anomalies. The analysis combines spatial visualization,
semantic composition, relation-specific structural profiles, and comparison with category-
matched non-consensus controls.

Figure 4 provides a spatial overview of the Prague consensus set. Rather than re-
lying on visual inspection alone, however, we evaluated the structural context of every
Prague consensus anomaly against semantically comparable non-consensus POls. For each
consensus node, up to 20 non-consensus controls sharing the same basic category were
selected. This matching strategy reduces the possibility that apparent structural differences
are driven only by category rarity. The contextual comparison focuses on three explicitly
spatial relations: geo-close, geo-medium, and same-region-cell. For each node, empirical
city-wide percentile positions were computed for these relations and summarized through
the number of low-tail relations, the number of extreme spatial relations, and a continuous
spatial-tail score. Higher spatial-tail scores indicate relation profiles located further toward
the tails of the corresponding city-wide distributions.

Uncertainty in the matched-control comparisons was quantified at the consensus-node
level using paired resampling procedures. For each reported mean difference between a
consensus anomaly and its category-matched control set, 95% confidence intervals were
estimated from 5000 bootstrap resamples of the paired node-level differences. In addition,
the paired differences were evaluated using 5000 paired sign-flip permutations under the
null hypothesis of no systematic paired difference.

All 198 Prague consensus anomalies could be included in the matched-control analysis.
Relative to their category-matched controls, the consensus anomalies exhibited, on average,
1040 additional low-tail spatial relations, with a 95% bootstrap confidence interval of
[0.878, 1.202]. They also exhibited 0.866 additional extreme spatial relations on average,
with a 95% confidence interval of [0.701, 1.026], and a mean spatial-tail-score increase of
0.203, with a 95% confidence interval of [0.175, 0.229]. The descriptive comparison with
the full non-consensus population showed the same general pattern: the mean spatial-tail
score was 0.786 for the consensus anomalies compared with 0.499 for non-consensus POls,
while the mean number of low-tail spatial relations was 1.707 and 0.274, respectively. These
results provide population-level evidence that the stable neighbor-based Prague anomalies
occupy atypical local spatial contexts relative to semantically matched controls.

To further investigate the nature of these anomalies, we analyzed their dominant
semantic categories. The most frequent consensus anomaly categories identified in Prague
are summarized in Table 11.
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Figure 4. Spatial distribution of consensus anomalies identified in Prague. Red markers denote POIs
repeatedly detected as anomalous across multiple runs. Annotated examples highlight representative
anomalies from different urban regions.

Table 11. Most frequent semantic categories among the consensus anomalies identified in Prague.

Category Frequency

Farm 17
Campground

Dog Park

Warehouse

Skate Park

Locksmith Service

Zoo

B2B Energy and Utility Service
Nature Reserve

Shipping or Delivery Service

—_
N

9] le) NN NNe )N N BN N Ne]

The semantic composition provides an additional interpretive layer. Categories such
as farms, campgrounds, nature reserves, zoos, and dog parks represent facilities whose
local contexts may differ from those of more typical dense urban POIs, while warehouses,
utility services, and shipping facilities reflect specialized infrastructure functions. However,
the category-matched control design is important here: the contextual differences reported
above cannot be explained solely by the fact that these categories are relatively uncommon,
because each consensus anomaly is compared with non-consensus POIs from the same
basic category.

To illustrate the relation profiles underlying the aggregate results, Table 12 reports three
highly stable consensus anomalies that persisted across all five random-seed executions.
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The Zoo and Resort examples lie close to the lower tails of all three spatial-relation
distributions and exhibit spatial-tail scores above 0.97, while the Farm case also shows a
strongly atypical multi-relation profile. These examples therefore connect the population-
level matched-control result with concrete POIs whose stable anomaly status is accompa-
nied by unusual local graph context.

Table 12. Representative stable Prague consensus anomalies and their empirical percentile positions
in the three spatial relations used for contextual validation. Lower percentile values indicate relation
degrees located closer to the lower tail of the corresponding city-wide distribution. The tail score
summarizes the extremeness of the spatial-relation profile.

Category Node Geo-Close (%) Geo-Medium (%) Region-Cell (%) Tail Score

Zoo 37796 1.99 1.35 0.97 0.971
Resort 72087 1.99 0.99 0.97 0.974
Farm 14756 6.11 3.05 5.58 0.903

As an additional robustness check, the same category-matched spatial-tail analysis
was applied to the Baku consensus configuration. The same directional pattern was not
observed: the mean differences between Baku consensus anomalies and their controls were
—0.273 for low-tail spatial relations, —0.298 for extreme spatial relations, and —0.038 for
the spatial-tail score. This contrast is informative rather than contradictory. Prague uses
a neighborhood-consistency score that directly targets local neighborhood disagreement,
whereas the selected Baku configuration uses a conflict-based anomaly score and therefore
represents a different notion of irregularity. The contextual signature should consequently
be interpreted as dependent on the anomaly-scoring perspective rather than as a universal
structural property of all consensus anomalies.

Overall, the Prague case study provides contextual validation that is independent
of overlap with external anomaly detectors: stable neighbor-based consensus anomalies
exhibit measurable spatial-relation differences relative to semantically matched controls.
At the same time, the contrasting Baku result demonstrates an important limitation and
cautions against interpreting a single contextual signature as universally applicable across
anomaly-scoring objectives. Because comprehensive external anomaly labels remain un-
available, these analyses should be viewed as contextual evidence supporting interpretabil-
ity rather than as proof of absolute anomaly-detection accuracy. The following subsection
therefore examines a separate question: whether consensus anomaly candidates exhibit
non-random correspondence across different urban environments.

4.7. Cross-City Consistency Analysis

To examine whether the detected consensus anomalies exhibit correspondence across
different urban environments, we first evaluated several similarity-weighting schemes and
subsequently introduced explicit reference baselines to determine whether the observed
matches exceed random expectation or can be explained by simpler semantic or structural
similarity mechanisms. The analysis was conducted over all 20 directed source-target city
pairs. For each pair, the 50 highest-vote source consensus anomalies were used as retrieval
queries, and Consensus Hit@10, Hit@20, and Hit@50 were computed according to whether
at least one target-city consensus anomaly appeared among the corresponding Top-N
retrieved POlIs. The results obtained under the original similarity-weighting schemes are
summarized in Table 13.
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Table 13. Cross-city anomaly consistency under different similarity weighting schemes. Hit@N
represents the proportion of source-city consensus anomalies that retrieve at least one target-city
consensus anomaly within the Top-N most similar matches. Best-performing values among the
evaluated weighting schemes are shown in bold.

Scheme Hit@10 (%) Hit@20 (%) Hit@50 (%)
Profile-Focused 5.2 8.4 14.1
Context-Focused 5.8 9.7 16.5
Balanced 11.4 17.8 28.6
Embedding-Focused 13.9 21.5 33.2
Semantic-Focused 23.0 29.3 39.4

Among the original weighting schemes, semantic-focused similarity produced the
highest correspondence rates, reaching 23.0% at Hit@10 and 39.4% at Hit@50, whereas
profile- and context-focused schemes produced substantially lower retrieval rates. This
pattern motivated a more explicit baseline analysis to separate the contributions of semantic
compatibility, graph-structural similarity, and random target-set density.

Four additional reference strategies were therefore evaluated: random retrieval, exact-
category matching, semantic-only similarity, and structural-only similarity. Random re-
trieval repeatedly ranks the full target-city POI population without using source-query
information. Exact-category matching prioritizes target POIs sharing the source POI’s
category, while semantic-only similarity uses semantic descriptors without structural infor-
mation. Structural-only similarity excludes category and semantic information and relies
only on local spatial and graph-structural characteristics. Randomized tie-breaking was
used where necessary, uncertainty was quantified at the source-query level using bootstrap
resampling, and empirical randomization tests were used to compare the combined simi-
larity method against random retrieval. The corresponding reference-strategy results are
summarized in Table 14.

Table 14. Mean cross-city consensus retrieval performance across all 20 directed source-target city
pairs. Hit@N denotes the proportion of source consensus queries retrieving at least one target-city
consensus anomaly within the Top-N ranked POls.

Retrieval Strategy Hit@10 Hit@20 Hit@50
Random Retrieval 0.0418 0.0815 0.1885
Structural-Only 0.0490 0.0930 0.2150
Combined Similarity 0.1140 0.1640 0.2880
Exact-Category 0.2668 0.3335 0.4142
Semantic-Only 0.2736 0.3469 0.4388

The combined similarity method achieved mean Consensus Hit@10, Hit@20, and
Hit@50 values of 0.114, 0.164, and 0.288, respectively, compared with 0.0418, 0.0815, and
0.1885 under random retrieval. Thus, the corresponding retrieval rates were approximately
2.73,2.01, and 1.53 times the random reference at the three cutoffs. Empirical randomization
tests indicated that the combined method exceeded random retrieval at all three depths
(p < 0.001). This provides evidence that the observed cross-city correspondence is not
explained solely by random retrieval or by the size of the target consensus sets.

However, the additional baselines also substantially qualify the interpretation of
the cross-city results. Semantic-only similarity achieved mean Hit@10/20/50 values of
0.274/0.347/0.439, while exact-category matching achieved 0.267/0.334/0.414, both ex-
ceeding the combined similarity method. In contrast, structural-only retrieval remained
considerably closer to random retrieval, particularly at Hit@10 and Hit@20. These findings
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indicate that semantic and category compatibility are major contributors to the observed
cross-city matches, whereas non-semantic local structural similarity alone explains a sub-
stantially smaller proportion of the correspondence.

The results therefore support a more limited conclusion than broad cross-city transfer-
ability. A non-random subset of stable anomaly candidates exhibits correspondence across
the five studied cities, but the stronger performance of semantic-only and exact-category
retrieval shows that semantic overlap is an important driver of this correspondence. More-
over, the random Hit@N reference varies with the proportion of POIs belonging to the
target-city consensus set, so raw cross-city Hit@N values should be interpreted in the con-
text of target-city consensus density. The present analysis consequently provides evidence
of non-random cross-city correspondence, but it does not establish that matched POlIs repre-
sent the same underlying urban phenomenon or that the learned anomaly representations
are universally transferable across cities.

Taken together, the stability, consensus, baseline-comparison, contextual-validation,
and cross-city analyses provide complementary evidence regarding the reproducibility
and interpretability of the proposed framework. These findings and their implications for
urban analytics are discussed in the following section.

5. Discussion
5.1. Main Findings

The results demonstrate that explicitly accounting for stochastic variability can im-
prove the reliability of unsupervised urban anomaly discovery in multi-relational POI
graphs. Across the five study cities, repeated training under different random seeds re-
vealed that individual anomaly rankings can vary, whereas recurrent candidates can be
identified more reliably through stability analysis and consensus filtering. The contribution
of the proposed framework therefore lies not in introducing a new graph autoencoder or a
new voting rule in isolation, but in integrating multi-relational urban graph construction,
heterogeneous embedding architectures, complementary anomaly-scoring perspectives,
repeated-seed stability assessment, and consensus-based reliability filtering into a unified
urban anomaly-discovery methodology. This stability-oriented perspective is particularly
relevant for reproducible graph-based analysis, where conclusions derived from a single
stochastic execution may otherwise depend on initialization-specific model behavior [12].

The consensus mechanism complements this stability analysis by prioritizing POIs that
repeatedly emerge under multiple model, scoring, and seed configurations. Reconstruction
error, cluster deviation, neighborhood inconsistency, and relation-conditioned conflict
capture different manifestations of irregularity and therefore need not produce identical
rankings. Their integration is consequently intended to reduce dependence on any single
anomaly definition rather than to assume that one scoring perspective is universally optimal.
The sensitivity experiments further support this design choice: moderate variations in
the candidate-set size, consensus threshold, number of random seeds, and spatial graph-
construction thresholds produced gradual rather than abrupt changes in the retained
anomaly populations. This behavior is consistent with the general motivation of consensus-
based anomaly analysis, in which recurrent evidence across heterogeneous views can
reduce sensitivity to individual detector behavior [27].

The baseline experiments provide an additional perspective on this complementarity.
The consensus candidates exhibited only partial overlap with LOF, DOMINANT, COLA,
GAD-NR, and the adapted L-MAG-style contrastive baseline. In particular, the limited over-
lap with GAD-NR and the greater, but still partial, correspondence with the L-MAG-style
baseline indicate that neighborhood reconstruction, contrastive representation learning,
and stability-aware consensus emphasize different anomaly populations. These results
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should not be interpreted as evidence that the proposed framework is more accurate than
the individual baselines, because externally verified node-level anomaly labels are un-
available. Instead, they show that the framework provides a distinct stability-oriented
criterion for selecting anomaly candidates that is complementary to established and recent
detector objectives.

The contextual analysis provides evidence beyond detector overlap for interpreting
the retained candidates. In Prague, all 198 consensus anomalies were compared with
non-consensus POls from the same basic categories. The consensus population exhibited
substantially more atypical spatial-relation profiles, including a mean spatial-tail score
of 0.786 compared with 0.499 for the broader non-consensus population and a matched-
control mean difference of 0.203 with a 95% bootstrap confidence interval of [0.175, 0.229].
Representative stable cases such as a zoo, resort, and farm also occupied the lower tails
of multiple spatial-relation distributions. Because controls were matched by category,
these differences cannot be attributed solely to the rarity of the corresponding semantic
classes. The contrasting Baku analysis, however, did not reproduce the same spatial-tail
signature. This result emphasizes that contextual manifestations of irregularity depend on
the anomaly-scoring perspective: Prague was selected using neighborhood inconsistency,
whereas the Baku configuration emphasizes relation conflict. The contextual analysis
should therefore be interpreted as supporting evidence for the urban interpretability of
specific anomaly notions rather than as universal ground-truth validation.

The cross-city experiments further refine the interpretation of the framework. The com-
bined retrieval strategy exceeded random retrieval across all evaluated depths, providing
evidence that cross-city correspondence among consensus candidates is not entirely at-
tributable to chance or target-set size. However, semantic-only and exact-category retrieval
achieved higher correspondence than the combined strategy, whereas structural-only re-
trieval remained considerably closer to the random reference. These findings indicate that
semantic compatibility is an important driver of the observed cross-city matches. Con-
sequently, the results support non-random cross-city correspondence among a subset of
anomaly candidates, but they do not establish broad transferability of anomaly patterns or
universal cross-city generalization. Differences in POI coverage, category composition, ur-
ban structure, and consensus-set density remain relevant sources of variation and motivate
a deliberately cautious interpretation of cross-city consistency.

From a smart-city perspective, this stability-oriented output is most naturally viewed
as a screening and decision-support mechanism rather than an autonomous declaration that
a facility is erroneous or improperly located. For example, municipal data-management
teams could use repeatedly detected POlIs to prioritize records for POI data-quality as-
sessment, identifying facilities whose semantic attributes or relational context warrant
verification. Urban planners could similarly use stable neighborhood- or conflict-based
candidates as a first-stage screening tool for facility-layout assessment or land-use anomaly
investigation. In such applications, the consensus vote, scoring perspective, semantic cate-
gory, and relation-specific context provide complementary evidence that can guide human
inspection. The framework therefore aims to reduce the search space for expert assessment
while retaining human and domain-specific validation as the final decision stage.

5.2. Limitations

Several limitations should be considered when interpreting the results. First, the em-
pirical evaluation is restricted to five cities. Although the selected cities differ substantially
in geographic context, graph size, feature dimensionality, and urban composition, they
cannot represent the full diversity of urban forms, mapping practices, and development
patterns observed worldwide. The multi-city experiments therefore provide evidence
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across heterogeneous urban environments rather than proof of universal generalizability.
Evaluation on a substantially larger and more systematically sampled collection of cities
would be required to establish broader geographic robustness.

Second, externally verified node-level labels identifying genuine urban anomalies
are unavailable. Consequently, conventional detection metrics such as precision, recall,
or AUROC against a validated ground truth cannot be reported, and neither consensus
frequency nor agreement with another detector should be interpreted as proof that a POI
constitutes a true urban anomaly. We addressed this limitation through complementary
forms of evidence, including multi-seed stability analysis, consensus sensitivity analysis,
comparisons with established and recent anomaly detectors, category-matched contextual
validation, and cross-city retrieval baselines. These analyses strengthen the assessment of
reproducibility and interpretability but do not replace externally validated anomaly labels.

Third, the analysis depends on the quality, completeness, and semantic consistency of
Overture Maps POI data. Differences among cities in POI coverage, category granularity,
attribute completeness, duplication, and regional mapping practices may alter both graph
construction and anomaly characterization. Moreover, categorical encoding produces
different feature dimensionalities across cities, reflecting differences in the observed urban
data vocabularies. Some detected irregularities may therefore reflect characteristics of the
underlying digital map representation in addition to characteristics of the physical urban
environment. This distinction is particularly important when the framework is used for
POI data-quality assessment, where a detected anomaly may indicate either a genuine
unusual facility context or a record that warrants verification.

Fourth, graph construction necessarily depends on modeling choices. The spatial
relations use fixed distance thresholds of 75 m and 250 m, while regional relations depend
on the adopted 200m x 200 m grid partition. Although the spatial-threshold sensitivity
analysis indicates that moderate perturbations around the selected spatial radii preserve the
overall structural conclusions, these settings may not be equally appropriate for every urban
morphology or POI density. Dense city centers, suburban areas, and sparsely mapped
regions may operate at different characteristic spatial scales. Future extensions could
therefore consider density-adaptive or data-driven neighborhood definitions rather than
globally fixed spatial thresholds.

Fifth, the cross-city analysis should not be interpreted as demonstrating broad anomaly
transferability. Although the combined retrieval strategy significantly exceeded random
retrieval, semantic-only and exact-category baselines achieved stronger correspondence,
showing that shared semantic categories are an important driver of cross-city matches. In
addition, random Hit@N depends partly on the relative size of the target-city consensus
population, while differences in POI coverage and category composition may further influ-
ence retrieval rates. Cross-city matches therefore demonstrate non-random correspondence
among subsets of anomaly candidates, but they do not establish that matched POIs repre-
sent identical underlying urban phenomena or that anomaly representations learned in
one city will generalize without qualification to another.

Sixth, the contextual validation provides evidence for interpretability but remains
dependent on the anomaly perspective being examined. In Prague, neighbor-consistency
consensus anomalies exhibited substantially more atypical spatial-relation profiles than
category-matched controls, whereas the same directional spatial-tail signature was not
reproduced for the conflict-based Baku configuration. This contrast indicates that different
scoring perspectives capture different forms of irregularity. Consequently, no single con-
textual criterion should be treated as a universal external validator for all anomaly types,
and broader validation would benefit from multiple domain-specific criteria and, where
feasible, expert assessment.
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Finally, the framework introduces additional computational cost relative to a single-
model, single-seed anomaly detector because robustness is assessed across multiple graph
autoencoder architectures, anomaly-scoring perspectives, and random initializations. The
city graphs contain tens of thousands of POIs and, depending on the city, large numbers of
relational edges, making repeated graph representation learning the principal scalability
consideration. Although individual model-seed runs are independent and can therefore
be parallelized, the current study does not provide a comprehensive runtime or memory-
complexity benchmark across alternative hardware configurations. Scaling the framework
to substantially larger metropolitan graphs or much larger city collections may require
relation-aware edge sampling, mini-batch training, distributed execution, or more selective
model-score ensembles.

5.3. Future Work

Several research directions emerge from the present findings and limitations. First,
future work should extend the evaluation to a substantially larger and more systematically
selected collection of cities spanning additional continents, urban morphologies, and
levels of POI coverage. Such an extension would enable a more rigorous assessment
of the geographic robustness of the discovered anomaly patterns and help distinguish
genuinely recurring cross-city characteristics from correspondences driven primarily by
shared semantic categories or dataset composition.

A second important direction concerns external validation. Because verified node-
level urban anomaly labels are unavailable in the present study, future evaluations could
incorporate expert assessment by urban planners or geospatial-data specialists, targeted
manual verification of high-consensus candidates, or application-specific reference informa-
tion. Such validation would help determine whether stable anomaly candidates correspond
to mapping inconsistencies, unusual facility layouts, atypical land-use contexts, or other
practically relevant forms of urban irregularity.

Third, the current framework analyzes static urban snapshots. Incorporating tempo-
rally resolved POI, mobility, or land-use information would enable the investigation of
emerging, evolving, and disappearing irregularities and would provide a richer characteri-
zation of urban dynamics beyond the static setting considered here.

Fourth, future investigations could explore dynamic and explicitly relation-aware
graph architectures capable of modeling temporal, semantic, spatial, and regional interac-
tions without collapsing all relation types into a unified topology during representation
learning. This direction could provide richer relation-specific representations and allow the
contribution of individual urban relations to anomaly formation to be studied more directly.
Adaptive or density-aware spatial neighborhood definitions could also be investigated as
alternatives to globally fixed distance thresholds.

Fifth, computational scalability should be investigated systematically as the frame-
work is extended to larger metropolitan graphs and larger collections of cities. Because the
present stability-oriented design requires repeated training across multiple architectures
and random initializations, future implementations could investigate mini-batch graph
training, neighborhood or relation-aware edge sampling, graph partitioning, sparse com-
putation, and parallel execution to reduce computational requirements while preserving
anomaly-ranking stability.

Finally, integrating additional urban data modalities, such as mobility flows, traf-
fic measurements, remote sensing imagery, or socio-economic indicators, may improve
anomaly interpretability and enable a more holistic characterization of urban irregularities.
Combining these complementary information sources with the existing POI-based represen-
tation could also help distinguish anomalies arising from incomplete or inconsistent map
data from those reflecting unusual characteristics of the underlying urban environment.
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6. Conclusions

This paper presented a stability-aware consensus framework for unsupervised urban
anomaly discovery using multi-relational POI graphs constructed from Overture Maps data.
Unlike conventional anomaly detection approaches that rely on a single detector output,
the proposed framework integrates multiple graph autoencoder architectures, multiple
anomaly scoring perspectives, and repeated random initializations to identify anomalies
that remain consistently detectable across different analytical conditions. The resulting
consensus mechanism prioritizes anomaly candidates that recur across heterogeneous
analytical configurations, thereby providing a stability-oriented alternative to relying on
the output of a single stochastic model execution.

Experiments conducted across five geographically distinct cities provided comple-
mentary evidence regarding the stability and interpretability of the proposed framework.
Multi-seed evaluation and consensus-parameter sensitivity analyses showed that the re-
tained anomaly populations remain reasonably consistent under repeated initialization and
moderate variations in the consensus configuration. Comparisons with LOF, DOMINANT,
COLA, GAD-NR, and an adapted L-MAG-style contrastive baseline revealed partial rather
than complete overlap, indicating that stability-aware consensus selects anomaly popu-
lations that are complementary to those emphasized by individual detector objectives.
Contextual validation further showed that the Prague neighbor-consistency consensus
anomalies exhibited substantially more atypical spatial-relation profiles than category-
matched non-consensus controls, while the contrasting Baku analysis demonstrated that
such contextual signatures depend on the anomaly perspective being examined.

The cross-city experiments also showed that correspondence among consensus can-
didates is not explained entirely by random retrieval. However, semantic-only and exact-
category retrieval produced stronger correspondence than the combined similarity strategy,
indicating that shared semantic information contributes substantially to the observed cross-
city matches. The findings therefore support non-random cross-city correspondence among
subsets of anomaly candidates rather than broad transferability or universal generalization
of anomaly patterns across cities.

Overall, the results support stability-aware consensus as a practical mechanism for
identifying recurrent anomaly candidates in large urban POI graphs while making the
uncertainty associated with stochastic model behavior explicit. By combining multi-
relational graph construction, heterogeneous graph autoencoder architectures, complemen-
tary anomaly-scoring perspectives, repeated-seed stability assessment, consensus filtering,
contextual validation, and controlled cross-city analysis, the framework provides a unified
methodology for reproducibility-oriented urban anomaly discovery. In practical smart-city
settings, the resulting candidates can be used as a screening layer for tasks such as POI
data-quality assessment, facility-layout assessment, and land-use anomaly investigation,
while domain expertise or external evidence remains necessary before interpreting a de-
tected candidate as a verified urban irregularity. Future work will extend the evaluation
to broader collections of cities and investigate expert annotation, external urban-planning
and land-use information, adaptive graph construction, additional urban data modalities,
and scalable training strategies for stronger external validation and geographic robustness.
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