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ARTICLE INFO ABSTRACT

Keywords: Embedding is a machine learning technique that represents data entities as continuous vector
Contrastive learning representations, capturing the underlying semantic relationships between them. Urban area
Representation learning embedding applies this concept to urban regions, representing each area as a vector that

Urban area embedding
Activity-aware semantic
Traffic prediction

encapsulates its key characteristics. These embeddings enable models to better understand the
relationships between different urban areas, facilitating applications such as traffic manage-
ment, urban planning, and resource allocation. In this paper, we propose a comprehensive
framework called AUAEC (Activity-aware Urban Area Embedding with Contrastive Learning)
that integrates diverse open datasets including Location-Based Social Network (LBSN) check-
ins, taxi flow data, and Points of Interest (POI) to produce enriched and context-aware region
embeddings. To capture both mobility patterns and activity-aware semantics of LBSN users, we
apply spatial interpolation based on road network, coupled with activity vector construction
to represent user daily activity and movement patterns. To refine these embeddings into
comprehensive urban regional representations, the AUAEC incorporates two complementary
contrastive learning strategies: View-wise Contrastive Learning, which aligns representations
across multiple data views, and Activity-aware Contrastive Learning, which captures inter-
region relationships based on activity-aware semantics. The resulting embeddings are evaluated
across four critical ITS tasks including land use distribution classification, traffic incident
prediction, public transport delay prediction and traffic volume prediction using real-world
data. Our approach demonstrates promising results, outperforming state-of-the-art solutions and
highlighting the superiority of AUAEC in providing robust, contextual representations of urban
areas for ITS and urban planning applications.

1. Introduction

As cities grow more complex, effective traffic management and Intelligent Transportation Systems (ITS) increasingly depend on
an in-depth understanding of how urban areas function and interact. Urban area embedding offers a novel approach to meeting these
challenges by integrating dynamic and functional interactions into city representations. Unlike traditional methods, such as static
boundary definitions or administrative zones—embedding techniques provide a more flexible, data-driven means of characterizing
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urban areas. Specifically, urban area embeddings transform rich spatial and mobility data, such as vehicle flows and Points of
Interest (POIs), into compact vector representations that capture latent relationships and functional connections between regions.
These embeddings not only reflect static characteristics but also dynamic patterns, such as commuting flows and recreational
activity distributions, which are crucial for understanding the underlying mechanisms of urban mobility. This shift in perspective
has several clear benefits for downstream ITS tasks. Through embedding, we gain a refined toolset for land use classification,
enabling better identification of how different regions contribute to traffic demand. Furthermore, these embeddings enhance traffic
pattern prediction, helping to anticipate congestion and optimize resource allocation. By representing dynamic relationships between
areas, urban area embeddings empower adaptive traffic control, congestion mitigation strategies, and demand-responsive routing,
all of which are vital for improving urban mobility. In short, the integration of dynamic, functional interactions into urban area
representations provides a more comprehensive framework that not only bridges the gap between raw data and actionable insights,
but also paves the way for more effective, intelligent transportation solutions.

The academic community has long sought effective methods to represent urban areas using geospatial data. Household travel
surveys, which often rely on respondents’ reporting of trips and activities, are both costly and susceptible to biases (Miiggenburg,
2021). In recent years, methods have been developed to disaggregate spatial data and create spatial zones based on demographic,
economic, and ethnographic similarities (Zhong et al., 2014). Early approaches utilized multivariate techniques, drawing from social
area analysis, transport studies, and geographical analysis to capture urban area characteristics. With advancements in data collection
technologies, sensors, GPS, and Volunteered Geographic Information (VGI), such as Open Street Map (OSM) data, provide detailed
descriptions of urban areas. These data sources enable mapping of geographic features and human activities with unprecedented
granularity. However, many basic approaches primarily focus on directly linking geographic features, traffic patterns (Zhang et al.,
2022b), or Call Detail Records (CDR) (Sun et al., 2022) to their corresponding locations. For example, traffic congestion may be
analyzed based solely on road networks within a specific area, or activity hotspots identified from CDRs may be limited to individual
urban zones. Such methods often overlook the interdependencies and relationships between regions, such as commuting patterns,
cross-regional functional complementarities, or shared infrastructure usage (Huang et al., 2022), which are critical for a holistic
understanding of urban systems. Graph-based methods partially address this by representing urban areas as nodes and modeling their
interactions through information propagation. Techniques such as Graph Partitioning (Zhong et al., 2014) and Markov Chains (Lin
et al., 2017) have been applied to better capture these relationships. More recently, Graph Neural Networks (GNNs) have been
adopted to model spatial dependencies and neighborhood interactions; however, their reliance on static graph structures limits
their ability to represent dynamic inter-regional interactions and poses challenges in scalability due to computational demands.
Additionally, urban areas often exhibit highly imbalanced distributions of activities, as seen in Zipf’s law (Niu and Silva, 2021),
certain areas show significantly higher activity levels, a characteristic also observed in natural language distributions. Inspired by
parallels with Natural Language Processing (NLP), recent research has explored NLP-based techniques such as word embeddings and
sequence modeling to capture the complex interdependencies within urban environments (Fan and Thakur, 2023; Yao et al., 2017;
Zhai et al., 2019). By treating areas and mobility patterns analogously to words and sentences, these models effectively capture both
spatial and temporal dependencies and contextual nuances in human mobility. However, integrating diverse and heterogeneous data
sources into these models remains an open challenge, suggesting a critical gap in fully harnessing region embedding techniques
for complex multi-dimensional urban data. To address this gap, contrastive learning has emerged as a powerful technique for
aligning diverse data views while preserving critical interdependencies. By maximizing the agreement between similar samples
and minimizing conflicts across different data sources, contrastive learning enables the creation of embeddings that retain rich
semantic insights across multi-dimensional urban data. Recent studies (Chen et al., 2023b; Lan et al., 2024; Yan et al., 2024)
have demonstrated the effectiveness of contrastive learning in enhancing downstream traffic tasks, such as trajectory prediction,
multi-modal recommendation, and driver behavior modeling.

In this study, we propose a Activity-aware Urban Area Embedding framework to generate enriched regional embeddings by
integrating multiple urban data sources. Our approach utilizes human check-in data, POI distributions, and taxi traffic flows, each
offering distinct insights into urban dynamics. Human check-in data captures mobility patterns and provides clues about the types
of activities prevalent in specific areas (Hong et al., 2023; Lu et al., 2024), while POI distributions reflect the functional landscape
of areas. Taxi traffic flows meanwhile reveal movement intensity and connectivity between areas, essential for understanding inter-
area relationships. By combining these data types, our framework is designed to capture both the functional roles of areas and the
dynamics of human movement and activities, producing embeddings that are both comprehensive and contextually rich for urban
ITS analysis.

While integrating multi-source urban data offers significant potential for creating meaningful urban area embeddings, it presents
two primary challenges: (1). Multi-View Fusion: Combining diverse data sources such as human check-ins, POI distributions, and
taxi flows is challenging due to their varying formats, granularities, and temporal patterns. Standard fusion methods like feature
concatenation or averaging often fall short, as they treat each data source independently, missing the complementary insights that
arise from interactions between sources. More advanced methods including attention mechanisms and graph-based fusion address
some of these limitations but encounter scalability issues when handling large-scale urban data. Additionally, graph-based fusion
is highly sensitive to graph construction quality, inaccuracies in graph structure can introduce biases, compromising the model’s
ability to capture authentic inter-area relationships. (2). Effective Extraction of Human Activity Semantics: Understanding urban area
characteristics requires capturing the underlying human activity semantics, as these activities reveal the functional identities and
activity patterns within each area. Privacy restrictions, however, limit direct access to detailed socio-demographic data, pushing
researchers to rely on mobility data to approximate activity patterns. While sequence analysis techniques, including NLP-inspired
models, can analyze these patterns, they often capture only superficial co-occurrences of activities rather than the socio-behavioral
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motivations behind them. Moreover, mobility data is frequently sparse and unevenly distributed, leading to incomplete or biased
representations of human activities. Although data augmentation techniques can help fill these gaps, integrating additional features
or synthetic data brings challenges related to generalizability and the risk of overfitting.

To address the challenges in creating meaningful urban area embeddings, we propose AUAEC for aligning multi-view data,
managing data sparsity, and capturing activity-aware semantics. (1) Multi-View Data Alignment Using Contrastive Learning: Urban
data often comes from multiple sources (e.g., POI distributions, traffic flows, Location-Based Social Network (LBSN) check-ins)
that differ in format, scale, and temporal patterns. Traditional fusion methods such as concatenation and averaging treat each
data source independently, overlooking the complementary information that could be leveraged to capture nuanced regional
characteristics. Without effective alignment, data from one source may overshadow or conflict with others, leading to incomplete
or biased embeddings. Motivated by this, we use contrastive learning, a powerful machine learning approach that trains models
by comparing pairs of data points to learn representations that maximize similarity for related pairs (positive pairs) and minimize
similarity for unrelated pairs (negative pairs). This framework is particularly effective for aligning diverse data sources because
it emphasizes the relationships within and between data views, ensuring that the learned representations are both discriminative
and meaningful. Contrastive learning enables the integration of diverse data by identifying and aligning complementary insights
from heterogeneous data views, including POI data, taxi traffic flows, and human mobility patterns, while simultaneously reducing
conflicts or redundancies between them. By constructing positive and negative pairs, the model learns to distinguish genuine urban
area representations from artificially constructed ones, optimizing the alignment of data views. This results in comprehensive
embeddings that reflect the multifaceted nature of urban areas. The ability of contrastive learning to effectively align similar and
dissimilar pairs allows us to model complex interdependencies across data views, ensuring that the resulting embeddings capture
both shared and unique characteristics of urban areas.

(2) Addressing Sparsity in Human Activity Data: Urban data is often sparse and fragmented, both spatially and temporally. Temporal
sparsity, in particular, arises when certain times of day, days of the week, or longer periods have few recorded check-ins, leading
to incomplete representations of human activity patterns. For example, check-in data may heavily favor peak hours while leaving
early mornings, late nights, or off-peak periods underrepresented. This uneven distribution limits the ability to understand how
activities continuously flow across urban regions and reduces the effectiveness of embeddings meant to capture regional dynamics.
To overcome spatial sparsity, we apply H3' spatial indexing based on road network architecture to generate interpolated travel links.
This spatial interpolation enriches the check-in data by filling gaps between observed points, effectively creating a more continuous
and comprehensive representation of movement across regions (Chen et al., 2024). To address temporal sparsity, we build multi-
day activity vectors for individual users based on Location-Based Social Network (LBSN) data. Each user’s weekday and weekend
activity patterns are represented as separate vectors, with each dimension corresponding to a specific hour of the day. Clustering
these user-level activity vectors allows us to identify recurring behavioral patterns, grouping individuals who exhibit similar activity
habits. These clusters are then used to generate aggregate representations at the H3-cell level. Specifically, for each H3 cell, we count
the number of users belonging to each cluster, effectively forming an activity-aware semantic profile for that area. This approach
ensures that both spatial and temporal patterns are consistently captured and integrated into the embeddings. Additionally, using
the H3-cell grid framework provides scalability and standardization, making the approach well-suited for large-scale urban datasets.

(3) Semantic Enrichment of Urban area Embeddings with Activity-aware Differentiation: Accurately representing urban area charac-
teristics requires capturing the underlying motivations behind human activities. While areas may share similar POI distributions
or mobility patterns, they can differ significantly in the activity patterns they support. Traditional data-driven methods often fall
short in this regard, as privacy concerns limit access to detailed socio-demographic data, resulting in superficial interpretations of
activity patterns and a lack of insights into their broader social and functional contexts. To address these limitations, we construct
unified activity category vectors from human check-in data to capture diverse human activity patterns. These vectors are aggregated
into an activity pattern distance matrix, which reflects activity-based similarities and differences across areas, thereby enriching our
embeddings with meaningful semantic information. To further refine these embeddings based on activity pattern distinctions, we
employ Triplet Contrastive Learning. This approach leverages anchor, positive, and negative samples to enforce differentiation in
activity patterns between regions. As a result, our method effectively distinguishes urban areas with similar activity volumes but
divergent multi-day activity patterns of individuals engaged in these activities. This differentiation highlights semantic distinctions
rooted in the social, functional, and mobility contexts unique to each region. The motivation behind this approach is to enhance
our embeddings by capturing not only quantitative data but also the qualitative, semantic nuances that define each urban area.
By integrating these distinctions, we provide a more comprehensive and accurate representation of urban areas, enabling deeper
insights into their unique characteristics.

In summary, our work has the following primary contributions:

» By applying H3-cell level interpolation for spatial sparsity and aggregating clustered LBSN data to manage temporal sparsity,
we ensure that activity-aware urban area patterns are consistently represented, providing a continuous and scalable solution
for data sparsity challenges.

» Our use of contrastive learning enables effective alignment across heterogeneous urban data views, capturing complementary
insights from each source and producing embeddings that holistically represent area characteristics.

1 https://h3geo.org/.
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« Incorporating activity-aware pattern semantics through unified activity vectors and Triplet Contrastive Learning, we produce
urban area embeddings that differentiate them based on social, functional, and mobility-driven characteristics, resulting in
more meaningful and contextually aware representations of urban areas.

» We demonstrate the utility and robustness of our approach through four urban ITS analysis tasks: land use classification, public
transport delay prediction, traffic incident prediction and traffic volume prediction, highlighting its versatility for diverse urban
planning and traffic management applications.

The remainder of this paper is organized as follows: In Section 2, we review the Related Work, covering key studies on urban area
embedding, and activity semantics extraction in urban data analysis. Section 3 provides the Preliminaries and Problem Statement,
where we define the essential concepts and formally outline the problem we aim to solve. Section 4 details our Methodology,
describing the proposed framework, its components, and the steps involved in addressing the challenges of multi-view fusion and
activity-aware differentiation. In Section 5, we present the Experiments conducted to evaluate the effectiveness of our approach
across multiple downstream tasks, followed by a discussion of the results. Finally, Section 6 concludes the paper, summarizing our
contributions and suggesting directions for future research.

2. Related work
2.1. Urban area embedding for traffic applications

The effective representation of urban areas is a foundation for transportation applications including traffic prediction, congestion
analysis, and transit optimization. In existing literature, static geographic features such as land use, buildings, and satellite imagery
are typically used to represent areas. While remote sensing data provides detailed sources for extracting physical characteristics of the
Earth’s surface, the character of areas is often closely related to socio-economic factors (Fan and Thakur, 2023), which are difficult to
extract from static data alone. With the growing popularity of location-based services, crowdsourced data such as social media, POlIs,
and geo-tagged images has shown promise for understanding urban activities due to its high granularity and temporal resolution.
Many studies have treated urban areas as documents for topic extraction using NLP techniques, including LDA models (Yuan
et al.,, 2012; Du et al., 2020; Gao et al., 2017), Doc2Vec (Niu and Silva, 2021), and TF-IDF (Liu et al., 2020a). Additionally,
Word2vec (Mikolov et al., 2013), a classic word embedding algorithm, has been widely applied to urban area embedding (Fan and
Thakur, 2023; Yao et al., 2017; Liu et al., 2020b; Hu et al., 2020), relying on the co-occurrence of POIs within areas to construct
sentences for embedding.

Human mobility data, such as taxi flows and LBSN check-ins, has increasingly been used to reveal characteristics and model
relationships between areas, providing a dynamic perspective that is critical for traffic management (Hu et al., 2021; Zhang et al.,
2019; Zhai et al., 2019). Origin-Destination (OD) data is frequently used to depict the closeness between areas (Liu et al., 2024),
while Hidden Markov Models (HMM) (Tu et al.,, 2017) and transition graphs (Wang and Li, 2017) constructed from OD data
have been used to model transition probabilities between areas, capturing dynamic patterns like diurnal (day-night) patterns (Xia
et al., 2019). Many methods still rely on word2vec-based approaches to embed trajectories, treating them as sequences. These
sequences can include elements like POIs, road segments (Hu et al., 2021), and areas (Chen et al., 2020), providing rich context for
understanding urban mobility (Crivellari and Beinat, 2019; Tian et al., 2022; Hu et al., 2020).

Recent advancements in urban area embedding have leveraged regional relationships to address the challenges of modeling
spatial and temporal dynamics for transportation systems. Early works, such as HDGE (Wang and Li, 2017) and ZE-Mob (Yao et al.,
2018a), used multi-graph learning and contextual enhancements to improve area embeddings. Wu et al. (2022) extended this idea
by introducing Multi-Graph Fusion Networks(MGFN), which employ mobility graph distance (MGD) to cluster areas based on a
comprehensive representation of mobility patterns.

To further exploit intra- and inter-area relationships, more sophisticated methods have emerged. One approach involves
adversarial learning: models such as CGAL (Zhang et al., 2019) and MP-VN (Fu et al., 2019) introduced adversarial learning and VAE-
based encoding to integrate intra- and inter-area relationships, ensuring stability and robustness in the resulting spatial embeddings.
Another effective approach is contrastive learning, which originated from the broader machine learning field and has been notably
advanced by models like UrbanCLIP (Huang et al., 2024). Contrastive learning has been proven to effectively align different views
of data in embedding spaces. In urban area embedding, ReMVC (Zhang et al., 2023) employed contrastive learning combined with
multi-graph fusion to enhance cross-view consistency and better capture complex relationships. Similarly, MetaRSTP (Chen et al.,
2023a) applied adaptive meta-learning to mitigate negative transfer issues in spatio-temporal predictions, emphasizing the ongoing
trend towards multi-view learning, semantic alignment, and contrastive techniques to generate robust and generalizable urban area
embeddings. To the best of our knowledge, very limited work has explored how to comprehensively align multi-view urban data
by fully leveraging activity-aware semantics and intra- and inter-area dynamics in a unified contrastive learning framework.

2.2. Semantic extraction of human mobility data

Current methods for defining the semantics of human mobility are diverse, often implicitly embedded in certain contexts or
patterns within the data (Luca et al., 2021). These may include individual preferences, geographic connectivity, activity patterns,
and vehicle trajectories. The semantic analysis of human activities involves analyzing data generated by these activities to understand
and interpret human decision-making within specific contexts. Therefore, semantics play a crucial role in modeling and prediction



G. Li et al. Transportation Research Part C 178 (2025) 105252

problems based on human activities. Some studies consider choice preferences as semantics. For example, Geo-Teaser (Zhao et al.,
2017) examines preferences for specific POIs, preferences for combinations of POI categories (Yang et al., 2018), or activity habits.
Behavior2vector (Liu et al., 2022b) constructs a k-partite graph to incorporate OD information, extracting user preferences for
travel modes in different spatiotemporal contexts as semantics to predict travel mode choices. Sem-LSTM uses an LSTM model to
extract user preferences (frequency and timing of visits to areas of interest) from trajectories to predict the next visit location. In POI
recommendation systems, preference semantics are widely used, such as long-term and short-term preferences for POIs (Zhang et al.,
2022a; Sun et al., 2020), and the trade-off between commuting distance and favorableness (Qin et al., 2023). Other studies consider
travel purpose as semantics, for example, Feng and Timmermans (2015), DAGE-A (Liao et al., 2023), Trip2Vec (Chen et al., 2019),
DeepMove (Feng et al., 2018) and Gstp2Vec (Liu et al., 2022a) analyze the purpose of trips to infer semantics. Additionally, some
studies use the macroscopic characteristics of areas or stations as semantics. For instance, studies define urban functions as semantics
to categorize city functions, while others analyze mobility patterns at subway stations (Zhuang et al., 2020) to classify them. The
geographic environment’s role in traffic has also been explored, with Liu et al. (2020a) approaches considering human cognition of
subway stations as semantics for spatial analysis of the Shenzhen metro area. Recent advancements in mobility research have focused
on understanding and leveraging activity patterns to promote sustainable transportation and improve mobility systems. These efforts
include analyzing activity chains to classify individuals based on their embedded activity patterns through trajectory data (Cao et al.,
2020), leveraging peer pressure via game theory to encourage environmentally-conscious travel behaviors (Feygin and Pozdnoukhov,
2018), utilizing spatio-temporal contexts and land-use functions with self-attentional neural networks for precise activity location
prediction (Hong et al., 2023), and employing multi-view classification frameworks to robustly analyze and categorize complex
traffic states across datasets (Sharma et al., 2024).

The process of semantic extraction and analysis can be divided into several key directions: NLP, temporal, spatial, and spatio-
temporal joint methods. In the NLP dimension, some studies utilize natural NLP techniques to extract semantic information from
user-generated text data, such as social media posts and reviews, for location recommendation and behavior prediction. Additionally,
more advanced approaches involve converting travel plans into natural language descriptions for semantic extraction, such as using
large language models (LLMs) with prompts to extract semantics from language descriptions. In the temporal dimension, time
series data is leveraged to analyze and extract temporal patterns of human activities. Techniques such as ARIMA models, seasonal
decomposition, RNNs, and LSTMs are used to analyze time series data, capture temporal dependencies and periodicity, and thereby
understand and predict human behavior. In the spatial dimension, graph theory or grid-based methods are employed to understand
spatial relationships. For instance, graph embedding techniques embed spatial POIs or areas into low-dimensional vector spaces to
capture spatial relationships and connectivity. Techniques like GraphSAGE and GAT, which use graph neural networks, build graph
structures between areas or POIs to capture spatial relationships and patterns. Additionally, recent advancements have introduced
hybrid graphs and heterogeneous hypergraphs that integrate multiple modalities of geographic information, placing users, POIs, and
other elements into a unified system. Grid-based spatial analysis techniques like ST-ResNet divide urban space into grids to analyze
the activity patterns and relationships within each grid cell. In the spatio-temporal joint dimension, hierarchical grid division and
spatio-temporal interpolation techniques allow point-to-point interaction between non-adjacent locations and non-consecutive check-
ins to understand deeper associations between user behaviors and locations. Joint spatio-temporal feature modeling, for example,
uses GAT combined with encoder-decoder structures to simultaneously capture spatio-temporal features. Additionally, attention-
based recurrent networks employ attention mechanisms in recurrent neural networks to model the spatio-temporal state transitions
of human mobility data, thereby extracting activity semantics. Also, some studies use HMM to model the spatio-temporal state
transitions of mobility data, extracting and analyzing activity semantics. By employing these techniques and methods across various
dimensions, researchers can more comprehensively and accurately extract and analyze the semantics of human activities, facilitating
a wide range of practical applications such as location recommendation, behavior prediction.

The process of extracting semantics can easily lead to the loss of truly useful information due to several reasons: data sparsity,
which makes it difficult to extract semantic information; the high dimensionality of human activity data such as multi-dimensional
spatiotemporal data, which complicates dimensionality reduction or embedding; the presence of significant noise in real-world
data, which interferes with semantic extraction; and the lack of sufficient contextual information, making it challenging for models
to accurately understand and extract semantics. The current academic approaches to address these challenges primarily include
multi-task learning, GAN, attention mechanisms, hierarchical embedding, and pre-trained models. Multi-task learning enhances the
semantic retention capability of the main task by defining related auxiliary tasks, such as activity prediction, to preserve the semantic
information associated with user activities and locations (Chen et al., 2023c). Adversarial training includes POI syntax tree encoding
adversarial learning (Huang et al., 2022), which brings embeddings of the same category closer to preserve category semantics, and
autoencoders combined with adversarial learning strategies to explore POI category information at all levels (Xu et al., 2023),
emphasizing important POIs within areas and preserving useful information at the category syntax level. Attention mechanisms
dynamically focus on the important parts of the input data to reduce information loss, while hierarchical embedding captures
and preserves semantics at different hierarchical levels. Pre-trained models leverage the rich semantic information learned from
vast amounts of data by using large-scale pre-trained models and fine-tuning them. By employing these techniques and strategies,
researchers can better preserve semantic information during the extraction process, thereby improving the accuracy and effectiveness
of applications.
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2.3. Research gaps

The significance of the current work lies in its ability to address key research gaps in urban area representation and transportation
analysis. Traditional methods often rely on static geographic features or simple POI co-occurrence patterns. Even advanced
approaches, including graph-based methods and NLP-inspired embeddings, struggle to integrate diverse data sources and align
them effectively. Additionally, existing techniques frequently overlook the role of activity-aware semantics and the nuanced
interdependencies between areas, leaving gaps in their ability to model spatio-temporal dynamics comprehensively. This work
directly tackles these challenges by proposing a unified framework that aligns multi-source urban data, including check-ins, POIs,
and taxi flows, through contrastive learning. By doing so, it not only fills the void left by static, single-view approaches but also
introduces a means to embed activity-aware semantics, improving both the interpretability and generalizability of the resulting
representations. In doing so, the research sets a foundation for more effective urban ITS applications, such as land use classification,
traffic delay prediction, and congestion mitigation, thereby addressing long-standing limitations and advancing the state-of-the-art
in urban data analysis.

3. Preliminaries and problem statement

Definition 1 (Urban Area). An area is defined as a geographic region represented by an H3-cell grid, which allows consistent and
scalable analysis across different spatial scales. Each area, denoted as » € H, serves as the basic unit for data aggregation and
embedding in this framework.

Definition 2 (LBSN Data). Building on the definition of urban areas, LBSN data captures user check-ins derived from the trip
records of online users. These check-ins provide insights into the movement dynamics and behaviors of individuals in urban spaces,
aggregated at the area level. The entire check-in dataset is denoted as M:

M = {mg,my,...,mp 1} @
Each record m includes the following components:
m=(I,,T,.Cp Ly, VmeM )

where I, is the user identity information, 7,, denotes the timestamp at which the check-in occurred, C,, represents the category
of check-in (POI category), and L,, is the location of the check-in. Together, these components capture the who, when, what, and
where of human mobility within urban areas, providing a comprehensive view of mobility patterns.

Definition 3 (Taxi Data). In addition to LBSN data, taxi data includes records of taxi OD trips, specifying the origin and destination
locations as well as timestamps. This data characterizes the dynamic flow between areas, capturing inter-area relationships and
traffic patterns over time. The entire taxi dataset is denoted as N:

N ={ng,np,....n N1} 3)
Each trip record » contains the following information:
n=(T,,0,,D,,LO, LD,), VneN 4)

where T, is the timestamp of the trip, O, and D, are the identifiers for the origin and destination areas, respectively, and
LO, =(0,,9,,) and LD, = (d,.d, ) represent the coordinates of the origin and destination.

Definition 4 (POI Data). Complementing the LBSN and taxi data, the POI dataset describes the static distribution of POIs within each
area h, including different types of locations such as restaurants, shopping malls, and workplaces. In this study, the POI categories
share the same set C,, as defined in the LBSN dataset. The entire POI dataset is denoted as P.

3.1. Problem statement

Urban areas are characterized by diverse types of human activities, infrastructure, and spatial interaction. To understand these
dynamics, it is critical to represent different aspects of urban activity in a unified manner. The datasets described above capture
unique information about the behavior and structure of urban areas, providing perspectives that together offer a holistic view
of urban dynamics. For urban area H, given LBSN data M, taxi OD data N, and POI data P, the goal is to learn a distributed,
low-dimensional embedding for each urban area 4, denoted as £. The embeddings can be formally defined as:

E={2).8,....8 1}, &R (5)

where ¢; represents the embedding of the ith area, and D, is the dimension of the embedding space. In this D,-dimensional space, the
embeddings capture and preserve key characteristics such as human mobility as well as static POI features, effectively representing
the functional, social, and dynamic aspects of each area. These embeddings can then be used for various downstream tasks, such as
predicting land use patterns, assessing traffic flow, or understanding socioeconomic factors in different areas.
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3.2. Language models for urban sequential data processing

To solve sequence data embedding, we leverage Transformer (Vaswani, 2017), a language model to perform Masked Language
Model (MLM) to learn trajectory embeddings of LBSN users, capturing spatial correlations in their check-in data. It utilizes a
multi-head self-attention mechanism to calculate the importance of different parts of the input H3 sequence, expressed as:

. OKT
Attention(Q, K, V) = softmax< \/d_ > 14 ©6)
k

where Q, K, and V represent the Query, Key, and Value matrices respectively, derived from the input H3-cell sequence. The scaling
factor \/d_k is used to stabilize gradients during training (Vaswani, 2017). The attention mechanism enables the model to focus on
both local (adjacent H3-cells, capturing fine-grained spatial continuity) and global relationships check-in travel behaviors. Then
fully connected feed-forward layers are applied to further refine the learned representations at each H3-cell. These layers consist of
two linear projections with ReLU activations, operating on each H3-cell in the trajectory sequence independently:

FFN(x) = ReLUGW))W, (7)

where W, and W, are the learnable weight matrices. The fully connected feed-forward layers further refine the learned represen-
tations, and the final output layer is used to predict the masked tokens in the MLM task. The model aims to predict the masked
H3-cell indices in the trajectory sequences. Cross-entropy loss function is often used on the masked positions while ignoring the
padded ones.

On the other hand, the Long Short-Term Memory (LSTM) network is used to process taxi OD in-out flow data. It consists of
memory cells that maintain internal states, governed by input, forget, and output gates. The key equations for the LSTM cell are:

i, =oc(Ux,+V;ht =1+ b)) (8)
fi=0Usx,+Viht = 1+bp) 9)
0, = o(U,x, + V,ht — 1 + b,) (10
¢ =f,©ct—1+i, ©tanh(U,x, + V,h,_; +b,) 1)
h, = o, ® tanh(c,) (12)

In these equations, x, is the input vector at time step ¢, and %,_; is the hidden state from the previous time step. i,, f,, and o, are
the input, forget, and output gates, while ¢, is the cell state that maintains memory over time. U, V, and b are learnable parameters,
o is the sigmoid function, and tanh is the hyperbolic tangent function. The gates control information flow, allowing the LSTM to
selectively retain or forget information to effectively capture long-term dependencies in the OD in-out flow data.

3.3. Contrastive learning

Contrastive learning is a method used to maximize mutual information between different data views. The goal is to align similar
representations while distinguishing dissimilar ones. This approach is particularly useful for multi-view data, where different types
of information (e.g., spatial, temporal, and functional features) need to be integrated into a unified embedding. Formally, contrastive
learning aims to bring embeddings from similar instances closer together in the embedding space while pushing embeddings from
different instances apart.

A common formulation of contrastive loss is based on the InfoNCE framework, which is defined as follows:

exp(sim(z;, z;)/7)

13)

L ive = —1lo

contrastive Zszl exp(sim(z,-, Zk)/‘r)
where z; and z; are embeddings of the same instance from different views, sim(z;, z;) denotes the similarity metric, 7 is a temperature
parameter, and N represents the number of negative samples. This approach allows the model to learn discriminative features
effectively across different views of the data, providing a unified representation that captures both shared and unique information.
While the InfoNCE loss is a common choice in contrastive learning, the proposed framework employs two specialized approaches
tailored to the characteristics of urban area embeddings: 1. View-wise Contrastive Learning which uses a binary cross-entropy loss to
align embeddings across views, and 2. Activity-aware Contrastive Learning which uses a triplet loss to capture inter-area relationships
based on activity semantics. These methods are specifically designed to address the multi-view and multi-area challenges in urban
data analysis.

4. Methodology
4.1. Overview

As illustrated in Fig. 1, our proposed framework consists of three major components:
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Fig. 1. Framework of our model.

1. Initial Embedding Generation: This stage captures three complementary views of urban regions (traffic dynamics, POI
distributions, and mobility behavior), by leveraging taxi GPS data, POI data, and LBSN (Location-Based Social Network)
check-in records.

2. Activity Pattern Detection: Based on LBSN check-in data, this module detects region-level activity patterns and aggregates
them to form a distribution matrix that reflects the likelihood of each H3 cell belonging to different activity clusters.

3. Contrastive Learning: This component includes two submodules: View-aware Contrastive Learning, which aligns embeddings
across different data modalities within the same region, and Activity-aware Contrastive Learning, which encourages embeddings
of regions with similar activity profiles to be closer, using a triplet loss guided by the activity distribution matrix.

In detail, the embedding generation step (Component 1) processes taxi GPS data to compute hourly in-flow and out-flow statistics
for each H3 cell. These are then encoded using an LSTM network to obtain the traffic view embedding (é'th"”‘i). Concurrently, POI data
is encoded with an MLP to produce the POI view embedding (Eic’i). For mobility patterns, LBSN check-ins are interpolated along the
road network to form daily trip chains. A Transformer-based Masked Language Model (MLM) is trained on these sequences to extract
the mobility view embedding (E‘hmb). In Component 2, the LBSN-derived trip chains are used to detect typical activity sequences.
Each H3 cell is then assigned a probability distribution over these patterns, forming a matrix of activity pattern distributions across
regions. Component 3 applies contrastive learning in two ways. First, View-aware Contrastive Learning uses a cross-entropy loss to
encourage consistency across the traffic, POI, and mobility embeddings within the same H3 cell. Second, Activity-aware Contrastive
Learning uses a triplet loss that brings together the embeddings of cells with similar activity distributions while pushing apart
those with dissimilar patterns. The concatenated embeddings are ultimately used for downstream ITS tasks, including both dynamic
prediction (e.g., traffic flow forecasting) and static analysis (e.g., land use classification).

4.2. Multi-view initial embedding

4.2.1. LBSN view embedding

LBSN check-in trajectories provide valuable insight into human mobility patterns, effectively linking various urban areas and
illuminating the spatial relationships and interconnectedness that shape urban environments. These trajectories, which detail
individual movements across geographic locations, are represented as sequences of visited H3-cells—referred to here as “mobility
H3-cell chains”. This representation draws a parallel to sequences of words in natural language processing (NLP), where each H3-cell
is analogous to a word, and the trajectory forms a meaningful “sentence” of human movement. By organizing the data in this way,
we can leverage advanced sequence modeling techniques traditionally applied in NLP. To enhance the quality of mobility sequences
derived from LBSN check-in data, we interpolate the original check-in points along the road network to generate continuous H3-cell
sequences (as illustrated in Fig. 2). This step refines the granularity of the input data by filling in gaps between observed locations,
producing more complete and realistic representations of individual travel paths. These interpolated sequences are aligned to the
H3 spatial grid and serve as the basis for constructing mobility patterns, as shown in the bottom-left region of Fig. 1 (Component 1).
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Fig. 2. Interpolation of H3-cells along the route between check-ins.

Next, as depicted in the green Transformer block in Fig. 1, a Transformer-based Masked Language Model (MLM) is employed
to encode the enriched H3-cell sequences into mobility view embeddings (é’h“"b). The MLM randomly masks a subset of H3-cells
within each sequence and learns to predict their identities based on the surrounding context. This self-supervised learning strategy
enables the model to capture the sequential and spatial dependencies inherent in human mobility patterns. The use of interpolated
sequences provides the MLM with additional contextual cues, improving its capacity to model both common and subtle travel
behaviors across the urban landscape. These embeddings serve as a core input to the model’s contrastive learning stage (Fig. 1,
Component 3), and contribute to downstream tasks such as activity pattern detection (Component 2), land use classification, and
traffic flow prediction. By integrating spatial continuity and contextual representation, this module strengthens the model’s ability
to understand and differentiate region-level mobility dynamics. The objective function for the MLM model is defined as:

Lyy = — ), log P(h|h_)), a4

Jj€Q
where Q denotes the set of H3-cells that are randomly masked during training. The term h; represents a specific masked H3-
cell, while _; comprises the surrounding H3-cells in the same trajectory that serve as the context for predicting 4;. The primary
goal of the MLM model is to learn an embedding space where each H3-cell’s position and spatial relationships are well captured.
By optimizing the objective function Ly, the model effectively leverages human mobility patterns to encode the underlying
spatial dependencies between different urban areas. To achieve this, a Transformer-based architecture is employed. Transformers
are particularly suitable due to their self-attention mechanism, which enables the model to account for long-range dependencies and
complex spatial-temporal interactions within the sequence of H3-cells. During training, certain H3-cells are masked, and the model
learns to predict these masked cells using the surrounding context. This approach ensures that the learned embeddings not only
capture local spatial features but also reflect broader patterns of human movement across the urban environment. Once the model
is trained, the embedding of any H3-cell, denoted as A, can be obtained using the trained Transformer-based MLM. This process is

described as follows:

é';l“"b = TransformerMLM(h, h_ s (15)

where TransformerMLM(h, h_;) denotes the Transformer-based masked language model applied to the target H3-cell & given its
surrounding context h_;. Consequently, the resulting embeddings effectively encode fine-grained urban mobility patterns and
interactions across urban areas.

4.2.2. Taxi and POI view embedding

Taxi Origin-Destination (OD) data provides valuable insights into movement patterns between H3-cells by recording the origin
and destination of each taxi trip. This information captures the intensity and directional characteristics of traffic flow across urban
regions. As illustrated in Fig. 1, Component 1 (top-left section), we process the raw Taxi OD data to compute hourly in-flow and
out-flow statistics for each H3 cell. For a given H3 region H;, we aggregate the number of taxi trips entering (inflow) and leaving
(outflow) during each hour of the day. This results in a 24-dimensional in-out flow vector, denoted as Flow,, which captures the
temporal dynamics of taxi traffic throughout a typical day. These hourly sequences are then fed into an LSTM encoder (top-center
block of Fig. 1) to generate the traffic view embedding é’;la"i. This method preserves fine-grained temporal patterns, allowing the
model to differentiate between peak and off-peak travel periods and understand daily variations in mobility demand. The structured
nature of the in-out flow vector also facilitates efficient integration with other data views and downstream tasks, such as congestion
detection or demand forecasting. By leveraging this temporally-resolved representation in combination with a sequential encoder, we
capture both the volume and rhythm of urban traffic in a computationally effective manner. The resulting embeddings are passed to
the contrastive learning module (Fig. 1, Component 3), where they are aligned with other view embeddings for joint representation
learning.

To learn meaningful embeddings from these sequences, we employ an LSTM-based flow encoder. The model consists of two
independent LSTMs: one dedicated to processing the pickup (outflow) sequences and another to handle the dropoff (inflow)
sequences. Each LSTM extracts temporal patterns by processing its respective sequence and produces a final hidden state. These
two hidden states, which capture the essential flow dynamics of the area, are then concatenated into a single vector. To project this
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combined representation into a fixed-dimensional embedding space, a fully connected (FC) layer is applied. This procedure can be
expressed as follows:

@@ = FC(Concat(LSTMypjicjoup (Flow? ““*P), LSTMyrgpogs(Flow ")) (16)

Here, FlowiiCkup and Flowimp off represent the hourly sequences of taxi pickups (outflows) and dropoffs (inflows), respectively.

The resulting embedding é’;f"‘i captures both temporal dependencies and directional flow characteristics, offering a nuanced
understanding of each area’s taxi traffic patterns.

The POI data provides a complementary perspective by highlighting the variety and density of services, amenities, and activities
available in different urban areas. This data is categorized into predefined types, and each area h is characterized by a vector of
POI counts per category. Formally, the POI distribution for area h is represented as:

poi_dist<h> = {Counti'l') ,Counti_'z’), A County’)} a7z

where ¢; € C,, denotes a specific POI category, and Countg') is the number of POIs of category ¢; in area h. This vectorized
representation captures the distribution of different POI types, offering insight into the functional composition of urban areas—
ranging from residential and commercial zones to cultural and recreational spots. To generate a low-dimensional embedding that
encapsulates the key characteristics of the POI distribution, we employ a Multi-Layer Perceptron (MLP). The MLP processes the
categorical count vector and projects it into a more compact embedding space. The resulting embedding is expressed as:

&% = MLP(poi_dist™) (18)

4.3. Activity-aware semantic classification

Human activities inherently carry semantic information that reflects the purpose and timing of interactions with various urban
spaces. For instance, visiting a workplace at 10:00 AM and 1:00 PM, followed by returning to a residence at 5:00 PM, reveals a
distinct daily routine. Such patterns, when aggregated across individuals, enable the inference of dominant activity characteristics
within a region, such as a predominantly working population, even if the POI data does not explicitly identify the area as a workplace.
By examining the relationships between POIs and the temporal sequences in which they are visited, the model encodes the functional
roles that different regions play in urban life. This approach is conceptually similar to the way of how semantics are handled
in language models. In language models, semantic meaning emerges from patterns of word co-occurrence and contextual usage.
Words that frequently appear together or in comparable syntactic environments develop embeddings that reflect their semantic
relationships. In urban activity analysis, POIs and their visit times serve a similar function to tokens in a sentence, forming sequences
that provide context. By analyzing these sequences, the model identifies latent relationships and captures the higher-level meanings
associated with various urban activities, such as work, commuting, and leisure. In both domains, the underlying methodology is
to uncover latent semantic structure from sequential data. While language models rely on textual data to derive word embeddings,
the proposed framework learns representations from temporal activity patterns. This approach enables the model to construct
embeddings that encapsulate not only what activities occur in a region, but also when and why these activities happen, thereby
providing a richer semantic understanding of human mobility.

To derive the semantic features of regional visits, visitors to a given area are first classified by their activity patterns. For each
individual i, their weekday activity pattern vector is denoted as AP}ND, and their weekend activity pattern vector is denoted as AP}NE.
Each individual’s activity pattern is represented by two 24-dimensional vectors — one for weekdays and one for weekends — that
encode the dominant POI category visited during each hour:

APV = e 2, ..., % (19

[

where W indicates whether the vector corresponds to a weekday or weekend, and c; represents the most frequently visited POI
category by individual i during the tth hour of the day. This representation is inspired by the method described in Cao et al. (2020),
where daily check-in data for each user, grouped by POI category, is used to infer activity types. To group individuals with similar
activity patterns, K-means clustering is applied separately to the weekday and weekend activity pattern vectors. This results in
distinct weekday and weekend cluster assignments:
WD WD ~WD WD

K-means({AP""}) - {C["", G, ... ’CSWD} 20)

K-means({AP""}) — (C]VE, CJ'E, ... ,cjsi“’/fE}
where Syp and Sy are the number of weekday and weekend clusters, respectively. By combining these cluster assignments, each
individual is assigned a “combined label” that indicates their weekday and weekend cluster membership:

(. lie(1,2,....Sup).j € (1,2, ..., Syg}} (21)

This two-step clustering approach—first separately for weekdays and weekends, then combining labels—has several advantages.
It distinguishes behavioral differences between weekday and weekend activity patterns, which are often characterized by different
routines and visit distributions. It also makes the clustering process more interpretable, revealing distinct patterns that may otherwise
be obscured if weekdays and weekends were clustered together. This method yields Sy X Syg unique combined labels that capture

10
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a more detailed view of individuals’ activity characteristics. For each H3-cell A, the number of visitors belonging to each combined
label is aggregated to form an activity-aware semantic visit frequency vector:

visit ) € RSwoxSwe = | %" count((C}"P, C}'F) € h) (22)
(i.j)
where count((C'?, C}'¥) € h) is the number of individuals in H3-cell » whose weekday activity pattern belongs to cluster C;""
and whose weekend activity pattern belongs to cluster CWE. This vector encapsulates the activity pattern composition of the area,
reflecting the semantic behavior of its visitors. Using these activity-aware semantic visit frequency vectors, a similarity matrix is
constructed to compare the activity patterns between H3-cells. For two H3-cells ; and h;, the cosine similarity between their visit
frequency vectors is defined as:
it ) . visit )

) = cos(visit ", visit")) = _visit - visit 7 (23)

sim(h;, h
(Ivisit ") ||| visit "]

1° J
where visit" - visit ")) denotes the dot product of the vectors, and ||visit|| and ||visit";)|| are their Euclidean norms. The resulting
similarity matrix S is of size H x H, where H is the total number of H3-cells. Each entry in this matrix is given by:

S;j = sim(h;. h)) (24)

This matrix provides a pairwise similarity score for all H3-cells, allowing the identification of areas with similar activity patterns
based on the distribution of their visitors’ combined activity cluster labels.

4.3.1. Contrastive learning

Contrastive learning serves as a powerful tool in our proposed model to enhance the quality and expressiveness of area
embeddings derived from different data sources. While the initial embeddings from POI, Taxi, and LBSN mobility data (_’pm, ¢ and
"‘,?"b respectively) independently capture valuable urban characteristics, each view alone provides a limited and partlal deplctlon
of the complex urban environment. Therefore, to produce comprehensive and robust area representations suitable for downstream
urban analytic tasks, it is crucial to effectively align and integrate these multiple data views. Contrastive learning is leveraged
precisely for this integration task, by encouraging embeddings to capture shared information across data modalities and to reflect
meaningful spatial-temporal relationships between urban areas.
As described in Section 4.2, the initial embeddings ?"b ”Zax‘, and & h provide individual representations of mobility, traffic, and
POI data for each area. However, these embeddings need to be further refined to capture a unified, comprehensive representation of
urban regions. To achieve this, our model leverages View-wise Contrastive Learning and Activity-aware Contrastive Learning,
two complementary approaches that help integrate and align these embeddings while preserving essential inter-area relationships.

The goal of View-wise Contrastive Learning is to align the embeddings from different views (POI, Taxi, and Mobility) within
the same area. This is accomplished by training the model to differentiate between “real” combinations of embeddings that belong
to the same area and “fake” combinations generated by swapping out one of the views with an embedding from a different area.
Specifically, for a given area, a positive sample is created by concatenating the corresponding POI, Taxi, and Mobility embeddings.
Negative samples are generated by replacing one of these embeddings with a randomly selected embedding from a predefined pool
of alternatives.

The training process involves assigning a probability score to each concatenated embedding, where a higher score indicates that
the combination is genuine. Positive samples are assigned a label of 1, while negative samples are assigned a label of 0. The model
optimizes a cross-entropy-based loss function:

Lyjew = Z y;log p; + (1 = y)log(1 - §)) (25)
i=1
where y; is the true label (0 or 1) for the ith sample, and p; is the predicted probability. A multi-layer perceptron (MLP) with three
layers is used to calculate these probabilities. By guiding the model to correctly identify and align the embeddings corresponding
to the same area, this process enables each view’s embedding to retain unique information while also integrating effectively with
the other views, thereby producing more robust area-level representations.

While View-wise Contrastive Learning focuses on aligning embeddings within a single area, Activity-aware Contrastive Learning
examines relationships between areas. It does so by leveraging activity pattern semantics derived from the similarity matrix S (Eq.
(24)), which measures how closely two areas’ activity patterns resemble each other. This component uses triplet loss, a technique
that encourages embeddings of similar areas to be closer together in the embedding space while pushing embeddings of dissimilar
areas apart.

A triplet consists of three components: an anchor embedding ¢,, a positive embedding ¢,, and a negative embedding ¢,. The
anchor represents the target area, the positive is chosen from the 0% most similar areas (as defined by S), and the negative is
chosen from the 6% least similar areas. The triplet loss is defined as:

- -2 - =2
Liripter = max(0, [|¢, — €, [I” = lle; = ¢,lI” + a) (26)

where « is a margin that ensures the positive sample is sufficiently closer to the anchor than the negative sample. The embeddings

€, €,, and ¢, are formed by concatenating the three view embeddings:

¢ = concat ( [é’m"b, gtaxi EP"i]) (27)
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Fig. 3. (A) Check-in trajectories of 100 randomly selected LBSN users. (B) Interpolated trajectories for the same 100 users.

To train the model, the triplet loss is combined with an information loss term, resulting in the overall objective:
L= ﬁﬁtriplet + Lyjew (28)

where f is a regularization parameter that balances the two components. This joint objective ensures that the embeddings are not
only well-aligned across views but also capture meaningful relationships between areas.

Our decision to pretrain the LBSN view embedding before contrastive learning stems from the nature of the data and the roles
of the different learning objectives. LBSN data is characterized by complex temporal patterns and activity-based semantics that
are not immediately apparent in raw form. Using MLM pretraining as an initial step allows the model to uncover these intrinsic
patterns without interference from other modalities. This dedicated phase ensures that the LBSN embedding is well-structured
and semantically rich, providing a strong foundation for subsequent alignment with POI and Taxi embeddings. By training the
embeddings in stages, we maintain stable optimization dynamics and ensure that each view contributes its unique strengths to the
unified embedding space. In addition, separating the training phases helps reduce noise and conflicts between objectives. MLM
pretraining focuses exclusively on capturing the sequence-like nature of LBSN data, while contrastive learning emphasizes inter-
view consistency and holistic area representations. Trying to optimize all these objectives simultaneously could result in suboptimal
convergence or diluted signal from the more nuanced LBSN patterns. This multi-phase training strategy ensures that the final
embeddings are not only robust and informative but also well-aligned and ready to support a wide range of urban analysis tasks.

After training, the final embedding for each area 4 is computed as:

—mob taxi -»poi) (29)

eh=contrastlve_learnmg(eh e, e,

and the complete set of embeddings across all areas is given by:
8={50,51,~-,E|H|71} (30)

This combined approach provides a unified, robust representation for each urban area, suitable for downstream applications and
further analysis.

5. Experiments

To evaluate the effectiveness of our model in traffic applications, we conduct experiments on four downstream tasks: land use
distribution classification, car accident prediction, bus delay prediction, and traffic volume counts prediction. These tasks are directly
relevant to optimizing transportation systems, as they address challenges such as understanding urban traffic patterns, mitigating
road accidents, improving the reliability of public transit services, and improving traffic flow management. The experiments are
designed to comprehensively test our model’s performance to capture spatial, temporal, and activity-aware semantic patterns in
urban settings by comparing it against baseline models. For each task, relative datasets are preprocessed and aggregated on H3-
cell level first to ensure consistency in spatial representation. Then downstream experimental setup follows a supervised learning
framework where H3-cell level labels are used as targets to train the model. We evaluate the model performance using Root Mean
Square Error (RMSE) and Mean Absolute Error (MAE) metrics, followed (Huang et al., 2021).

12
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Fig. 4. Land Use Data of two H3 cells in resolution 9.

5.1. Data description and preprocessing

To prepare the input features for area embedding, we utilize several datasets relevant to urban analysis across New York City,
focusing on the boroughs of Manhattan, Brooklyn, Bronx, Queens, and Staten Island. These datasets are chosen due to their open
availability and richness in capturing diverse urban characteristics. The input data includes NYC taxi OD data,” OSM POlIs,® and
Foursquare check-ins.* (Yang et al., 2014) For evaluation, we process land use data from PLUTO,® traffic accident data from Motor
Vehicle Collisions,® bus delay data from NYC MTA’ and Automated Traffic Volume Counts® as H3-cell level labels to assess the
effectiveness of the embeddings. All datasets are processed to the corresponding H3-cells at resolution 9, where each cell covers
approximately 0.23 km? each, for example PLUTO land use data as shown in Fig. 4.For detailed descriptions of the feature dimensions
and their corresponding views, please refer to Table 2.

Specifically, the NYC taxi dataset provides detailed information about taxi trips, including temporal and spatial data for both
pickup and drop-off events. This information is mapped to H3-cells at an hourly resolution which allows to construct a 24-h H3-cell
level heatmap. To get regional POI distribution, amenities within the study area are extracted and categorized into 10 groups to
reduce sparsity. For LBSN data, user trajectories are processed by mapping check-in activities into 10 categories. Routes between
check-ins are then reconstructed using the Google Maps API° to derive reasonable paths between check-in points. Subsequently,
the interpolation method from H3 pandas'’ is used to identify the H3-cells along these routes, as shown in Fig. 3. This step assigns
meaningful travel purposes to the H3-cells along the routes, which are then constructed as H3-cell trajectories. It is important to
note that the LBSN check-in dataset includes data not only from NYC but also from some areas of New Jersey across the Hudson
River. To ensure effective and complete mobility representation, these areas outside the primary research scope are initially retained
but are subsequently removed after generating the embeddings through the MLM process. Similarly, the evaluation datasets are also
mapped to the same H3-cell level. The PLUTO dataset contains 11 types of land use distributed across New York City. It is provided
in geometric shapefile format, allowing us to calculate the area of each land use type within each H3-cell. For traffic accident data,
each collision report includes the latitude and longitude of the incident location, enabling aggregation of incidents at the H3-cell
level. For the MTA delay data, each record includes vehicle IDs, estimated arrival times, and scheduled arrival times, allowing for
the calculation of delay durations. Each day is divided into four distinct time periods, and the cumulative delay in each H3-cell is
sum over this four time periods, as shown in Fig. 6, representing long-term bus delay patterns. If a vehicle appears multiple times
within the same H3-cell during one specific time period in one day, the average delay is calculated. For dynamic traffic prediction,
we use automated traffic volume count data. A sliding time window of 13 h is employed, where the model predicts the sensor count
for the next hour based on the data from the previous 12 h. If any data is missing within a 13-h window, the entire window is
omitted from the analysis to ensure the model is trained and evaluated only on complete temporal sequences. Table 1 provides a
summary of the characteristics of each dataset.

For transformer MLM model, trajectory data is split into overlapping segments with a window size of 50 and a stride of 25,
result in 4758 segments. Each segment has 15% of its H3-cell indices randomly replaced with a mask token ([MASK]). The model

https://www.nyc.gov/site/tlc/businesses/yellow-cab.page.

https://www.openstreetmap.org/.

https://sites.google.com/site/yangdingqi/home/foursquare-dataset.

http://opendata.cityofnewyork.us/.
https://data.cityofnewyork.us/Public-Safety/Motor-Vehicle-Collisions-Crashes/h9gi-nx95.
https://www.kaggle.com/datasets/stoney71/new-york-city-transport-statistics.
https://data.cityofnewyork.us/Transportation/Automated-Traffic-Volume-Counts/7ym2-wayt/about_data.
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https://developers.google.com/maps.
10 https://h3-pandas.readthedocs.io/en/latest/.
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Table 1
Summary of datasets.
Dataset Description Usage
NYC taxi Around 30 million taxi trip records during four months in 2012. Taxi OD heatmap view embeddings
OSM Road network and POI data from OpenStreetMap provide information on the street POI view embeddings and road
layout, road connectivity, and POIs. topology for trajectory interpolation
Foursquare 227428 Check-in data from Foursquare including timestamps and locations from LBSN check-in trajectory mobility
April 2012 to 16 February 2013. view embeddings
PLUTO The 2012 NYC Primary Land Use Tax Lot Output provides detailed information on H3-cell label : land use distribution

land use and administrative boundaries in New York City. This dataset includes
856826 data on land use categories, zoning, and building characteristics.

Motor Vehicle Collisions

100545 motor vehicle crash events of New York from all police reports in 2012.

H3-cell label : traffic accident counts

NYC MTA

6730436 NYC MTA bus location data in approximately 10-min intervals, including
route, bus stop, and scheduled arrival times to assess buses’ on-time performance.

H3-cell label : bus delay

Automated Traffic
Volume Counts

Traffic volume data collected by Automated Traffic Recorders (ATR) at bridge
crossings and roadways in New York City for the years 2012 and 2013, containing a

H3-cell label : traffic patterns

total of 5,264,239 records.
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Fig. 5. Different group of LBSN and their activity pattern vectors in (A) weekday and (B) weekend. (C) shows the transfer of weekday and weekend patterns.

consists of 2 layers of transformer encoder with 4 heads in the multi-head attention mechanism, a hidden dimension of 128, and
an embedding dimension of 64, as described in Table 3. Training uses the Cross-Entropy Loss function, ignoring padding tokens.
To derive the area activity-aware similarity matrix S, we first use the LBSN check-in dataset M to generate activity pattern
vectors for both weekdays and weekends, as described in Eq. (19). These activity pattern vectors are visualized in Fig. 5 panels (A)
and (B), representing weekday and weekend patterns respectively. The data is clustered into seven distinct groups for weekdays
and five groups for weekends. From this visualization, we can clearly identify different activity patterns. For example, individuals
in group W6 tend to work throughout the day with a break for lunch, which identifies them as workers. In contrast, group W3
exhibits a pronounced nightlife pattern. Fig. 5(C) illustrates the transition between weekday and weekend lifestyle styles. Notably,
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Fig. 6. Actual and predicted public traffic

delays across different time periods (Morning, Noon, Evening, Night), showcasing the spatial and temporal variations
captured by the model.

Table 2
Summary of feature views for H3-cells at resolution 9.
Feature Shape Description
Taxi in/out flow view 2x24x H Matrix representing hourly in/out flows between areas, capturing dynamic traffic patterns over 24 h.
POI view Hx10 Distribution vector across 10 POI categories for each area, indicating types of activities and services
available.
LBSN check-in H x 128 Transformer-based MLM embedding derived from LBSN check-ins, capturing mobility patterns along
trajectory mobility view interpolated trajectories.
Land use distribution Hx11 Distribution vector for each area across 11 land use categories, providing insights into area land
usage patterns.
Traffic accident volume Hx1 Total count of traffic accidents recorded in each area.
Bus delay H x4 Matrix representing bus delays for four time periods
Traffic volume Hx12

Time series of hourly traffic volume measurements for each H3, using 12 historical time points to
predict the next time point.

individuals in group W3, those with a strong nightlife component, often maintain similar behaviors on both weekdays and weekends,
transitioning to group EI on weekends. Meanwhile, a significant portion of individuals from group W6 (identified as workers) tend
to adopt a more nightlife-oriented behavior on weekends. Finally, using Eqgs. (22) and (23), we derive the area activity pattern
similarity matrix S. This matrix provides a quantitative representation of how similar different areas are based on the activity
patterns observed in the data.

5.2. Model setup

The core of our model is the contrastive learning component, which begins with View-wise Contrastive Learning across three
distinct feature views for each area: POI, Taxi, and Mobility data. By leveraging these views, the model learns embeddings that
capture both the unique and shared characteristics of urban areas. Each positive sample is constructed by concatenating the true
POI, Taxi, and Mobility embeddings for a specific area. Negative samples, on the other hand, are generated by replacing one of
these three embeddings with an embedding from another area. Specifically, for each negative sample, one of the three embeddings
(POI, Taxi, or Mobility) is substituted with an embedding randomly selected from the same batch in training. This approach ensures
that the negative sample still contains a plausible embedding structure while making it different from the true representation of the
original area. By contrasting these positive and negative samples, the model learns to distinguish genuine area embeddings from
artificially constructed ones, ultimately enhancing the quality and robustness of the learned representations. We use Eq. (25) to train
the model, with positive samples labeled as 1 and negative samples as 0. The contrastive learning is guided by a three-layer MLP,
which outputs a probability score indicating the likelihood that the combined embedding belongs to a genuine area. This method
promotes embeddings that align with real-world area patterns, capturing both unique and shared characteristics across views.

The second, Activity-aware Contrastive Learning captures inter-area relationships by leveraging the area activity pattern
similarity matrix S. In this setup, each area is treated as an anchor, with positive and negative samples selected to reflect activity-
based spatial distinctions. Specifically, the positive sample for each anchor area is chosen from the top 25% of areas most similar
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Table 3
Parameter configuration.
Module Parameter Value
Window size 50
Stride 25
Mask rate 15%
MLM Transformer layers 2
Transformer heads 4
Transformer hidden dimension 128
Embedding dimension 128
View-wise MLP layers 3
View-wise MLP hidden dimension 128
Contrastive learning View-wise negative samples 5
Activity-aware triplet loss margin « 0.3
Weight of the view-wise loss in the overall objective g 0.3
Input dimension 24
. . Output dimension 32
Traffic view embedding Pick up & drop off LSTM layers 2
LSTM hidden dimension 64
Input dimension 8
. . Output dimension 32
POL view embedding Hidden dimension 128
Activation ReLU
Input dimension 24
- . . Output dimension 32
Mobility view embedding Hidden dimension 128
Activation ReLU

to the anchor based on S, while the negative sample is randomly selected from the bottom 25% least similar areas. A triplet loss
function (Eq. (26)) with margin « = 0.3 is applied to ensure that the anchor embedding is closer to the positive than to the negative
sample. This encourages the embeddings to capture activity-related spatial patterns by positioning areas with similar activity pattern
closer together, while distinguishing those with contrasting activity patterns.

Finally, losses from view-wise and inter-area contrastive are combined according to Eq. (28) with g = 0.3. The training is 100
epochs and learning rate = 0.001. To evaluate the learned embeddings on a downstream task, we use a Random Forest Regressor
model for land use distribution classification, car accident prediction, bus delay prediction, and LSTM for traffic volume counts
prediction, with all results reported as the average of a 5-fold cross-validation. Specifically, the input for traffic volume counts
prediction additionally includes ‘day of the week’, ‘hour’, and ‘sensor ID’, along with the traffic volume at each timestep. The
parameter configuration for our model is shown in Table 3.

5.3. Baselines

We compare our model with several region embedding baselines from simple POI features to gaph representation methods, to
recent model which leverage contrastive learning

POI (TF-IDF): A method that represents urban areas based on the frequency and importance of different types of POIs within
each H3-cell.

DeepWalk (Perozzi et al., 2014): A graph-based embedding method that learns node representations through random walks,
typically used for prediction tasks. Here, we construct a Delaunay Triangulation Graph on H3-cells to represent spatial
relationships between regions. DeepWalk is configured with a walk length of 30, 10 walks per node, an embedding dimension
of 128, and a context window size of 5.

Node2Vec (Grover and Leskovec, 2016): An extension of DeepWalk that uses biased random walks to better capture network
structure. We use a return parameter of 1.0 and an in-out parameter of 2.0 to balance breadth-first and depth-first search.
Other configurations are the same as those of DeepWalk.

GMEL (Liu et al., 2020c): This model leverages geographic context to predict commuting flows by constructing a geo-adjacency
network and using graph attention networks (GAT) to capture spatial correlations. Specifically, two separate GATs are used
to encode supply and demand characteristics into embedding space. For this implementation, we use H3-cell level data with
taxi OD instead of the origin data used in the original paper. The input features are based on the distribution of POIs across
H3-cells. The embedding size of both GATs is 128, and the number of GAT layers is 2, as suggested by prior work.

ZE-Mob (Yao et al., 2018b): A framework for urban area embedding that extracts mobility patterns from taxi trajectories
and learns zone embeddings through the co-occurrence of origin-destination zones. It incorporates temporal and directional
context into the embedding process by adding these factors as events to the word representation. Additionally, ZE-Mob adjusts
co-occurrence weights using a gravity model to reduce the error between estimated and actual travel volumes through a
heuristic optimization process. The embedding dimension is set to 128 in our implementation, while other settings remain the
same as those in the original paper.
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Table 4

Model performance comparison for four tasks.
Model Land use distribution Traffic accident MTA delay Traffic volume prediction

MAE RMSE RMSE MAE RMSE MAE RMSE MAE

POI (TF-IDF) 0.035 0.080 16.131 13.200 89.030 52.691 122.802 22.781
DeepWalk 0.063 0.129 17.176 14.177 73.855 41.852 117.800 21.502
Node2Vec 0.080 0.183 17.342 15.214 67.276 39.588 117.662 21.087
GMEL 0.029 0.075 15.898 12.088 67.214 38.204 130.910 22.662
ZE-Mob 0.028 0.071 16.143 12.859 65.163 36.004 114.253 20.374
ReMVC 0.013 0.068 15.621 11.496 72.900 40.496 118.334 21.279
Ours 0.011 0.057 15.510 11.200 62.781 34.224 108.862 19.717

* ReMVC (Zhang et al., 2023): A state-of-the-art method in contrastive learning for area embedding, employs two key strategies:
intra-view comparison, where regions within the same view are compared to extract effective representations, and inter-view
comparison, where an area is compared with itself across different views to enable cross-view information sharing.

5.4. Model performance

The results in Table 4 demonstrate performance variations across models in the tasks of land use distribution classification, car
accident prediction, MTA bus delay prediction, and traffic volume prediction. Overall, our model performs exceptionally well in all
tasks, achieving the lowest RMSE and MAE values across the board.

Specifically, for land use distribution classification, using only POI data outperforms both DeepWalk and Node2Vec, with an
RMSE of 0.080 and an MAE of 0.035. This indicates that unsupervised learning based solely on graph topology is not well-suited for
land use classification. However, GMEL and ZE-Mob achieve better results, suggesting that even without explicit geographic features,
incorporating mobility data can significantly improve prediction accuracy. Consequently, it is unsurprising that REMVC, which
integrates both POI and mobility data, performs second best, achieving an RMSE of 0.068, less than half of the worst-performing
model, and is only slightly behind our model among the evaluated models.

In traffic accident prediction, although the overall performance is similar to the first task, the differences between models are
smaller, with Node2Vec once again performing the worst. Interestingly, TF-IDF on POI achieves a better RMSE compared to ZE-Mob,
despite having a larger MAE. This indicates that while TF-IDF on POI effectively captures some of the variability, its predictions
tend to exhibit larger individual errors compared to ZE-Mob. GMEL rises to third place, suggesting that area traffic flow regression
through multi-task learning is beneficial in car accident prediction. The performance of REMVC is also very close to LEMC in this
task, further demonstrating the potential of incorporating multi-sources data.

Although REMVC is the second-best model after our model in the first two tasks, it performs poorly compared to several other
models in the MTA Bus Delay Prediction task. The use of POI data alone proves insufficient, as indicated by poor results, with
an MAE of 52.691 and an RMSE of 89.030, almost 50% higher than our model. Conversely, ZE-Mob performs well, which can be
attributed to its effective weighting of origin-destination zones, leading to better performance in predicting bus delays.

In traffic volume prediction, the results in Table 4 reveal that our model achieves the lowest RMSE and MAE among all evaluated
approaches, demonstrating its strong capability to handle this dynamic prediction task. While most baseline methods, including
POI-based TF-IDF and graph-based embeddings, show relatively high error metrics, our approach consistently outperforms them.
Notably, the GMEL model, which performs well in other tasks, falls short here, highlighting the challenge of leveraging multi-graph
fusion for highly dynamic and time-sensitive data. ZE-Mob, although better than some models like POI (TF-IDF) and DeepWalk,
still shows higher error metrics in comparison to our approach. By contrast, our model ability to effectively incorporate and align
diverse data sources ensures that it can capture the temporal and spatial variations of traffic flows, resulting in more accurate volume
predictions.

5.5. Case study

To visually evaluate the model’s performance, we conducted four case studies covering key ITS tasks: land use classification,
motor vehicle collision prediction, MTA delay prediction, and automated traffic volume prediction.

In the MTA delay prediction case, we analyzed public transit delays in Manhattan and the Bronx (Fig. 6). The results, averaged
across five cross-validation folds, demonstrated the model’s ability to identify morning rush hour delays, midday traffic reduction,
and widespread evening delays caused by increased traffic volume. At night, the model accurately captured occasional severe delays
in the city’s core, while also minimizing underestimation of minor delays. This pattern highlights the model’s capability to understand
and replicate delay trends over time.

Finally, in the automated traffic volume case (Fig. 7), we found that integrating our embeddings into the LSTM model consistently
improved test MAE across individual sensors compared to models using only ID embeddings. This clearly illustrates the advantage
of our approach in enhancing prediction accuracy for dynamic traffic volume data.

In the land use classification case (Fig. 8), we examined three H3 cells with sparse POI data and three cells with a typical
amount of POI data. By comparing land use proportions inferred from POI data alone to those predicted through our embeddings,
we observed that when POI data was absent, the model struggled to infer land use proportions accurately. However, for the three
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Fig. 7. Integrating our H3 embedding into the LSTM model led to improvements in the test MAE for traffic volume prediction for most of sensors.

POI-sparse cells, our model effectively inferred land use proportions even with zeroed input vectors. In cases with sufficient POI
input, the model delivered more accurate predictions. For instance, the task of predicting ‘residence’ remained challenging, but our
model’s accuracy outperformed the POI-only baseline. One consistent observation was that both approaches tended to overestimate
‘Vacant Land’ proportions while underestimating ‘Other’ land uses.

In the motor vehicle collision case (Fig. 9), the visualizations revealed that our model successfully captured collision patterns,
enhancing predictive accuracy and interpretability. The results showed a higher concentration of collisions in the city center, and a
clear alignment between collision occurrences and road layouts in other areas—despite the fact that our model does not explicitly
use road layout or traffic flow data. This demonstrates the model’s ability to implicitly learn these patterns and reflect them in its
predictions.

5.6. Ablation study

As our proposed approach comprises five major components, we perform an ablation study to verify the necessity of each
component in the same three downstream tasks. The components evaluated include taxi OD view embedding, poi view embedding,
LBSN mobility view embedding, view-wise contrastive learning, activity-aware contrastive learning. Each component was removed
individually to analyze its impact on the model’s performance, as measured by Mean Absolute Error MAE and RMSE. The resulting
variants include:

wo-Taxi(woT): Model without taxi data embeddings. This variant assesses the importance of capturing the in-out flow of
areas, representing the relationship of H3-cells in hourly flow.

wo-POI (woP): A model without POI view embedding. This illustrates how statistical POI features can enhance effective area
embedding.

wo-LBSN (woL): A model without LBSN mobility embedding. This variant highlights the importance of capturing human
activity sequence relationships along roads.

wo-View-wise Contrastive Learning (woV): A model without view-wise contrastive learning will lose alignment within the
same region and fail to capture the comparative differences between different regions.

wo-Activity-aware Contrastive Learning (woE): A model without activity-aware contrastive learning will not capture the
characteristics of H3-cell distributions associated with different activity pattern groups.

Table 5 presents the performance of each model variant. The results indicate that our model when deprived of different
components experiences varying degrees of performance degradation across tasks. For land use distribution, the POI view is crucial,
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Land Use Type Proportions ( POIl-base Predictions vs. Actual vs. Our Embedding-base Predictions)
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Fig. 8. Comparisons of different land use classification approaches across multiple H3 cells. Each cell displays three adjacent bar configurations: POI-based
predictions, actual land use distributions, and our embedding-based model predictions.
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Fig. 9. Comparison of observed traffic accident frequencies with model predictions across H3 cells, illustrating the spatial accuracy of the accident prediction
model in diverse urban contexts.

as evidenced by woP exhibiting the highest RMSE of 0.086 and MAE of 0.039. Similarly, the poor performance of woV underscores
the importance of view-wise contrastive learning in aligning features within the same area and distinguishing differences across
areas. In contrast, the performance of woT and woL degrades only slightly, suggesting that the taxi view and LBSN mobility
embeddings are less critical for this specific task. For traffic accident prediction, woT and woV show the largest performance
declines, indicating that taxi OD mobility information and feature alignment are critical for accurate predictions. Conversely, woE
exhibits minimal performance degradation, suggesting that the activity-aware contrastive learning contributes less significantly to
this task. For MTA delay forecasting, the removal of the taxi view (woT) and view-wise contrastive learning (woV) leads to the
most significant performance increases in RMSE and MAE, underscoring the importance of these components in capturing temporal
and spatial patterns associated with delays. Interestingly, woP performs nearly as well as the complete model, indicating that the
POI view is less influential for delay prediction. In summary, the results reveal that the importance of individual components varies
across tasks. While the POI view and view-wise contrastive learning are essential for land use distribution classification, taxi OD
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Table 5

Ablation study results.
Model Land use distribution Traffic accident MTA delay Traffic volume prediction

MAE RMSE RMSE MAE RMSE MAE RMSE MAE

woT 0.012 0.059 17.279 12.250 65.486 36.820 129.786 24.854
woP 0.039 0.086 15.828 11.608 62.900 34.421 110.200 20.397
woL 0.012 0.058 15.983 12.710 63.102 34.933 108.889 19.965
woV 0.029 0.073 17.342 16.234 65.270 36.572 111.767 20.780
woE 0.014 0.068 15.695 11.458 63.117 35.989 108.903 20.051
Ours 0.011 0.057 15.510 11.200 62.781 34.224 108.862 19.717

mobility information and feature alignment play dominant roles in traffic accident prediction and MTA bus delay forecasting. These
findings emphasize the complementary nature of our model’s components and their synergistic contributions to overall model
performance. In the traffic prediction task, the results indicate that removing certain components from the model leads to only
moderate performance degradation. Notably, excluding the LBSN mobility embeddings (woL) and the activity-aware contrastive
learning (woE) results in a relatively small increase in RMSE and MAE, suggesting that these components have a lesser impact on
dynamic traffic volume prediction. In contrast, the removal of the taxi view (woT) and the POI view (woP) leads to more substantial
increases in error. This highlights the greater importance of these two components in capturing the patterns and dynamics required
for accurate traffic volume prediction.

6. Conclusion

In this study, we introduced the Activity-aware Urban Area Embedding framework, a novel approach explicitly tailored to
understanding urban transportation characteristics through the integration of three critical data views: taxi Origin-Destination
(OD) flow, Points of Interest (POI) distributions, and Location-Based Social Network (LBSN) check-in trajectory mobility. These
data sources were harmonized within an H3-cell level scalable spatial framework, effectively handling large-scale urban datasets
and enabling detailed spatial granularity. The proposed method advances urban embedding research in several significant ways.

« Firstly, our utilization of H3-cell level interpolation and aggregation of long-term activity pattern vectors derived from LBSN
data directly addresses the challenges of spatial and temporal sparsity inherent in urban mobility datasets. This methodological
improvement enables richer, more accurate representations of urban mobility and long-term activity patterns, outperforming
conventional methods reliant solely on static administrative boundaries or simplistic grid-based aggregations.

Secondly, our adoption of contrastive learning represents a meaningful departure from traditional unsupervised learning
methods commonly employed in the literature. Contrastive learning effectively integrates diverse urban mobility data views by
explicitly distinguishing and aligning complementary insights from heterogeneous sources. This produces more holistic embed-
dings that simultaneously reflect transportation patterns, social interactions, and mobility dynamics. By actively distinguishing
genuine urban area representations from artificially constructed negative samples, contrastive learning substantially enhances
the robustness and discriminative capability of the generated embeddings compared to existing embedding solutions.
Thirdly, the inclusion of activity-aware semantics, extracted from unified LBSN activities and refined through Triplet
Contrastive Learning, generates contextually nuanced embeddings. These embeddings capture subtle distinctions among
urban areas, identifying not only traffic functionality but also the underlying social activities and dynamic human mobility
characteristics. This comprehensive representation addresses a notable limitation observed in prior literature, where urban
embeddings often overlook social and semantic contextualization, resulting in less interpretable and less actionable insights.

The implications of the proposed Activity-aware Urban Area Embedding framework are broad and impactful. Compared to
existing methods, which typically employ single-source data embeddings or simpler fusion techniques, our multi-view, contrastive-
learning-driven approach delivers superior interpretability and practical utility. The integration of multiple complementary views
yields a more comprehensive understanding of urban dynamics, greatly enhancing the accuracy and reliability of downstream
ITS tasks such as land-use classification, traffic flow prediction, adaptive routing, and congestion mitigation. Moreover, AUAEC
demonstrates a scalable and robust framework applicable to large-scale urban datasets, thereby offering city planners and transport
authorities valuable tools for making informed decisions and implementing effective interventions. By leveraging advanced semantic
models, future ITS solutions can provide more interpretable, context-aware insights that reflect real-world mobility behaviors and
societal trends.

Future research could explore integrating multimodal approaches to address challenges in ITS by providing a deeper under-
standing of regional traffic behavior. By combining contextual information and human activity semantics, researchers can uncover
critical drivers of traffic patterns, such as mobility preferences. Semantic understanding can be achieved through self-supervised
learning applied to large-scale unstructured data, such as textual reviews or human trajectories, and by leveraging large language
models (LLMs) with carefully crafted prompts to generate rational synthetic data. These models can enhance observational data
by providing semantically meaningful representations that reflect real-world transportation contexts. For practical ITS applications,
advanced frameworks inspired by models like Contrastive Language-Image Pre-training (CLIP) (Radford et al., 2021) can integrate
spatial-temporal traffic data with semantic insights, aligning multimodal representations in a shared embedding space. By leveraging
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CLIP’s ability to connect diverse data modalities such as textual semantics and visual-spatial traffic data, this approach enables
the creation of unified embeddings that effectively capture complex multimodal relationships. Our framework, which generates
enriched, context-aware urban region embeddings, has the potential to enhance emerging task such as LLM Retrieval-Augmented
Generation (RAG) for urban tasks such as traffic management and urban planning. This methodology holds the potential to improve
ITS capabilities, including traffic flow prediction, dynamic routing, and demand-responsive transportation planning, by delivering
more interpretable and accurate models of traffic behavior.
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