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Abstract—As geospatial data from web platforms becomes in-
creasingly accessible and regularly updated, urban representation
learning has emerged as a critical research area for advancing
urban planning. Recent studies have developed foundation model-
based algorithms to leverage this data for various urban-related
downstream tasks. However, current research has inadequately
explored deep integration strategies for multiscale, multimodal
urban data in the context of urban foundation models. This gap
arises primarily because the relationships between micro-scale
(e.g., individual points of interest and street view imagery) and
macro-scale (e.g., region-wide satellite imagery) urban features
are inherently implicit and highly complex, making traditional
interaction modeling insufficient. This paper introduces a novel
research problem – how to learn multiscale urban representations
by integrating diverse geographic data modalities and modeling
complex multimodal relationships across different spatial scales.
To address this significant challenge, we propose UrbanMFM, a
spatial graph-based multiscale foundation model framework ex-
plicitly designed to capture and leverage these intricate relation-
ships. UrbanMFM utilizes a self-supervised learning paradigm
that integrates diverse geographic data modalities, including
POI data and urban imagery, through novel contrastive learn-
ing objectives and advanced sampling techniques. By explicitly
modeling spatial graphs to represent complex multiscale urban
relationships, UrbanMFM effectively facilitates deep interactions
between multimodal data sources. Extensive experiments on
datasets from Singapore, New York, and Beijing demonstrate that
UrbanMFM outperforms the strongest baselines significantly in
four representative downstream tasks. By effectively modelling
spatial hierarchies with diverse data, UrbanMFM provides a
more comprehensive and adaptable representation of urban
environments.

Index Terms—Geospatial data mining, urban regions, founda-
tion model, representation learning

I. INTRODUCTION

URBAN areas are dynamic centres of human activity,
and gaining a comprehensive understanding of their

complex structures and functions is critical for urban planning.
Scholars and policymakers have traditionally relied on manual
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surveys to collect metropolitan statistics, but this approach
faces prohibitive labour and time costs [1], [2]. The increasing
availability of large-scale urban datasets, combined with ad-
vancements in computational methodologies, has opened up
new possibilities for extracting critical urban features from
diverse spatial data using machine learning techniques [3],
[4]. However, a key limitation is that the models and learned
representations are often tailored to a set of specific tasks, and
do not generalize well to others.

Recently, Pre-trained Foundation Models (PFMs) have
emerged as a promising solution, and there have been studies
utilizing urban spatial data from various online platforms, such
as OpenStreetMap, Uber, and Google Maps, to develop such
models [5], [6]. This approach has two crucial advantages:
the training phase is carried out in a self-supervised fashion,
without the need of human supervision; and the generated
representations can be employed across various tasks. PFMs
can, in fact, eliminate the requirement for large amounts of
labelled datasets and can efficiently transform urban regions
into vector embeddings that can be used for a wide range
of downstream tasks, including forecasting socioeconomic
indicators [7]–[9] and optimizing traffic management [10]–
[14].

Most existing studies on urban foundation models have
primarily focused on individual data sources. Language-based
models [15]–[18] process urban-related textual data, such
as traffic reports, social media posts, and geo-tagged texts.
Vision-based models [19]–[22] focus on visual urban data,
including satellite imagery, street view images, and surveil-
lance footage. Meanwhile, trajectory-based models [23]–[26]
analyze spatiotemporal data, capturing patterns in human
mobility, vehicle trajectories, or GPS data. A few very recent
approaches have attempted to integrate multiple data modali-
ties to achieve a more holistic understanding of urban regions.
For instance, UrbanCLIP [27] employs a large language model
(LLM) to generate textual descriptions for satellite images,
using contrastive objective during the training phase, while
CityFM [28] designs a vision-language contrastive learning
objective, utilizing OpenStreetMap data, to learn multimodal
representations of geospatial entities.

Despite considerable progress in using multimodal data to
model urban spaces, existing studies still face two key limi-
tations, hindering the comprehensive understanding of urban
structure and the full exploitation of urban data: (1) Multiscale
Urban Structure. In urban studies, multi-scale refers to the
hierarchical spatial organization of urban elements, capturing
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interactions from fine-grained micro-level entities to broader
global-level structures. However, existing methods often flatten
such spatial hierarchies during early-stage fusion. For instance,
in OSM data, both upscale restaurants and budget eateries
are labelled with the same tag (”amenity”: ”restaurant”).
When models use pooling techniques to aggregate this data,
they homogenize different establishments, leading to the loss
of meaningful structural information. (2) Complex Global
Multimodal Modeling. Given a historical monument that has
descriptive textual tags, rich visual features from street view
images, and specific spatial boundaries from its polygon. Con-
ventional pairwise approaches might miss insights like how
the monument’s architecture (visual) relates to its historical
significance (textual) within its urban surroundings (spatial),
leading to an incomplete representation.

This paper introduces a novel research problem – how to
learn multiscale urban representations by integrating diverse
geographic data modalities and modeling their complex rela-
tionships across various spatial scales. To address this problem,
we propose UrbanMFM, a spatial graph-based Multiscale
Foundation Model designed to leverage multimodal geospatial
data within a selected city for pre-training. We define multi-
scale as the hierarchical spatial structure of urban environ-
ments, encompassing four distinct levels: micro (POIs and
street view imagery), local (inter-POI proximity), macro (satel-
lite images and regional attributes), and global (inter-region
context). Specifically, the local scale is defined by the set of
neighbouring POIs within a fixed radius around each target
POI; the macro scale corresponds to pre-defined administrative
or functional regions provided as ground-truth boundaries
rather than self-partitioned ones; and the global scale captures
contextual relations between the target region and its directly
adjacent regions.This four-level decomposition enables us to
capture urban patterns ranging from fine-grained functional se-
mantics to broad spatial contexts.UrbanMFM simultaneously
modelling both micro and macro scales. Unlike previous works
that focus on region-level representations or rely on pairwise
interactions, our approach tackles the challenge of jointly
interacting these data sources in a way that preserves both
local and global spatial relationships. This multiscale approach
enhances the adaptability and effectiveness of UrbanMFM
across a wide range of downstream tasks in urban analysis,
generating comprehensive urban representations that capture
the complex urban structures inherent in urban environments.
In adherence to ensure that the model can be widely promoted,
UrbanMFM utilizes both OSM data, which is freely available
and accessible globally, as well as urban imagery, which
can be captured through various Map APIs. Additionally, if
more data sources were available, POI-level features such as
user reviews and region-level features like human trajectory,
UrbanMFM can also flexibly incorporate such data sources
into corresponding scales, e.g. from micro scale learning for
POI-level information to global scale learning for region-
level information, to enhance the generalization ability of
our framework. The key contributions of this paper can be
summarized as follows:

1) We introduce UrbanMFM, a novel spatial graph-based mul-

tiscale foundation model for urban representation learning.
UrbanMFM leverages multimodal geospatial data, includ-
ing OSM data and urban imagery, to jointly model urban
environments across micro, local, macro, and global spatial
scales. To the best of our knowledge, this is the first
framework that systematically unifies multiscale structure
and multimodal fusion for urban analysis.

2) We design two spatial graph-based contrastive objectives at
the local and global scales, enabling structured and scalable
fusion across heterogeneous modalities. Combined with
feature-level alignment at the micro and macro scales, this
design allows UrbanMFM to capture complex cross-scale
and cross-modal dependencies, yielding more robust and
comprehensive urban representations.

3) We conduct extensive experiments on POI- and region-level
downstream tasks, using data from Singapore, New York
and Beijing. The results demonstrate the advantages of our
method over established baselines, on the most challeng-
ing and sparse Beijing dataset, UrbanMFM achieves up
to 28.7% MAE reduction, 16.3% RMSE reduction, and
19.1% R2 improvement over the strongest baseline, show-
ing its robustness in addressing the previously identified
challenges. Source code is available at Github.

II. RELATED WORK

Urban Representation Learning. Urban representation learn-
ing has significantly evolved, driven by the need to better
capture and predict urban dynamics through various urban
data. However, a key challenge remains: how to effectively
extract and integrate features from diverse data sources. Early
efforts [29]–[32] focused on integrating these diverse urban
data to construct comprehensive embeddings. For instance,
Wang et al. [33] proposed an unsupervised multimodal frame-
work that pioneered the incorporation of street view images
and POIs, which utilized convolutional neural networks to
extract visual features from street view images while adopting
a bag-of-words model for POI data. Zhang et al. [4] designed
a multi-view joint learning model that unified various urban
data sources, such as human mobility patterns and inherent
region characteristics, into a graph-based representation, in-
corporating a joint learning module to facilitate cross-view
information sharing. Park et al. [34] explored the fusion of
multi-level geospatial data, including satellite imagery, POIs,
and socioeconomic metrics, to predict economic indicators.
While these pioneering studies effectively leveraged multi-
modal data to improve urban representation, they often relied
on unsupervised approaches and lacked the modality-specific
embeddings needed to fully exploit each data type’s unique
characteristics.

Subsequent studies [35], [36] addressed these limitations
using contrastive learning, which enhances feature learning by
comparing related data modalities. Li et al. [37] focused on
constructing positive sample pairs based on geographic prox-
imity and data augmentation, while Xi et al. [38] incorporated
spatial adjacency and POI-based similarity metrics to ensure
that images with similar POI distributions have closer visual
representations. Although these works introduced modality-

https://github.com/ZZQ-NTU/UrbanMFM.git
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specific enhancements, their reliance on single-modal con-
trastive learning limited their ability to capture complementary
information across different urban data sources.

Recent advancements in the field have highlighted the po-
tential of multimodal contrastive learning to exploit synergies
across diverse urban data, capturing complementary informa-
tion from multiple modalities and addressing the limitations of
earlier single-modal approaches. Liu et al. [39] introduced a
knowledge graph-based framework for modelling spatial and
mobility knowledge and developed an image-to-knowledge
graph inter-modal contrastive learning approach. Cepeda et
al. [40] extended vision–language alignment to global-scale
geo-localization, enabling effective pretraining of geospatial
embeddings through contrastive objectives. Li et al. [41] pre-
sented an inter- and intra-view contrastive learning framework
that combined human mobility data and region attributes,
resulting in more comprehensive urban region embeddings.
Yong et al. [42] proposed a multi-semantic contrastive learning
framework, which employs an Attentional Fusion Module to
combine street view and satellite imagery before contrasting
the fused feature with POI embeddings. Yan et al. [27]
leveraged LLMs to generate descriptive text for street view
images and applied contrastive learning to integrate textual
and visual data for urban region profiling.

Beyond contrastive learning, recent studies [43], [44] have
moved LLM-enhanced urban understanding. Xiao et al. [45]
integrate language and visual representations to improve urban
region understanding. Hao et al. [46] introduced continuous
location embeddings derived from web-scale satellite imagery,
bridging semantic and spatial continuity. Feng et al. [47]
developed UrbanLLaVA, a multimodal LLM capable of spatial
reasoning and visual–textual alignment for urban analysis.

While these recent approaches have shown promising re-
sults, they often lack the ability to explicitly model spatial
structures across different urban scales and overlook the struc-
tural alignment and semantic interplay between heterogeneous
modalities. This limits their capacity to preserve critical spatial
context and to exploit the full potential of multimodal data
synergy in complex urban environments.

III. PRELIMINARY

In this section, we provide a detailed description of the
urban data used in this study and a formal problem definition.
Definition 3.1 (Urban Region): An urban region u refers
to an urban area with a geographic central position, u.g =
(latu, lonu).
Definition 3.2 (Point of Interest): A POI refers to a point with
a geographic position, p.g = (latp, lonp). It can be associated
with a set of tags p.t = {t1, ..., ti}, where each tag tn is a
key-value pair kn : vn. Some larger POIs, such as buildings,
universities and airports are associated with an ordered list of
nodes p.n = [n1, ..., nj ], where n1 = nj , that defines its size
and shape as a polygon.
Definition 3.3 (Way): A Way w is defined by an ordered list
of nodes w.n = [n1, . . . , nk] and a length w.l, which outlines
its shape as a polyline. Similar to nodes, a Way can also be
associated with a set of tags w.t. Polyline-type Ways are used

(a) Example of street view group. (b) Singapore satellite image.

Fig. 1: Example of street view group and satellite image.

to represent linear features such as roads, bridges, and rivers.
Definition 3.4 (Street View Imagery Group): A street view
imagery group sv refers to a set of street view images
captured in a sampling point with a geographic position,
sv.g = (latsv, lonsv) and contains street view images from
the four directions: east, south, west, and north, denoted as
sv.i = (se, ss, sw, sn).
Definition 3.5 (Satellite Imagery): A satellite image si refers
to a photo of the Earth’s surface taken by satellites orbiting the
Earth, with a central geographic position, si.g = (latsi, lonsi)
and the image si.i is cropped to correspond to a specific urban
region.
Examples of POI, Way, Street View Imagery and Satellite
Image are provided in Table I, and Figure 1.
Problem Statement. Given a set of disjoint urban regions
U = {u1, ..., uk}, each urban region u is associated with multi-
modal geospatial data distributed across multiple spatial scales,
including a segmented satellite image SI = {si.i}, a series
of street view imagery groups SV = {sv1, ..., svm} captured
within, and a set of POIs P = {p1, ..., pn}. Our objective is
to model urban environments across multiple spatial scales to
effectively integrate these multimodal geospatial data across
different spatial scales into a unified urban representation,
which is both generalizable and effective across a wide range
of downstream urban analysis tasks.

IV. METHODOLOGY

UrbanMFM is a flexible framework for pre-training urban
representation models using diverse multimodal data, includ-
ing but not limited to OSM data and urban imagery. The
architecture of UrbanMFM is summarized in Figure 2.

A. Encoder Layer

1) Visual Encoder.: Our proposed UrbanMFM allows en-
coding urban images to extract rich and meaningful features
from urban imagery, enabling effective representation learning
for various urban-related tasks. We utilize ResNet18 [48] as
the encoder f image(·) to each image in the group to generate
high-dimensional feature representations. Formally, given a
satellite image si or a street view imagery group sv:

Esi = f image(si.i) = ResNet18(si.i) (1)

Ee, Es, Ew, En = f image(sv.i) = ResNet18(sve, svs, svw, svn)
(2)
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TABLE I: Examples of OSM data.

Type Example

POI type : node,
id : 368278973,
lat : 1.3939865,
lon : 103.8892811,
tags : {
brand: 7-Eleven,,
brand:wikidata: Q259340,
brand:wikipedia: en:7-Eleven,
shop: convenience,
wheelchair: limited
}

POI (polygon) type : polygon,
id : 543994414,
lat : 1.4176167473370995,
lon : 103.84822884762922,
tags : {
addr: housenumber: 556,
building: apartments
}
area: 495,
points : [
[1.4168693,103.8490036],
[1.4168419,103.8489909],
...
[1.4168693,103.8490036]
]

Way type : way,
id : 9585621,
nodes : [74368120, 6873115634, ...
74368117]
tags : {
highway: primary,
maxspeed: 50,
lanes: 5,
name: Paterson Road,
oneway: yes,
...}
points : [
[1.3050396,103.8318399],
[1.3049007,103.8317163],
...
[1.3038595,103.8308472]
]
length: 171

2) Textual Encoder.: The textual encoder aims to produce
semantic representations of textual tags. We leverage pre-
trained Language Models (LMs) to generate dense embed-
dings that encapsulate semantic information, thereby reducing
dimensionality and preserving relationships between similar
categories. Formally, given a POI p, we combine the textual
tags and employ BERT [49] as textual encoder f text(·) to
capture its textual representation Et:

Et = f text(p.t) = BERT ([CLS] t1, t2, ..., ti [SEP]) (3)

where [CLS] represents the entire input sequence, while [SEP]
is used to separate different segments.

3) Polygon Encoder.: Since larger POIs are associated with
node lists, we characterize their shape and size as polygons.
Following [28], we leverage a polygon encoder fpoly(·) to
generate a high-dimensional representation that captures both
the surface area and the rasterized features of the POI:

Ep = fpoly(p.n) =
1

2
(ResNet18(Raster(p.n) +

Surface(p.n)

maxa
)

(4)
where Raster is a rasterization function that maps a closed

polygon, represented as an ordered list of nodes, to a binary
image; Surface is a function to compute the surface area of
a polygon in m2, and maxa is the maximum polygon area.

OSM Data

Street View Imagery

Satellite Imagery

Additional Data

Multiscale Foundation
Model

Micro View

Local View

Macro View

Global View

Downstream Tasks

Building Functionality Classification

Economic Activity Inference

Housing Price Predection

Population Density Estimation

Fig. 2: An overview framework of UrbanMFM.

4) Graph Encoder.: To capture the spatial context inher-
ent in the network topology of surrounding neighbours and
thereby create a more contextualized representation for each
POI or urban region, we separately construct local and global
spatial graphs. The local spatial graph is constructed based
on POIs and their neighbouring POIs as well as the spatial
distance, while the global spatial graph is built using regions
and their adjacent regions. The specific details of the local and
global spatial graph will be discussed in Section IV-B2 and
Section IV-B4. To effectively process these graphs, we employ
the Graph Attention Network (GAT) [50] as the backbone of
our graph encoder fgraph(·), which is designed to address the
complexities of both local and global spatial relationships. We
also compared the performance of GAT and GATv2 [51], and
the experimental results indicate that the choice of model has a
negligible impact on the overall performance. Formally, given
a graph G:

EG = fgraph(G) = GAT(G) (5)

B. Multiscale Foundation Model

The core of the framework is Multiscale Foundation Model,
as illustrated in Figure 3, which integrates five interconnected
objectives to address fine-grained spatial details and multi-
modal interactions from data point, local, region to global
scales: (1) Micro Scale Learning which which brings spa-
tially close POIs together in the feature space, ensuring that
functionally similar POIs are properly aligned and ensures
the street view images remain semantically consistent across
scales by incorporating visual diversity from different angles
at the same sampling point; (2) Local Scale Learning builds
local spatial graphs where POI text, polygon, and street view
features are treated as modality-specific nodes, with a triplet
contrastive objective models their interactions and enhance
local representations by aggregating neighbourhood informa-
tion; (3) Macro Scale Learning captures macro-level urban
features, integrating similar road network topology and POI
distribution to enhance the overall region-level representation;
(4) Global Scale Learning constructs global spatial graphs,
macro representations derived from satellite imagery are con-
trastively aligned with micro representations aggregated from
POI and street view features, capturing cross-region spatial
dependencies and multi-scale semantic consistency.
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Fig. 3: An overview framework of Multiscale Foundation Model.

1) Micro Scale Learning.: The most valuable aspect of a
POI’s textual annotation lies in the information that denotes
its functionality. This contrastive objective is designed around
the expectation that POIs located on the same road, show
a stronger correlation [52]. To achieve this, we group POIs
that are geographically close, specifically those located on the
same road segment, and maximize the similarity between the
road representation, obtained by aggregating the POIs in a
road context using an average-pooling layer, and a randomly
sampled POI:

Eavg = Avg(E1
t , E

2
t , ..., E

n
t ) (6)

where n represents the number of POIs on the road. For the
implementation, we employ an information noise contrastive
estimation (InfoNCE) [53] loss function:

Lpoi = − 1

B

B∑
i=1

log
exp(sim(Ei

t , E
i
avg)/τ)∑B

j=1 exp(sim(Ei
t , E

j
avg)/τ)

(7)

where B is the mini-batch size, Et is the initial textual
representation for POI p, τ (= 0.5) is a temperature parameter.

Street view images are essential for capturing detailed,
ground-level information about urban environments, provid-
ing insights into the visual and functional characteristics of
streetscapes and built environments. A key challenge in uti-
lizing street view images is to accurately capture the inherent
visual diversity from different perspectives at the same location
while maintaining semantic consistency across views. This
diversity can reveal critical urban details, but inconsistent or
biased sampling may hinder the model’s ability to generalize
effectively across different urban scenarios. To address the
challenges of spatial consistency and directional variation in
street view imagery, we propose a sampling method that
selects images from the same location but different direc-
tions as positive pairs while accounting for the significant

content variation in images taken from different directions.
This preserves semantic coherence while capturing rich visual
diversity. To enhance alignment across directions, we train a
scene classifier using LLMs. Specifically, we generate textual
descriptions from image embeddings of each multi-view street
view group sv, which are used as prompts in LLAMA2 [54]
to produce scene-level embeddings Escene. The classifier,
validated on 500 manually labeled samples, achieves over
85% accuracy, confirming the reliability of the generated scene
representations.

Escene = f text(LLAMA2(f image(sv.i))) (8)

We then utilize different street view images within sv.i as
positive samples to ensure that the positive samples share a
consistent geographical context while capturing a wide range
of visual diversity. The InfoNCE loss is given by:

Lsvi = −
1

B

B∑
i=1

log
exp(sim([Ei

α, Ei
scene], [E

i
β , E

i
scene])/τ)∑N

j=1

∑
γ exp(sim([Ei

α, Ei
scene], [E

j
γ , Ei

scene])/τ)
(9)

where α, β, γ ∈ {e, s, w, n} and α ̸= β, B is the mini-
batch size, τ (= 0.5) is a temperature parameter. Compared
to previous methods [31], [33], [37], which often relied on
geographical similarity or data augmentation, our approach
addresses the limitations of purely proximity-based sampling
and artificial augmentations. By focusing on spatial and vi-
sual consistency, we provide more robust and generalizable
representations of urban streetscapes.

2) Local Scale Learning.: In urban environments, effec-
tively capturing interactions across multiple data modalities
is essential for accurate representation learning. Traditional
methods often focus on pairwise interactions, overlooking the
complex relationships among modalities such as POIs, spatial
layouts, and street view imagery. To address this, we propose a
spatial graph-based triplet inter-modal contrastive learning ap-
proach that jointly models three key modalities: functional POI
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data, spatial polygons, and visual street views. By constructing
a local spatial graph to integrate these modalities, our method
preserves spatial relationships and enables more comprehen-
sive feature extraction. This triplet framework ensures that
each modality contributes complementary information, leading
to richer and more spatially aware urban representations than
pairwise methods. However, POIs do not have a direct one-to-
one match with street view images. A common workaround
is to pair each POI with its nearest street view sampling
point, but this can be unreliable—especially in complex urban
settings—due to image quality issues, inconsistent relevance,
and physical obstructions that may block the POI from view.

In OSM data, for each POI p, we can encode its textual
tags to obtain a POI textual information Et. A subset of
POIs also includes polygonal shape and size information,
allowing us to extract spatial features Ep. However, POIs
do not directly correspond to street view images. Common
practice involves pairing POIs with the nearest street view
sampling point, but this can be unreliable—especially in com-
plex urban settings—due to image quality issues, inconsistent
relevance, and physical obstructions that may block the POI
from view. To overcome these issues, we propose Spatial-
Aware Semantic Consistency to capture the appropriate street
view representation for each POI. For each POI p, we collect
a set of street view imagery groups SV = {sv1, ..., svk} if
the following condition holds:

dist = Haversine(latp, latsv, lonp, lonsv, r) ≤ maxdist

(10)
where the Haversine formula calculates the great-circle dis-
tance between two points given their latitudes and longitudes,
r is the radius of the Earth, and maxdist is the threshold
to 1 km. We compute the angle between the coordinates of a
sampling point and the POI, designating the street view image
in the direction of the angle as the anchor, and the images in
the other three directions as the context (e.g., se as the anchor
image and ss, sw, snas the context images):

Ea
sv = Ee, Ec

sv = Avg(Es, Ew, En) (11)

We apply a gated fusion mechanism to fusion Ea
sv and Ec

sv

as the final street view imagery group representation Esv:

Esv = softmax([Ea
sv, E

c
sv] ·Wg + bg) · [Ea

sv, E
c
sv]

⊤ (12)

where Wg and bg are learnable parameters. All the embeddings
of obtained street view image groups are served as street view
memory SV = {E1

sv, ..., E
M
sv } and corresponding distance

memory D = {dist1, ..., distM}. We generate a correspond-
ing street view embedding Ev that is semantically similar to
the POI textual embedding Et:

Ev =

M∑
i=1

exp(sim(Et, E
i
sv) · bi/τ)∑M

j=1 exp(sim(Et, E
j
sv) · bj/τ)

· Ei
sv (13)

bi =
maxdist

disti +maxdist
(14)

where τ(= 0.5) is the temperature hyperparameter. By dynam-
ically absorbing information from memories based on spatial-
aware semantic similarity to the POI textual embeddings Et,

we can generate more diverse and accurate street view embed-
dings Ev . For each POI p, we collect a set of surrounding POIs
N = {n1, ..., ni} as spatial context if the following condition
is met:

dist = Haversine(latp, latn, lonp, lonn, r) ≤ maxdist

(15)
We then construct a local spatial graph Gl for each POI with
the following principles:
• Consider the target POI as a node of type POI, its neigh-

bours in Pn as nodes of type neighbour, and the initial value
of each node based on the textual tags provided by OSM,

• Connect the POI node with all neighbour nodes, where the
weight of each edge is the inverse of the distance between
the connected nodes and the POI node.
To construct a positive sample graph G+

l , we randomly
replace the original representation of each POI and neighbour
node with either its street view or polygon embedding. The
key idea is that the semantic (textual), spatial (polygon), and
visual (street view) representations of a POI should be close
in the embedding space. To improve the robustness of our
graph-based triplet contrastive learning objective, we further
apply view augmentation by selectively removing nodes from
the local spatial graph. The InfoNCE loss is defined as:

Llocal = − 1

B

B∑
i=1

log
exp(sim(Ei

Gl
, Ei+

Gl
)/τ)∑B

j=1 exp(sim(Ei
Gl
, Ej+

Gl
)/τ)

(16)

where B is the mini-batch size, Ei
Gl

and Ei+
Gl

are the spatial-
aware representations of a local spatial graph and its positive
sample, computed as in Eq. 5, τ (= 0.5) is a temperature
parameter. Compared to prior methods [27], [39], [41] that
focus only on two-modality interactions, our approach captures
the deeper and more complex relationships between multiple
modalities, improving the model’s ability to represent the
spatial and functional aspects of urban areas.

3) Macro Scale Learning.: Satellite imagery plays a cru-
cial role in capturing macro-level urban features and spatial
patterns, providing a comprehensive view of a city’s structure
and landscape. However, a significant challenge is effectively
capturing the complex spatial relationships within regions,
which include not only the distribution of POIs but also
the intricate layout of road networks. To address this, our
method leverages POI and road distributions to better capture
spatial and topological structures. To alleviate these issues,
we propose a POI and Road distribution similarity-based sam-
pling method that captures more complex spatial relationships
and topological structures. Instead of using a fixed-size grid
division, we divide the city into fine-grained regions based
on the road networks. For each urban region u, we first
collect POIs P = {p1, ..., pm} within the region, where each
Pc = {p1, ..., pci} denotes the set of POIs belonging to the c-th
POI category. Given the non-uniform distribution of POIs, we
apply Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) [55] to extract POI distribution features for
different categories:

Cc = DBSCAN(Pc, ϵc,MinPtsc) (17)
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where ϵc (= 0.05) is the maximum distance between two
samples, and MinPtsc (= 2) represents the minimum number
of points required to form a dense cluster. All POIs, including
those identified as outliers by DBSCAN, are retained in the
learning process to maintain full spatial coverage and avoid in-
formation loss in sparsely populated areas. The set of clusters
for the c-th POI category is denoted as Cc = {Cc1 , ..., Cck},
where each cluster Cci = {p1, ..., pmi} contains a collection
of POIs belonging to the c-th category. We then extract the
distribution feature fc for the c-th POI category as follows:

latc, lonc =

 1

k

k∑
j=1

1

|Ccj |
∑

pi∈Ccj

latpi ,
1

k

k∑
j=1

1

|Ccj |
∑

pi∈Ccj

lonpi


(18)

fc = [

√
π

au
max
pj∈Cc

√
(latpj

− latc)2 + (lonpj
− lonc)2,

|Pc|
au

]

(19)
where rc and dc respectively denote radium and density
features, we utilize Equivalent Circle Radius to normalize
radium, and au is the area of the region u. Then we integrate
into region POI distribution feature Fp = [f1, ..., fm]⊤. Ad-
ditionally, we gather ways W = {w1, ..., wn} that traverse or
are contained within the area. We consider road length density
and road intersection density to compare road distribution
similarity Fr:

Fr = [

∑n
i=1 wi.l

au
,
interu
au

] (20)

where interu represents the number of road intersections
within the region u. We measure the POI and road distribution
between two regions based on cosine similarity. Two regions
are deemed to be a positive pair if the following holds:

cosine(F i
p, F

j
p ) ≥ 0.95 ∧ cosine(F i

r , F
j
r ) ≥ 0.95 (21)

The threshold value 0.95 balances selecting sufficiently similar
region pairs while maintaining sample diversity. We also
explored several alternative formulations, including a learn-
able similarity threshold, a margin-based objective, and hard-
negative mining. These variants yielded results with only
about a 1% improvement over the fixed-threshold formulation;
therefore, we adopt the simpler and more stable design in the
final model. We utilize InfoNCE to maximize the similarity
between the positive pairs:

Lsate = − 1

B

B∑
i=1

log
exp(sim(Ei

si, E
i+
si )/τ)∑B

j=1 exp(sim(Ei
si, E

j+
si )/τ)

(22)

where Ei
si and Ei+

si denote the satellite embeddings of the i-th
urban region and its corresponding positive sample, computed
as in Eq.1, τ (= 0.5) is a temperature parameter.

4) Global Scale Learning.: In urban representation learn-
ing, integrating diverse data sources is imperative for capturing
the complex characteristics of urban environments. In order
to do so, we propose a novel contrastive objective for multi-
modal data fusion. Unlike previous methods that treat the
representations of each data source independently, our ap-
proach generates macro representations from satellite imagery
while modelling each POI using OSM data and street view
imagery, which are pooled to form micro representations. The

key insight is to align the macro and micro representations of
a region, reflecting the complementary relationship between
these spatial scales. Furthermore, we construct a global spatial
graph that enables the model to capture spatial dependencies
across regions, facilitating more comprehensive and consistent
representation learning across multiple urban scales.

For each urban region u, we collect a set of POIs within
it, denoted as P = {p1, ..., pn} and derive the macro rep-
resentation Emacro from the corresponding satellite image.
Then we model each POI p separately, computing its POI
representation Ej

t . To extract the street view representation
Ej

v , we apply the spatial-aware semantic consistency method
described in Section IV-B2. We then fuse the textual and street
view features for each POI. Initially, we propose a Residual
Multi-Head Attention mechanism to compute the interaction
between Ej

p and Ej
v:

Ej
poi, E

j
svi = RMHA(Ej

p, E
j
v) (23)

where RMHA consists of a 2-layer multi-head attention mech-
anism and a 1-layer residual connection. The fusion of the POI
and street view representations is achieved through a weighted
feature fusion mechanism:

gj = Sigmoid(ReLU([Ej
poi, E

j
svi] ·Wj + bj) (24)

Ej = gj · Ej
poi + (1− gj) · Ej

svi (25)

For POIs with polygon representations Ej
P , as outlined in Eq.

6, we integrate the fused feature Ej with the polygon features
Ej

P as above. Thereby obtaining an updated representation,
also denoted as Ej . Finally, the micro representation Emicro

for region u is derived by aggregating the POI representations
within the region as:

Emicro = Avg(E1, ..., En) (26)

We construct a global spatial graph Gg , based on the following
principles:
• Consider the target region as a node of type region, with its

geographically adjacent regions as nodes of type neighbour,
and the value assigned to each node corresponds to its macro
representation Emacro,

• Connect the region node with all neighbour-type node,
where the weight of each edge is the inverse of the distance
between the centre coordinates of the connected regions.

To generate a positive sample G+
g , we randomly replace the

initial macro value with the corresponding micro representa-
tion Emicro. The InfoNCE loss is defined as:

Lglobal = − 1

B

B∑
i=1

log
exp(sim(Ei

Gg
, Ei+

Gg
)/τ)∑B

j=1 exp(sim(Ei
Gg
, Ej+

Gg
)/τ)

(27)

where B is the mini-batch size, Ei
Gg

and Ei+
Gg

are the spatial-
aware representations of a global spatial graph and its positive
sample, τ (= 0.5) is a temperature parameter. In comparison
to previous methods [56]–[58], which often use grid-based
divisions [38], our approach ensures that spatial boundaries
are defined by actual urban structures, avoiding the artificial
splitting of functional areas. By integrating both POI distribu-
tion and road network information, we provide a more holistic
and nuanced representation of urban regions.
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TABLE II: Statistics on the datasets used in the experiments. The columns Region, SV I and POI separately represent the
number of urban regions, street view imagery groups and points of interest in the corresponding dataset. The column POLY (%)
represents the number and percentage of points of interest with polygons in the corresponding dataset.

City Land Area(km2) Region SVI POI #POLY (%)

Singapore 728 3,056 34,078 64,215 40,594 (63.22%)
New York 1,214 31,449 63,559 93,051 49,502 (53.20%)

Beijing 16,410 1,010 16,152 59,989 43,588 (72.66%)

V. EXPERIMENTS

The objective of the experimental study is fivefold: (1)
Demonstrating Effectiveness Across Representative Tasks, (2)
Ablation Studies for Multiscale Foundation Model Analysis,
(3) Verifying Adaptability, (4) Conducting Parameter Sensitiv-
ity Analysis, and (5) Presenting Qualitative Case Studies.

A. Experimental Setups

1) Datasets: In our data collection process, we use the
OpenStreetMap Overpass API to download and preprocess
POIs from Singapore, New York, and Beijing, and we ap-
ply a preprocessing step to the raw OSM data to remove
redundant and non-informative tags, ensuring consistent and
reliable POI semantics across cities. We segment each city
into regions based on its road networks. Using the Google
Maps API for Singapore and New York, and the Baidu Map
API for Beijing, we systematically generate evenly distributed
sampling points, capturing street view images in all four
cardinal directions at each point. Additionally, we obtain
satellite imagery through the Bing Maps API, referencing
each city’s vector boundaries. The extensive scale and careful
selection of these representative cities ensure our datasets
are robust and comprehensive, facilitating meaningful and
generalizable analyses across diverse urban environments. As
shown in Table II, the dataset statistics cover multiple variables
such as the number of regions, average area, POI count, and
imagery samples. Notably, the number of regions and their
corresponding areas are not proportional across cities, reflect-
ing heterogeneous spatial granularities that allow UrbanMFM
to be evaluated across diverse geographic scales. The dataset
on housing price prediction consists of 6,073 communities,
scraped from Beike, which provides the housing prices of the
collected communities, and then calculate the average housing
price in the area through road network segmentation. The
dataset on GDP, with a spatial resolution of 1 km, is sourced
from Resource and Environmental Science Data Platform. The
dataset on building functionality classification task consists of
64,384 polygons that belong to one of 8 classes, obtained from
Urban Redevelopment Authority.

2) Downstream Tasks: We aim to validate the superiority of
our proposed method by comparing it against the best baseline
models specifically designed for four representative tasks: Pop-
ulation Density Estimation, Housing Price Prediction, GDP
Density Estimation and Building Functionality Classification.
These comparisons span multiple countries and culturally
diverse regions, highlighting the generalizability of our ap-
proach. Notably, the first two are region-level tasks, while the

last is a POI-level task. This diversity of downstream tasks
demonstrates that our model can effectively generalize across
different spatial granularities, capturing both macroscopic so-
cioeconomic attributes and microscopic functional characteris-
tics of urban areas. Building functionality data is available for
only a limited number of cities, and within our datasets, such
information was accessible exclusively for Singapore. Despite
this constraint, Singapore is a major metropolitan area with
diverse building types and comprehensive infrastructure, mak-
ing it a representative case for our study. Housing price and
GDP density data in our datasets were limited to Beijing. As
one of the world’s leading megacities and the capital of China,
Beijing’s real estate market encompasses a wide spectrum of
housing types, pronounced spatial economic disparities, and
complex urban structure, providing a representative context
for studying regional socioeconomic patterns. This diversity
provides valuable insights, making it a suitable focus for our
analysis despite the geographical limitation.

3) Baselines: We compare UrbanMFM with seven strong
baselines, including three unimodal baselines: GeoVec-
tors [59], SpaBERT [60], HGI [9], and four multimodal
baselines: Urban2vec [33], MuseCL [42], CityFM [28] and
UrbanCLIP [27]. Among these multimodal baselines, Ur-
ban2Vec includes POI and street view images, while CityFM
leverages POI and polygon data from OSM and additional
road-network information corresponding to the micro and local
scales in our framework. UrbanCLIP, in contrast, focuses on
satellite imagery and employs LLM-generated textual cap-
tions, primarily activating the macro and global scale through
enhanced semantic supervision. This limitation highlights a
fundamental disparity: none of these baselines fully align with
UrbanMFM’s design and research motivation, which integrates
multiple modalities to capture urban complexity comprehen-
sively. Notably, MuseCL adopts the same input modalities as
UrbanMFM but differs substantially in its modeling strategy
and objectives.
• Urban2Vec [33] learns a low-dimensional representation of

each urban region utilizing urban images and POIs inside.
• GeoVector [59] uses the corpus to obtain the location

encoding for untagged polygons, while tag embeddings
represent the entities located in their spatial proximity.

• SpaBERT [60] is a pre-trained model designed to encode
entities within each region by leveraging LMs and aggre-
gating by calculating the average representations.

• HGI [9] employs Hierarchical Graph Infomax with POI
data to learn representations at the POI- and region-levels,
effectively capturing hierarchical urban dynamics.

• MuseCL [42] aggregates street view and satellite imagery

https://bj.ke.com/
https://www.resdc.cn/DOI/doi.aspx?DOIid=33
https://www.ura.gov.sg/maps/?service=MP
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TABLE III: Estimation and ablation study of population density, expressed in thousands of people per square kilometre.
The row highlighted in bold represents the performance of UrbanMFM, while the rows above it show the baseline models,
distinguished by whether they adopt a foundation model (✓) or not (✗), and further categorized by modality as either unimodal
(u) or multimodal (m). Below, we provide the results from the ablation study.

Foundation Mobility Model Singapore New York Beijing

RMSE ↓ MAE ↓ R2 ↑ RMSE ↓ MAE ↓ R2 ↑ RMSE ↓ MAE ↓ R2 ↑

✗ u GeoVectors 6.38
(± 0.23)

5.2
(± 0.27)

0.51
(± 0.06)

7.56
(± 0.3)

6.09
(± 0.22)

0.58
(± 0.01)

7.56
(± 0.3)

6.09
(± 0.22)

0.58
(± 0.01)

✗ u SpaBERT 6.89
(± 0.68)

4.85
(± 0.43)

0.49
(± 0.05)

8.08
(± 0.19)

5.69
(± 0.16)

0.51
(± 0.03)

9.84
(± 0.73)

7.83
(± 0.46)

0.27
(± 0.05)

✗ u HGI 5.31
(± 0.57)

4.06
(± 0.31)

0.57
(± 0.05)

6.15
(± 0.23)

4.18
(± 0.17)

0.72
(± 0.02)

8.88
(± 0.50)

6.25
(± 0.36)

0.37
(± 0.07)

✗ m Urban2Vec 5.36
(± 0.24)

4.16
(± 0.18)

0.64
(± 0.04)

6.17
(± 0.16)

5.28
(± 0.20)

0.69
(± 0.02)

8.94
(± 0.34)

5.35
(± 0.24)

0.40
(± 0.03)

✗ m MuseCL 4.31
(± 0.60)

3.00
(± 0.42)

0.82
(± 0.04)

5.92
(± 0.28)

4.20
(± 0.17)

0.72
(± 0.02)

6.83
(± 0.84)

4.88
(± 0.49)

0.62
(± 0.06)

✓ m CityFM 4.68
(± 0.45)

3.20
(± 0.23)

0.79
(± 0.05)

5.90
(± 0.21)

4.21
(± 0.14)

0.73
(± 0.02)

7.16
(± 0.90)

4.92
(± 0.54)

0.58
(± 0.08)

✓ m UrbanCLIP 4.58
(± 0.40)

3.24
(± 0.32)

0.82
(± 0.03)

6.05
(± 0.18)

4.30
(± 0.16)

0.72
(± 0.02)

7.25
(± 0.45)

5.12
(± 0.31)

0.63
(± 0.03)

✓ m UrbanMFM 3.88
(± 0.27)

2.64
(± 0.19)

0.87
(± 0.02)

5.45
(± 0.15)

3.74
(± 0.13)

0.77
(± 0.01)

5.72
(± 0.62)

3.48
(± 0.30)

0.75
(± 0.04)

- - w/o Micro Scale 4.53
(± 0.39)

2.95
(± 0.15)

0.85
(± 0.04)

5.88
(± 0.25)

4.12
(± 0.21)

0.74
(± 0.02)

6.02
(± 0.88)

3.71
(± 0.35)

0.72
(± 0.05)

- - w/o Local Scale 4.14
(± 0.24)

2.74
(± 0.18)

0.86
(± 0.02)

5.60
(± 0.15)

3.81
(± 0.13)

0.76
(± 0.01)

5.79
(± 0.66)

3.62
(± 0.29)

0.74
(± 0.05)

- - w/o Macro Scale 4.21
(± 0.54)

2.79
(± 0.30)

0.83
(± 0.04)

6.06
(± 0.29)

4.26
(± 0.17)

0.71
(± 0.01)

6.84
(± 0.81)

4.17
(± 0.49)

0.64
(± 0.06)

- - w/o Global Scale 4.68
(± 0.45)

3.20
(± 0.23)

0.79
(± 0.05)

6.01
(± 0.17)

4.15
(± 0.17)

0.71
(± 0.02)

7.04
(± 0.71)

4.15
(± 0.53)

0.63
(± 0.09)

with an attentional fusion module, then utilizes a contrastive
mechanism for integrating POI features.

• CityFM [28] leverages geospatial entities extracted from
OpenStreetMap and employs contrastive learning with
three objectives to pre-train a foundation model: a mutual
information-based text-to-text objective, a vision-language
objective, and a road-based context-to-context objective.

• UrbanCLIP [27] generates detailed textual descriptions for
each satellite image using LLMs and trains on the resulting
image-text pairs, combining contrastive loss and language
modelling loss for joint optimization.

To achieve a fair and spatially consistent comparison across
models, we construct a unified setting using only POI and
polygon data as inputs. For baselines, we include Urban2Vec
(replacing street-view features with polygon embeddings) and
CityFM (disabling the road-network branch), ensuring that
all models are trained on identical data sources. UrbanMFM
is correspondingly restricted to its POI–polygon components,
activating the micro and local scales within our framework.
This controlled setup enables a direct and fair evaluation of
model architectures under a consistent spatial context, while
still capturing the intrinsic multiscale structure of urban spaces.

4) Experimental Settings: UrbanMFM is pre-trained using
OSM data and urban imagery, on the five contrastive objectives
presented in Section IV-B. We follow CityFM [28], each
objective is optimized in an independent stage with the model
weights initialized from the previous stage. The pretraining
loss can be expressed as the sum of stage-wise objectives:

Lpretrain = Lpoi + Lsvi + Llocal + Lsate + Lglobal

The model is trained until convergence with a learning rate
of 1e-4, a batch size of 256, and a linearly decreasing learn-
ing rate scheduler with warm-up. We utilize the bert-base-
uncased model with a hidden size of 768 to encode textual
information. We preprocess the images to 224x224 pixels
for urban imagery, ensuring the generated rasterized images
are also 224x224. We then employ ResNet18 with a hidden
size of 512 for image encoding. Following the pre-training
phase, the model’s parameters are frozen, and UrbanMFM
is utilized to generate comprehensive representations for the
geospatial entities and urban imagery involved in the different
downstream applications. All the experiments involving deep
learning frameworks are executed on a V100-SXM2 GPU.
Under this setting, the pre-training phase requires 16–18 hours
across our three datasets. Peak GPU memory usage is around
18 GB.

B. Performance Analysis

For the Population Density Estimation and Housing Price
Prediction task, we report evaluation metrics including ab-
solute error (MAE), root mean squared error (RMSE), and
coefficient of determination (R2), with mean and standard
deviation over 10 independent runs, for each algorithm. For
the Building Functionality Classification task, we randomly
partition the dataset into 50%, 25%, and 25% as the training,
validation, and testing sets, and maintain a consistent ratio of
building functionalities during the splitting process.

1) Population Density Estimation: Table III demonstrates
that UrbanMFM consistently outperforms all state-of-the-art
baselines across diverse urban regions. The performance gain
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TABLE IV: Population Density Estimation under Unified Setting.

Model Singapore New York Beijing

RMSE ↓ MAE ↓ R2 ↑ RMSE ↓ MAE ↓ R2 ↑ RMSE ↓ MAE ↓ R2 ↑

Urban2Vec 6.30
(±0.30)

4.62
(±0.21)

0.61
(±0.03)

7.10
(±0.33)

5.12
(±0.23)

0.56
(±0.03)

9.50
(±0.35)

5.60
(±0.27)

0.33
(±0.04)

CityFM 5.95
(±0.27)

4.15
(±0.19)

0.65
(±0.02)

6.70
(±0.30)

4.60
(±0.20)

0.60
(±0.03)

8.10
(±0.32)

5.05
(±0.23)

0.52
(±0.03)

UrbanMFM 5.55
(±0.25)

3.78
(±0.18)

0.67
(±0.02)

6.28
(±0.28)

4.30
(±0.19)

0.63
(±0.02)

7.80
(±0.31)

4.85
(±0.22)

0.58
(±0.03)

is particularly striking on the Beijing dataset, where RMSE is
reduced by 16.25%, MAE by 28.69%, and R2 is improved
by 19.05% compared to the strongest baseline. Notably, this
performance is achieved despite Beijing being the most chal-
lenging setting, where the dataset contains the fewest POIs and
street view sampling points and the largest urban area among
all cities. Such improvements under sparse and imbalanced
multimodal conditions clearly demonstrate the robustness and
adaptability of our approach.

Among unimodal baselines without foundation model sup-
port, GeoVectors, SpaBERT and HGI perform suboptimally
due to their limited ability to capture complex spatial and
multimodal patterns. While HGI is specifically designed for
region-level estimation, its unimodal nature hinders its ability
to model urban heterogeneity. Multimodal baselines without
foundation models, Urban2Vec and MuseCL show moderate
gains, benefiting from the integration of spatial and visual
features. However, the absence of pre-trained semantic priors
limits their representational expressiveness and generalizabil-
ity. Models that incorporate foundation models, CityFM and
UrbanCLIP achieve better performance by leveraging large-
scale pre-trained knowledge to extract richer semantics from
textual and visual data, yet still struggle to capture fine-grained
cross-modal interactions and spatial hierarchies. By contrast,
UrbanMFM achieves consistent and substantial improvements
across all metrics and regions. Its advantage lies in combining
multiscale representation learning with foundation models,
enabling fine-grained multimodal fusion. This allows Urban-
MFM to capture both local detail and global context, resulting
in more robust and generalizable urban representations.

As shown in Table IV, under the unified POI–polygon
setting, overall performance drops compared with the full
multimodal configuration, as expected due to the removal
of imagery and road-network cues. Nevertheless, UrbanMFM
consistently outperforms both CityFM and Urban2Vec across
all three cities. These results indicate that UrbanMFM’s mul-
tiscale design provides substantial gains.

In addition, we assess robustness to different region gran-
ularities by merging adjacent 2–3 macro regions. In Beijing,
where the original number of regions is small, merging reduces
training units and results in a moderate performance drop of
around 5%. In contrast, New York contains far more regions,
and the same merging operation leads to only about 1%
fluctuation. These results indicate that UrbanMFM remains
stable under reasonable variations of the region scale.

2) Housing Price Prediction: Table V demonstrates that
UrbanMFM outperforms all state-of-the-art baselines, achieves
RMSE reduction of 11.64%, MAE reduction of 27.60%, and

TABLE V: Experimental Comparison of Housing Price.

Foundation Mobility Model RMSE ↓ MAE ↓ R2 ↑

✗ u GeooVector 27.56
(± 2.88)

20.94
(± 1.73)

0.64
(± 0.06)

✗ u SpaBERT 28.25
(± 2.51)

21.62
(± 1.55)

0.58
(± 0.08)

✗ u HGI 21.14
(± 2.06)

14.76
(± 0.74)

0.76
(± 0.05)

✗ m Urban2Vec 24.67
(± 4.45)

19.04
(± 2.23)

0.66
(± 0.06)

✗ m MuseCL 21.37
(± 3.25)

15.54
(± 1.25)

0.74
(± 0.04)

✓ m CityFM 22.97
(± 3.36)

17.14
(± 1.94)

0.72
(± 0.06)

✓ m UrbanCLIP 23.64
(± 2.98)

18.09
(± 1.67)

0.74
(± 0.05)

✓ m UrbanMFM 18.68
(± 1.47)

10.69
(± 0.49)

0.80
(± 0.03)

TABLE VI: Experimental Comparison of GDP Density.

Foundation Mobility Model RMSE ↓ MAE ↓ R2 ↑

✗ u GeoVector 7.43
(± 0.59)

4.92
(± 0.26)

0.63
(± 0.05)

✗ u SpaBERT 7.18
(± 0.52)

4.75
(± 0.23)

0.65
(± 0.05)

✗ u HGI 6.91
(± 0.68)

4.07
(± 0.34)

0.70
(± 0.02)

✗ m Urban2Vec 6.66
(± 0.50)

3.98
(± 0.29)

0.72
(± 0.04)

✗ m MuseCL 5.64
(± 0.46)

3.71
(± 0.22)

0.78
(± 0.03)

✓ m CityFM 5.95
(± 0.48)

3.80
(± 0.18)

0.78
(± 0.04)

✓ m UrbanCLIP 5.68
(± 0.44)

3.62
(± 0.17)

0.79
(± 0.03)

✓ m UrbanMFM 5.48
(± 0.42)

3.46
(± 0.16)

0.82
(± 0.03)

R2 improvement of 5.26% over the strongest baseline.
All baselines—except for HGI and our proposed

model—are limited in their ability to capture the holistic
spatial environment, leading to suboptimal performance. This
limitation is particularly detrimental in real-world housing
price estimation, where both the semantic information of
nearby POIs and the structural characteristics of surrounding
regions play a crucial role. Although HGI performs relatively
well due to its region-level design, it still lacks the capacity to
integrate complementary modalities. UrbanMFM overcomes
these limitations by integrating foundation models with
multiscale multimodal fusion, enabling it to model both
fine-grained local semantics (individual POI functions)
and macro-scale spatial dependencies (neighbourhood
composition). This multiscale modeling framework allows
UrbanMFM to more accurately capture the mutual influence
between local features and regional context, which is essential
for reliable housing price prediction.

3) GDP Density Estimation: Table VI showcases that Ur-
banMFM achieves the best overall performance on the GDP



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 11

TABLE VII: Building Functionality Statics and Experimental Comparison of F1 Scores Across Different Functionalities.

Functionality Number Percentage GeoVectors SpaBERT CityFM UrbanMFM

Residential 43,224 67.1% 76.97% 82.15% 96.03% 95.83%
Industrial 10,431 16.2% 70.57% 74.25% 94.65% 94.79%
Commercial 5,190 8.1% 88.22% 66.66% 87.07% 88.34%
Commercial & Residential 1,645 2.5% 21.08% 18.14% 46.29% 63.86%
Educational 1,427 2.2% 57.98% 46.05% 73.00% 79.56%
Civic & Community Institution 1,205 1.9% 13.82% 12.46% 24.92% 39.94%
Sports & Recreation 751 1.2% 31.73% 38.62% 69.76% 78.55%
Transport 511 0.8% 21.84% 17.09% 61.53% 71.12%

density prediction task, outperforming the strongest baseline,
with RMSE reduction of 2.8%, MAE reduction of 4.4%, and
R2 improvement of 3.8%.

MuseCL performs well by leveraging contrastive multi-
modal alignment between POI and visual features, enabling it
to capture semantic relationships relevant to urban economic
patterns. UrbanCLIP further improves overall consistency
through large-scale multimodal pretraining, which enhances
cross-modal representation quality. However, both models lack
explicit mechanisms to model spatial hierarchies and contex-
tual dependencies across different urban scales. UrbanMFM
overcomes these limitations through a foundation-model-based
multiscale architecture that jointly integrates POI, street-view,
and satellite features. By capturing both micro-level functional
semantics and macro-level spatial dependencies, it achieves
a more comprehensive understanding of regional economic
structures, leading to superior GDP density estimation.

4) Building Functionality Classification: We specifically
selected GeoVectors, SpaBERT and CityFM for comparison,
as they represent the best performance baseline models, with
GeoVectors and SpaBERT excelling in unimodal and CityFM
in multimodal foundation models, both derived from volun-
teered geospatial information sources. Table VII showcases
the F1-scores of UrbanMFM and baselines for each building
functionality category. The experimental results indicate that
UrbanMFM not only maintains its outstanding performance
in Residential, Industrial, and Commercial categories but also
delivers substantial gains in challenging multifunctional cate-
gories (Commercial & Residential and Civic & Community
Institution), with the highest improvement being 17.57%.
UrbanMFM excels in these difficult scenarios, substantially
outperforming existing approaches.

C. Ablation Study

To understand the contributions of each scale within Ur-
banMFM, we conduct ablation studies on population density
estimation task that examine the interactions between the var-
ious scales. This analysis provides insights into the influence
of each module and verifies how well they work together. The
comprehensive results in Table III indicate that our model has
substantial enhancements owing to the incorporation of four
scales. To delve into specifics, the local view emerges as a
strong predictor, with the global view also having a significant
impact, highlighting the importance of spatial context and
multimodal interaction in urban understanding. The macro
scale captures broad regional characteristics from satellite
imagery that are crucial for predicting urban density on a

Fig. 4: Training loss of the five contrastive objectives.

TABLE VIII: Adaptability on Population Density Estimation.

Model RMSE ↓ MAE ↓ R2 ↑

UrbanMFM 3.88
(± 0.27)

2.64
(± 0.19)

0.87
(± 0.02)

UrbanMFM + trajectory 3.69
(± 0.29)

2.56
(± 0.23)

0.88
(± 0.02)

macro scale. Lastly, the micro scale proves to be the weak-
est contributor, focusing on intra-modal contrastive learning
between POI and street view imagery group. While valuable
for capturing localized spatial details, it has a smaller overall
impact compared to the broader contextual insights provided
by the other scales.

We compare the training loss between the stage-wise and
dynamic strategies. As shown in Figure 4, stage-wise training
achieves smooth and balanced convergence across all five
contrastive objectives, showing no loss domination. In contrast,
dynamic joint training causes the Local objective (orange) to
converge faster, indicating an imbalance during optimization.

D. Adaptability Study

UrbanMFM is a flexible framework that seamlessly inte-
grates diverse urban data sources. We conduct case studies
using Singapore data to showcase the scalability of Urban-
MFM to introduce additional datasets. Building on the original
framework, we further integrate region-level features, trajec-
tory data from Uber, on the Singapore dataset. This data
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Fig. 5: Parameter sensitivity analysis of UrbanMFM across different datasets.

(a) Restaurant in Business Area. (b) Restaurant in Resident Area.

Fig. 6: Two real-world entities from different areas.

source is incorporated into the Global Contrastive Objective
during the training phase. As shown in Table VIII, UrbanMFM
can seamlessly support new data inputs while continuing to
improve performance, showcasing the framework’s flexibility
and adaptability to varying datasets.

E. Parameters Analysis

We evaluate the sensitivity of UrbanMFM to five key param-
eters: sampling density during training, maximum neighbour
distance maxdist that controls local graph size, cosine simi-
larity threshold that controls the number of satellite positive
pairs, and DBSCAN settings ϵ and MinPts that control the
neighbourhood radius and the minimum number of points
required to form a cluster. As shown in Figure 5, our parameter
configuration achieves the best overall performance. A too-
small sampling density limits training stability, while an overly
large one brings only marginal improvement at the cost of
significantly higher computational expense. An overly small
spatial range prevents the model from capturing adequate
spatial context, whereas an excessively large range introduces
noise. Cosine value threshold of 0.95 ensures semantic consis-
tency without over-filtering, and the DBSCAN configuration
balances regional granularity and spatial coherence.

F. Case Studies

To further illustrate the effectiveness of UrbanMFM, we
present two representative case studies. The first case high-
lights the model’s ability to capture spatial context in data-
scarce environments, demonstrating its robustness through
hierarchical representation learning. The second case focuses
on the model’s capacity to associate visual cues with functional
semantics, showcasing the advantages of multimodal fusion.

1) Verify Ability To Capture Spatial Context: Figure 6
shows two real-world entities, described solely by the tag
”amenity”: ”restaurant”. Notably, these two POIs are the only
ones within their respective regions in the OSM data. We

5.9

UrbanHCL

2.1

28.4

32.1

16.416.4

Ground Truth

BERT

Fig. 7: Comparison of prediction results with ground truth.

0.29
0.41

CommercialSports & Recr. 

0.48
0.36

0.54

0.26

Comm. & Res. Educational

0.32
0.24

0.36

0.22

UrbanHCL CityFM

0.36
0.28

UrbanHCL( POI only)

Fig. 8: Comparison of classification results.

respectively encode them using BERT and UrbanMFM, and
report their corresponding predicted values in Figure 7. As
shown, UrbanMFM demonstrates robustness in data-scarce or
low-density environments, thanks to its hierarchical design.
Even when POIs and street views are sparsely distributed, the
inclusion of satellite imagery ensures comprehensive spatial
coverage, allowing the framework to capture broader macro-
level features.

2) Verifying Capability To Associate Visual Characteristics
With Corresponding Functionality: We report the top 2 prob-
ability values of two real-world buildings’ functionality calcu-
lated by UrbanMFM and CityFM (the best-perform baseline),
with the ground truth highlighted in bold font. We evaluate the
performance of both models under two scenarios: (1) when
only POI data (incorporating both textual tags and polygons)
is used, and (2) when UrbanMFM leverages a combination
of POI data and street view imagery. In contrast, CityFM
solely relies on POI data. As shown in Figure 8, even when
both models are restricted to using only POI data, the merits
of UrbanMFM are readily discernible. Furthermore, when
UrbanMFM incorporates street view images into its input, its
classification accuracy is further boosted. This superiority in
performance underscores UrbanMFM’s superior multimodal
fusion capabilities and flexibility to incorporate a wider range
of data sources.
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VI. CONCLUSIONS AND FUTURE WORK

This paper presents a novel problem – how to learn
multiscale urban representations by integrating diverse geo-
graphic data modalities and modeling complex multimodal
relationships across different spatial scales. To address this, we
propose UrbanMFM, a scalable framework built upon a Spatial
Graph-based Multi-scale Foundation Model, which explicitly
models hierarchical spatial relationships among urban entities.
By leveraging spatial graphs to encode the structural depen-
dencies across micro, local, macro, and global urban scales, the
framework effectively highlights complex interactions among
multimodal data sources. This structured representation en-
ables deep cross-modal fusion and contributes to the model’s
superior effectiveness in modeling diverse urban environments.

While UrbanMFM demonstrates strong performance across
diverse urban tasks, several limitations remain. Coverage bias
is an inherent issue in open-source urban datasets, as spatial
coverage may vary across regions. We mitigate this limitation
by integrating multiple complementary data sources to pro-
vide balanced multimodal coverage. Moreover, model outputs
should be interpreted as analytical aids rather than prescriptive
guidance for real-world planning or policy-making.

Looking ahead, extending UrbanMFM to incorporate tem-
poral dynamics represents a promising direction. While this
study intentionally focuses on spatial structures—reflecting the
nature of many core urban tasks—numerous urban phenomena
(e.g., mobility flows, POI evolution, and land-use transitions)
exhibit inherent temporal patterns. Future work will explore
spatio-temporal pretraining objectives and dedicated tempo-
ral modules, such as dynamic graph encoders or trajectory-
informed temporal heads, to broaden the framework’s appli-
cability to dynamic prediction and forecasting tasks. Moreover,
enhancing cross-city generalization offers another meaningful
avenue. Given the substantial variations in POI semantics,
imagery sources, and land-use conventions across countries,
incorporating semantic harmonization strategies or domain
adaptation techniques may further improve the transferability
of UrbanMFM across heterogeneous urban environments.
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