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Abstract
Urban environments continuously generate and collect data from
diverse modalities such as points of interest (POIs), satellite im-
agery, and human mobility traces, each anchored to geographic
coordinates. There is growing demand for frameworks that inte-
grate these heterogeneous sources to capture both the multifaceted
characteristics of locations and the latent correspondences across
modalities. However, existing approaches either align coordinates
with a single modality, thereby failing to capture multiple aspects
of a location, or require explicit cross-modal pairs (e.g., image–
text) that are difficult to construct when modalities differ in spatial
resolution and observation density. We propose LocationBind, a
framework that uses geographic coordinates as a common pivot
to jointly align multiple urban modalities in a shared latent space,
requiring only coordinate–modality pairs. Experiments on Osaka
and Nagoya show that LocationBind outperforms baselines on most
metrics across missing-modality completion, cross-modal retrieval,
and urban-indicator prediction (e.g., land use and population den-
sity), demonstrating the effectiveness of coordinate-pivot alignment.
We further illustrate applications such as cross-modal pattern dis-
covery and compositional cross-modal retrieval, suggesting that
LocationBind can serve as a unified framework for multifaceted
urban data analysis.

CCS Concepts
• Information systems→ Geographic information systems;
Multimedia and multimodal retrieval; • Computing method-
ologies→ Learning latent representations.

Keywords
Urban Computing, Representation Learning, Multimodal
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1 Introduction
Cities are complex socio-technical systems in which economic,
infrastructural, and environmental processes interact across multi-
ple spatial and temporal scales [1]. Urban computing increasingly
uses large-scale spatiotemporal data to monitor, model, and predict
these dynamics, enabling evidence-based urban planning and man-
agement [2]. At the same time, urban data are rapidly diversifying.
Multimodal data such as Points of Interest (POIs), review and survey
texts, satellite imagery, street view images, and humanmobility logs
are increasingly collected at scale together with their geographic
coordinates, and many such datasets are also being released as
open resources [3, 4]. These data make it possible to capture the
characteristics of the same urban location from multiple perspec-
tives. However, frameworks that integrate such multimodal data
and support cross-modal understanding, retrieval, and inference
are still lacking.

A representative line of work in urban data modeling focuses on
geospatial embedding. These methods embed modality data tied
to geographic space, such as satellite imagery and human mobil-
ity data, as vector representations in a latent space through self-
supervised learning [5–11]. In particular, recent methods such as
GeoCLIP [12], SatCLIP [13], and CaLLiPer [14] jointly learn aligned
representations of a modality and geographic coordinates, enabling
the acquisition of embeddings defined over continuous geographic
coordinates. However, most existing methods rely on unimodal ob-
servation sources. Even coordinate-to-modality alignment methods
such as GeoCLIP, SatCLIP, and CaLLiPer align coordinates with
only one modality at a time. A naïve extension that trains such
methods separately for each modality and combines them fails
because each modality occupies its own latent space, preventing
cross-modal operations. As a result, it becomes difficult to lever-
age these representations for cross-modal retrieval, completion, or
pattern discovery. In addition, designs tied to a specific modality
cannot capture the multifaceted characteristics of each location,

1
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Figure 1: Alignment of multimodal urban data via LocationBind.

and they can also be sensitive to temporal and spatial sampling bias
and missing observations.

In contrast, multimodal representation learning methods such as
ImageBind [15] and KnowCL [11] provide frameworks that align
multiple modalities into a shared latent space. However, to learn
cross-modal correspondences, these methods require explicit cross-
modal pairs or the aggregation of observations into fixed spatial
units such as regional nodes or mesh cells. In actual urban data,
spatial resolution and observation density differ across modalities,
and data collection conditions vary by region and over time, mak-
ing it difficult to construct stable large-scale pairs for arbitrary
combinations of modalities.

We hypothesize that heterogeneous modality data observed at
the same location (or its vicinity) reflect the urban characteristics
of that location from different perspectives, and therefore share
latent correspondences. Under this assumption, the correspondence
between modalities can be learned indirectly by aligning them in a
shared latent space through geographic coordinates as a common
pivot, even in the absence of explicit cross-modal pairs. Building
on this idea, we propose LocationBind, a framework for unified
modeling of multimodal urban data. Figure 1 presents an overview
of LocationBind, and Figure 2 shows its training architecture. Lo-
cationBind comprises a LocationEncoder that maps geographic
coordinates into the shared latent space, modality-specific Modali-
tyProjectors that project each modality embedding into the same
space, andModalityDecoders that reconstruct modality embeddings
from shared latent representations. By using geographic coordi-
nates as the pivot for alignment, the framework integrates modal-
ities with different spatial resolutions and observation densities
into a shared latent space, without requiring explicit cross-modal
pairs or pre-aggregation into fixed spatial units. This design enables
cross-modal capabilities that are difficult to support with existing
methods, including missing-modality completion, cross-modal re-
trieval, and learning unified location representations that integrate
multiple modalities. Furthermore, through case studies and qualita-
tive analyses, we show that LocationBind can serve as a versatile
foundation for multifaceted urban understanding.

The main contributions of this study are as follows:

• Wepropose LocationBind, a framework that uses geographic
coordinates as a pivot to embed multiple urban modalities
into a shared latent space without requiring explicit cross-
modal pairs.

• We show that LocationBind achieves strong and balanced
performance across missing-modality completion, cross-
modal retrieval, and urban-indicator prediction.

• Wedemonstrate the utility of the learned latent space through
applications, including cross-modal pattern discovery and
compositional cross-modal retrieval.

2 Related Work
2.1 Unimodal Embeddings of Urban Data
As urban data become increasingly available, many self-supervised
representation learning methods have been proposed to uncover
the latent patterns embedded in such data. Most of these meth-
ods associate or aggregate observations with discrete spatial units
such as POIs or grid cells, and embed them into a latent space.
Existing work has covered modalities including POIs [5, 6, 16],
satellite imagery [17–20], street view images [7, 21], and mobility
logs [4, 8–10, 22–24]. These unimodal embeddings have been used
for visualizing geographic space and as transferable features for a
range of downstream tasks.

A notable recent development is the emergence of location en-
coders [25–27], which map continuous geographic coordinates
into an embedding space. Whereas earlier work typically mod-
eled geographic information at discrete and coarse spatial scales
ranging from hundreds of meters to several kilometers, location
encoders can represent locations at a finer resolution from a few
meters to tens of meters while explicitly modeling continuous spa-
tial proximity. A key component of many location encoders is
multi-scale positional encoding, which makes it possible to model
global and local geographic relationships simultaneously. Build-
ing on this, several methods perform contrastive learning between
coordinate-based geographic embeddings and modality-specific
embeddings. GeoCLIP [12] aligns geotagged image embeddings
with geographic coordinate embeddings, enabling geolocalization.
SatCLIP [13] performs contrastive learning between satellite im-
agery and a global location encoder, and transfers the resulting

2
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Figure 2: The architecture of LocationBind.

coordinate embeddings to location-dependent tasks such as tem-
perature prediction, species recognition, and population density
estimation. CaLLiPer [14] aligns POI text embeddings with geo-
graphic coordinate embeddings to obtain semantically informed
coordinate embeddings, and applies them to downstream tasks such
as land use classification and socioeconomic attribute prediction.
Because these methods align geographic coordinate representations
with only a single non-coordinate modality, we refer to them as
single-modality coordinate alignment methods in this paper, distin-
guishing them from approaches that align multiple non-coordinate
modalities in a shared latent space.

2.2 Multimodal Representation Learning
Representation learning that relies on a single modality has in-
herent limitations, particularly when observations are sparse or
missing, or when the multifaceted nature of a location must be
captured through representations that integrate multiple modal-
ities. Motivated by this, extensive research has been conducted
on multimodal representation learning. Outside the urban domain,
contrastive learning with image–text pairs has emerged as a leading
approach, exemplified by CLIP [28], which learns a shared latent
space from large-scale image–text pairs and enables cross-modal
retrieval as well as zero-shot classification. Multimodal learning has
since been extended beyond two modalities, making the alignment
of many modalities into a single shared latent space increasingly
feasible. ImageBind [15] treats images as an anchor modality and
maps diverse observations paired with images, including audio,
depth, thermal signals, and IMU measurements, into the image em-
bedding space. Such alignment via an anchor modality is promising
in realistic settings where complete pairings for all modality com-
binations are unavailable, and it enables cross-modal retrieval and
transfer even under such conditions.

Similar multimodal representation learning has also been ex-
plored in urban computing [11, 29–32]. For instance, KnowCL [11]

constructs an urban graph representing the spatial proximity and
similarity of urban regions and POIs, and aligns this graph rep-
resentation with satellite imagery and street view images in the
same latent space. MoRA [33] uses graph representations derived
from human mobility data as an anchor modality and aligns other
modalities with this anchor in a shared latent space. These studies
suggest that multimodal integration improves downstream task
performance in many settings and provides a more comprehensive
understanding of locations than single-modality approaches.

3 Method
LocationBind is trained on pairs of a geographic coordinate and a
single-modality observation, as illustrated in Figure 2. The model
jointly learns a LocationEncoder, modality-specific ModalityProjec-
tors, and ModalityDecoders, all operating in a shared latent space.
Raw modality data are first converted into fixed embeddings us-
ing pretrained ModalityEncoders, whose weights are kept frozen.
This keeps large backbone encoders out of the optimization and
stabilizes alignment based on coordinate–modality pairs. Training
jointly minimizes a contrastive loss and a reconstruction loss.

3.1 Paired Data and Modality-Specific
Embeddings

We construct the set of coordinate–embedding pairs independently
for each modality. We denote the pair set for modality𝑚 asD (𝑚) =

{(ℓ (𝑚)
𝑖

, 𝑧
(𝑚)
𝑖

)}𝑁𝑚

𝑖=1 , where 𝑁𝑚 = |D (𝑚) |, ℓ (𝑚)
𝑖

= (𝑥𝑖 , 𝑦𝑖 ) is a planar
geographic coordinate, and 𝑧 (𝑚)

𝑖
is a fixed embedding produced by

the pretrained ModalityEncoder for modality𝑚. We consider three
modalities, M = {poi, visit, sat}: POI text, visit pattern histograms,
and satellite imagery. The construction of 𝑧 (𝑚)

𝑖
for each modality is

described below.

3.1.1 POI text. We represent POIs, such as buildings, facilities, and
landmarks, using text constructed from their categories and names.

3
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Following CaLLiPer [14], we format a two-level POI category and
the POI name into a single Japanese sentence (e.g., a sentence con-
veying “a cafe named ABC Coffee in the food-and-drink category”).
The sentence is encoded by a Sentence-BERT [34] model pretrained
on Japanese text to obtain 𝑧 (poi) , with ℓ set to the coordinate of the
corresponding POI. This modality captures the semantic identity
of facilities and landmarks present at a location.

3.1.2 Visit pattern. Following Area2Vec [10], we build a 2 × 24 × 7
frequency vector for each grid cell, summarizing visits along three
axes: weekday/holiday (2 classes), hour of day (24 classes), and
length of stay (7 classes). Area2Vec is trained on these vectors, and
its output is used as the fixed visit pattern embedding 𝑧 (visit) , with ℓ
set to the area centroid. This modality captures behavioral features
such as stay tendencies and temporal usage patterns around each
location.

3.1.3 Satellite imagery. We use satellite images centered on each lo-
cation and encode them with RemoteCLIP [35], a model pretrained
on a large-scale satellite image corpus, to obtain 𝑧 (sat) . The coor-
dinate ℓ is set to the image center. This modality captures visual
features of the urban surface, such as building shapes, building
density, and road patterns.

3.2 Multimodal Alignment Learning
3.2.1 LocationEncoder. The LocationEncoder 𝑓 must handle differ-
ences in spatial resolution and observation density acrossmodalities
while modeling multi-scale neighborhood relationships among co-
ordinates. Following CaLLiPer [14], we combine a grid positional
encoding (PE) [27] with a residual MLP:

𝑓 (𝑥,𝑦) = 𝑁𝑁 (𝑃𝐸 (𝑥,𝑦))

𝑃𝐸 (𝑥,𝑦) =
[
cos 𝑥

𝛼0
, sin 𝑥

𝛼0
, cos 𝑦

𝛼0
, sin 𝑦

𝛼0
, · · · ,

cos 𝑥
𝛼𝑆−1

, sin 𝑥
𝛼𝑆−1

, cos 𝑦

𝛼𝑆−1
, sin 𝑦

𝛼𝑆−1

]
𝛼𝑠 = 𝑟min ·

(
𝑟max
𝑟min

) 𝑠
𝑆−1

.

(1)

Here, (𝑥,𝑦) is a planar coordinate in meters, and 𝑁𝑁 is a fully
connected residual network (FC-Net). The hyperparameters 𝑟min,
𝑟max, and 𝑆 control the spatial frequency bands the encoder can
capture. The output is a 𝑑-dimensional representation that jointly
reflects global position and local neighborhood structure.

3.2.2 ModalityProjectors andModalityDecoders. EachModalityPro-
jector 𝑔 (𝑚) is an independent MLP with one hidden layer that
maps a𝑑𝑚-dimensional modality embedding into the𝑑-dimensional
shared latent space; the hidden dimension is 2𝑑𝑚 . Each Modality-
Decoder ℎ (𝑚) is structurally symmetric: it maps the 𝑑-dimensional
shared representation back to 𝑑𝑚 via a hidden layer of size 2𝑑𝑚 . We
apply L2 normalization to the decoder output.

3.2.3 Contrastive loss. For each pair (ℓ (𝑚)
𝑖

, 𝑧
(𝑚)
𝑖

), we obtain the
L2-normalized representations 𝒒 (𝑚)

𝑖
= normalize(𝑓 (ℓ (𝑚)

𝑖
)) and

𝒌 (𝑚)
𝑖

= normalize(𝑔 (𝑚) (𝑧 (𝑚)
𝑖

)). Using the other samples of the same

modality in the mini-batch as negatives, we define the location-to-
modality InfoNCE loss [38]:

L (𝑚)
𝑙→𝑚

= − 1
𝐵

𝐵∑︁
𝑖=1

log
exp(𝒒 (𝑚)⊤

𝑖
𝒌 (𝑚)
𝑖

/𝜏)∑𝐵
𝑗=1 exp(𝒒 (𝑚)⊤

𝑖
𝒌 (𝑚)
𝑗

/𝜏)
, (2)

where 𝜏 = 0.07 is the temperature and 𝐵 is the per-modality mini-
batch size. The reverse-direction loss L (𝑚)

𝑚→𝑙
is defined symmetri-

cally.

3.2.4 Reconstruction loss. To encourage the shared latent space
to retain modality-specific information and to support modality
completion, we train each ModalityDecoder on a stochastically
sampled input that is either the coordinate representation, the
modality representation, or their mean:

𝒖 (𝑚)
𝑖

= normalize
©­­«

(𝒌 (𝑚)

𝑖
+ 𝒒 (𝑚)

𝑖
)/2 w.p. 𝑝both

𝒒 (𝑚)
𝑖

w.p. 𝑝loc
𝒌 (𝑚)
𝑖

w.p. 𝑝mod

ª®®¬ , (3)

with 𝑝both = 0.50 and 𝑝loc = 𝑝mod = 0.25. This mixing trains the
decoder to recover the original embedding from either input alone
or from their mean. Using 𝑧 (𝑚)

𝑖
= 𝑧

(𝑚)
𝑖

/∥𝑧 (𝑚)
𝑖

∥2 as the target, the
reconstruction loss is the cosine distance

L (𝑚)
decode =

1
𝐵

𝐵∑︁
𝑖=1

(
1 − ℎ (𝑚) (𝒖 (𝑚)

𝑖
)⊤𝑧 (𝑚)

𝑖

)
. (4)

3.2.5 Total objective. The final loss averages the bidirectional con-
trastive losses and the reconstruction loss across modalities:

L =
1

|M|
∑︁

𝑚∈M

[
1
2

(
L (𝑚)

𝑙→𝑚
+ L (𝑚)

𝑚→𝑙

)
+ 𝜆decode L (𝑚)

decode

]
, (5)

where 𝜆decode balances the two terms. Because the contrastive loss
aligns eachmodalitywith the same coordinate representation, repre-
sentations of different modalities are aligned indirectly through this
common pivot, while the reconstruction loss preserves modality-
specific information within the shared space.

4 Experiments
We conduct experiments on two major urban areas in Japan, Osaka
and Nagoya. Both cities are core cities of their respective metropol-
itan areas and contain diverse spatial configurations, ranging from
dense city centers to suburban areas. They also provide suitable
testbeds because relevant urban indicator datasets are available for
both cities. All geographic coordinates are projected into a planar
metric coordinate system using the Japan Plane Rectangular Coor-
dinate System (EPSG:6674 for Osaka and EPSG:6675 for Nagoya).
For each city, we collect three modalities and train a separate Lo-
cationBind model. We then evaluate the trained models on three
downstream tasks: missing-modality completion, cross-modal re-
trieval, and urban-indicator prediction.

4.1 Modality Datasets
For each city, we collect three urban modalities: POI text, visit
patterns, and satellite imagery. Table 1 summarizes the statistics of
the modality datasets. All modalities are associated with geographic
coordinates, but they differ in spatial unit and observation density:
POIs are point observations, visit patterns are aggregated on a 50 m

4
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Table 1: Statistics of each modality dataset and the input embeddings.

Modality Source and period Input embedding (dim.) Spatial unit Data volume (Osaka) Data volume (Nagoya)

POI text Foursquare [3], 2023 Sentence-BERT (768) Point 188,390 78,224
Visit pattern Blogwatcher [36], 2023 Area2Vec (64) 50 m grid 64,880 74,202
Satellite imagery Mapbox [37], 2025 RemoteCLIP (512) 250 m grid 4,320 6,096

grid, and satellite images are collected on a 250 m grid. This setting
reflects the heterogeneous nature of urban observations.

4.1.1 POI text. POI data are obtained from Foursquare [3]. Each
POI entry contains the POI name and a hierarchical category label
with up to five levels. We use the level-1 category as the major
category and the finest available category label as the subcategory,
and combine them with the POI name to construct a Japanese
text description for each POI. The resulting text is encoded by the
Japanese Sentence-BERT model [39], yielding a 768-dimensional
embedding for each POI. The geographic coordinate of each POI is
used as the corresponding location.

4.1.2 Visit pattern. Visit patterns are constructed from GPS-based
human stay logs provided by Blogwatcher [36]. Mobility logs from
consenting users are abstracted into stay records, each containing
latitude, longitude, stay start time, and length of stay. We aggregate
these records on a 50m grid and represent each grid cell by temporal
stay features. Area2Vec is then used to obtain a 64-dimensional
visit-pattern embedding for each grid cell. To protect user privacy
and avoid sparsely observed cells, grid cells with fewer than 100
visits are excluded when pretraining Area2Vec and LocationBind.

4.1.3 Satellite imagery. Satellite images are acquired using the
Mapbox API [37]. Each city is partitioned into a 250 m grid, and a
512 × 512 pixel image at zoom level 17 is downloaded for each grid
cell, using the grid centroid as the image center. Because historical
imagery matching the POI and mobility periods was not available,
we used 2025 imagery, the most recent available at the time of
collection. Following the RemoteCLIP preprocessing protocol [35],
images are resized to 224 × 224 pixels and encoded by RemoteCLIP
ViT-B/32, yielding a 512-dimensional image embedding.

4.2 Evaluation Tasks and Metrics
We evaluate LocationBind from three perspectives. The first two
tasks directly examine the quality of the shared cross-modal la-
tent space: missing-modality completion and cross-modal retrieval.
The third task, urban-indicator prediction, evaluates whether the
learned coordinate representations are also useful as general-purpose
features for standard urban analysis.

4.2.1 Missing-modality completion. Given a target modality𝑚 ∈
{poi, visit, sat} designated as missing, we evaluate whether its true
embedding 𝑧 (𝑚) can be reconstructed from the other observed
modalities. We use two splits. Random assigns samples uniformly
to five folds. Region applies 𝐾-means to the coordinates (𝑥,𝑦) to di-
vide each city into five contiguous regions and holds out one region
per fold. For each fold, we exclude only the held-out target-modality
samples, allowing the model to learn that modality’s projector and
decoder from the remaining samples without seeing the evaluation

embeddings. To complete the missing modality, for each target
location we retrieve the geographically nearest sample of each non-
missing modality, project these into the shared latent space via the
ModalityProjectors, average the projections, and pass the mean to
the ModalityDecoder ℎ (𝑚) to obtain 𝑧 (𝑚) . Although LocationBind
can in principle complete a modality from the geographic coordi-
nate alone, we restrict this experiment to the observed modalities,
for fair comparison with ImageBind and MoRA, which lack a co-
ordinate encoder. The evaluation metric is the cosine similarity
between 𝑧 (𝑚)

𝑖
and 𝑧 (𝑚)

𝑖
, averaged over five folds.

4.2.2 Cross-modal retrieval. Given a query in one modality, we
retrieve the corresponding instance in another modality within the
shared latent space. Since our training data contain only coordinate–
modality pairs and no explicit cross-modal pairs, we construct
evaluation pairs from geographic correspondence. For POI–Visit
pairs, we use isolated POIs to reduce ambiguous correspondences.
Specifically, we retain POIs with at least 100 stays within a 30 m
radius and no other POI within the same radius, aggregate the stays
into a temporal visit pattern, and encode it in the same Area2Vec
space used during training. For POI–Sat pairs, the POIs falling
within the 250 m bounding box of each satellite image tile are
taken as positives. For Visit–Sat pairs, the 50 m grid visit pattern
embeddings within the same bounding box are used as positives.
When a satellite tile contains multiple POIs or 50 m grid cells,
the POI text or visit-pattern embeddings are averaged to form the
paired representation. Both the query and candidate embeddings
are mapped into the shared latent space via the corresponding
ModalityProjector. For each positive pair, we sample 1,000 negatives
and report R@1 and R@10 based on cosine similarity.

4.2.3 Urban-indicator prediction. This task evaluates whether the
pretrained representations capture features useful for predicting ur-
ban indicators at each location. Following prior work on geographic
embedding evaluation [13, 14, 33, 35], we obtain a fixed representa-
tion for each 50 m grid cell and train a linear probe to predict the
indicators of that cell. For LocationBind, SatCLIP, and CaLLiPer, we
feed the centroid coordinate of each grid cell into the LocationEn-
coder. For GeoCLIP, we use its publicly released LocationEncoder.
For methods that cannot embed continuous coordinates [10, 33, 35],
we use the embedding for each discrete spatial unit, obtained from
a model pretrained on the same data as LocationBind, as input. We
evaluate three indicators, land use classification (LUC), population
regression (PR), and building height regression (BHR). LUC is an 11-
class classification problem evaluated by the Macro-F1 score, where
we remap land use survey data [40, 41] from each local government
into 11 unified classes on the 50 m grid. PR and BHR are regression
tasks evaluated by the root mean squared error (RMSE). The targets
are aggregated to the 50 m grid from the national census [42] for
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Table 2: Results of missing-modality completion. Each value is the mean ± standard deviation of cosine similarity (↑) over five
folds. POI, Visit, and Sat indicate the missing modality.

POI Visit Sat

City Model Random Region Random Region Random Region

Osaka
ImageBind 0.445 ± 0.006 0.423 ± 0.016 0.711 ± 0.008 0.706 ± 0.024 0.753 ± 0.004 0.740 ± 0.025
MoRA 0.466 ± 0.009 0.455 ± 0.030 0.714 ± 0.010 0.709 ± 0.029 0.742 ± 0.008 0.737 ± 0.044
LocationBind 0.642 ± 0.000 0.618 ± 0.021 0.814 ± 0.001 0.798 ± 0.015 0.818 ± 0.003 0.809 ± 0.039

Nagoya
ImageBind 0.423 ± 0.003 0.389 ± 0.007 0.634 ± 0.007 0.624 ± 0.040 0.746 ± 0.001 0.723 ± 0.019
MoRA 0.448 ± 0.004 0.428 ± 0.018 0.667 ± 0.011 0.652 ± 0.014 0.747 ± 0.004 0.735 ± 0.017
LocationBind 0.599 ± 0.001 0.562 ± 0.008 0.756 ± 0.001 0.738 ± 0.026 0.825 ± 0.002 0.812 ± 0.020

Table 3: Results of cross-modal retrieval. Each value is the Recall@k (↑) of retrieval.

Osaka Nagoya

POI–Visit POI–Sat Visit–Sat POI–Visit POI–Sat Visit–Sat

Model R@1 R@10 R@1 R@10 R@1 R@10 R@1 R@10 R@1 R@10 R@1 R@10

ImageBind 0.006 0.029 0.093 0.265 0.060 0.210 0.004 0.031 0.207 0.450 0.037 0.154
MoRA 0.007 0.052 0.021 0.107 0.017 0.098 0.010 0.068 0.017 0.081 0.009 0.061
LocationBind 0.013 0.075 0.331 0.619 0.614 0.866 0.019 0.119 0.392 0.674 0.450 0.750

population density and from PLATEAU [43] for the mean build-
ing height. Because of public-data availability constraints, some
indicator targets are not perfectly aligned in observation period
with the modality data used for pretraining; the exact years of each
source are listed in Table 9. PR and BHR targets are standardized
per city. For the linear probe, we use a linear classifier for LUC
and a linear regressor for PR and BHR. We evaluate two five-fold
splits. Random partitions 50 m grid cells uniformly at random, and
Region holds out one of five spatially contiguous regions per fold.
The same splits are applied to all methods, and we report the mean
and standard deviation over the five folds.

4.3 Baselines
For missing-modality completion and cross-modal retrieval, we use
ImageBind-style [15] and MoRA-style [33] baselines, both of which
embed multiple modalities into a shared latent space through an
anchor modality. ImageBind-style baseline uses satellite imagery
as the anchor and independently aligns, via contrastive learning,
the POIs falling within each satellite tile and the visit-pattern em-
beddings of the 50 m grid cells contained in that tile with the
corresponding satellite-image representation. MoRA-style baseline
uses human mobility as the anchor: it first pretrains LINE [44]
embeddings on a 50 m grid graph built from GPS data, and in the
contrastive phase feeds these LINE embeddings into a LightGCN en-
coder whose output is aligned with the embedding of each modality
associated with the same 50 m grid cell.

For urban-indicator prediction, we compare LocationBind against
representative geographic embeddingmethods. GeoCLIP [12] aligns
a location encoder with geotagged images such as street-level pho-
tos; we use its publicly released pretrained weights. SatCLIP [13]
learns a location encoder jointly with satellite image representa-
tions. CaLLiPer [14] contrastively aligns a location encoder with

POI text representations. We train SatCLIP and CaLLiPer on the
same modality data and use the same Grid+FC-Net location en-
coder and positional encoding hyperparameters as LocationBind.
We additionally include per-grid embeddings from Area2Vec [10]
and RemoteCLIP [35]. For MoRA, we map the LightGCN graph
embeddings learned in the contrastive phase onto the 50 m grid
and use them as input. All baselines use the same one-hidden-layer
projector as LocationBind, except for anchor modalities, which are
used directly.

4.4 Results
Table 2 reports missing-modality completion results. LocationBind
achieves the highest cosine similarity for both cities, all target
modalities, and both splits. The improvement is most pronounced
when the target is POI, and consistent gains are observed for Visit
and Sat. This indicates that the embedding of amissingmodality can
be reconstructed with high fidelity from observations of the other
modalities through the aligned shared latent space. The Region split
yields lower scores and larger variances than Random across all
methods, confirming that completing unobserved regions is harder
than Random missingness; even so, LocationBind retains a clear
advantage over the baselines.

Next, Table 3 reports cross-modal retrieval results. LocationBind
achieves the best recall for both cities, all modality pairs, and both
metrics. The improvement is most pronounced for POI–Sat and
Visit–Sat. The POI–Visit pair shows lower recall overall than the
pairs involving satellite imagery, likely because the correspondence
between POI semantics and visit patterns is less direct and is further
degraded by fine-grained GPS noise in the association between
facility-level POIs and nearby stays. Nevertheless, LocationBind
consistently outperforms ImageBind and MoRA across all modality
pairs, showing that coordinate-pivot alignment induces meaningful
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Table 4: Results of urban-indicator prediction. Each value is the mean ± standard deviation over five folds. LUC is evaluated by
Macro-F1 (↑), while PR and BHR are evaluated by RMSE (↓).

LUC (↑) PR (↓) BHR (↓)

City Model Random Region Random Region Random Region

Osaka

Area2Vec 0.326 ± 0.006 0.283 ± 0.020 0.855 ± 0.018 0.839 ± 0.132 0.873 ± 0.021 0.870 ± 0.212
RemoteCLIP 0.269 ± 0.004 0.212 ± 0.017 0.874 ± 0.021 0.840 ± 0.193 0.856 ± 0.023 0.858 ± 0.223
GeoCLIP 0.145 ± 0.001 0.073 ± 0.024 0.942 ± 0.021 0.926 ± 0.192 0.925 ± 0.021 0.956 ± 0.253
SatCLIP 0.265 ± 0.001 0.182 ± 0.010 0.897 ± 0.020 0.893 ± 0.147 0.888 ± 0.021 0.906 ± 0.235
CaLLiPer 0.280 ± 0.005 0.215 ± 0.017 0.900 ± 0.020 0.869 ± 0.184 0.910 ± 0.019 0.919 ± 0.241
MoRA 0.270 ± 0.003 0.192 ± 0.023 0.849 ± 0.018 0.860 ± 0.175 0.875 ± 0.021 0.902 ± 0.227
LocationBind 0.392 ± 0.007 0.342 ± 0.015 0.789 ± 0.018 0.762 ± 0.149 0.865 ± 0.021 0.890 ± 0.236

Nagoya

Area2Vec 0.325 ± 0.004 0.293 ± 0.014 0.894 ± 0.011 0.870 ± 0.165 0.869 ± 0.024 0.855 ± 0.246
RemoteCLIP 0.269 ± 0.004 0.204 ± 0.008 0.865 ± 0.009 0.841 ± 0.167 0.838 ± 0.024 0.844 ± 0.252
GeoCLIP 0.134 ± 0.001 0.055 ± 0.011 0.943 ± 0.010 0.940 ± 0.168 0.913 ± 0.026 0.926 ± 0.268
SatCLIP 0.246 ± 0.002 0.168 ± 0.012 0.903 ± 0.011 0.922 ± 0.152 0.883 ± 0.026 0.913 ± 0.257
CaLLiPer 0.237 ± 0.002 0.171 ± 0.015 0.932 ± 0.009 0.923 ± 0.164 0.929 ± 0.023 0.931 ± 0.256
MoRA 0.214 ± 0.003 0.124 ± 0.026 0.887 ± 0.010 0.932 ± 0.174 0.898 ± 0.025 0.983 ± 0.300
LocationBind 0.384 ± 0.005 0.319 ± 0.020 0.838 ± 0.010 0.822 ± 0.157 0.880 ± 0.026 0.888 ± 0.256

cross-modal correspondences among semantic, behavioral, and
visual urban modalities.

Finally, Table 4 reports the urban-indicator prediction results.
LocationBind achieves the best performance on LUC and PR across
both cities and both split settings. The gains are especially clear
for LUC, suggesting that the coordinate-pivot representation effec-
tively captures semantic information related to urban functions.
LocationBind also performs strongly on PR, indicating that the
shared representation retains socioeconomic signals associated
with population distribution. For BHR, RemoteCLIP achieves the
best performance in both cities and both splits, as building height
is a visually grounded indicator that RemoteCLIP encodes directly
from satellite-image features. Nevertheless, LocationBind remains
competitive on BHR while using a shared coordinate-pivot repre-
sentation that balances semantic, mobility, and visual information.
These results indicate that LocationBind is not specialized to a
single indicator, but provides a general-purpose coordinate repre-
sentation that supports both cross-modal reasoning and standard
urban prediction tasks.

4.5 Additional Analysis
4.5.1 Coordinate-onlyModality Completion. Themissing-modality
completion deliberately restricts the input to the observed modali-
ties, for fair comparison with ImageBind and MoRA, which have no
coordinate encoder. Here, we instead evaluate the capability that is
specific to coordinate-pivot models, recovering a modality embed-
ding from the geographic coordinate alone. For a target modality𝑚,
we feed only the coordinate representation 𝒒 (𝑚) = normalize(𝑓 (ℓ))
into the ModalityDecoder ℎ (𝑚) , i.e., the location-only branch (𝑝loc)
of the reconstruction objective in Eq. (3). We compare against
two types of coordinate-only baselines. Spatial NN returns the
embedding of the geographically nearest observed sample of the
target modality, and thus reflects the raw geographic-proximity
prior. Since CaLLiPer and SatCLIP are single-modality coordinate-
alignment methods that lack a decoder, we encode the query coor-
dinate with their location encoder and retrieve the target-modality

embedding of the nearest training sample in the aligned latent space.
Because each aligns coordinates with a single modality, CaLLiPer
applies only to POI and SatCLIP only to satellite imagery.

Table 5 shows that LocationBind outperforms every baseline on
all three target modalities under both splits. Two observations stand
out. First, LocationBind consistently exceeds Spatial NN, confirming
that the learned coordinate-pivot representation captures modality-
specific urban structure beyond what geographic proximity alone
provides. Second, this advantage widens under the harder Region
split: because it holds out entire contiguous areas, a proximity-
based estimate degrades sharply, whereas LocationBind degrades
far less, indicating that its gains cannot be explained solely by spatial
interpolation. The improvement is largest for POI and Visit. For
satellite imagery the margin is smaller, as RemoteCLIP embeddings
vary slowly over space and are therefore already well approximated
by spatial nearest neighbors.

4.5.2 Ablation Study. The training objective of LocationBind com-
prises a contrastive loss and a reconstruction loss. To examine
the contribution of each, we evaluate two ablations. w/o Decoder
removes the ModalityDecoders and the reconstruction loss, retain-
ing only the contrastive alignment between coordinates and each
modality. Since this variant has no decoder, completion is performed
by averaging the observed modality representations in the shared
latent space and returning the training sample of the target modal-
ity nearest to that mean. w/o CL removes the contrastive loss and
trains only the reconstruction loss, so each ModalityDecoder is
trained independently to reconstruct its modality embedding from
the geographic coordinate without any inter-modality alignment.

Table 6 reports the results. For missing-modality completion,
the Full Model achieves the best performance on all three target
modalities, indicating that completion requires both aligned shared
representations and modality-specific reconstruction. For cross-
modal retrieval, w/o Decoder slightly outperforms the Full Model,
especially on POI–Sat and Visit–Sat, whereas w/o CL performs
poorly across all modality pairs. This confirms that the contrastive
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Table 5: Results of coordinate-only modality completion. Each value is the cosine similarity (↑) averaged over the five folds and
over Osaka and Nagoya.

POI Visit Sat

Model Random Region Random Region Random Region

Spatial NN 0.500 0.374 0.742 0.659 0.823 0.748
CaLLiPer 0.481 0.361 – – – –
SatCLIP – – – – 0.825 0.751
LocationBind 0.615 0.567 0.795 0.754 0.849 0.814

Table 6: Results of the ablation study. Each value is the average over Osaka and Nagoya. Missing-modality completion reports
cosine similarity in the Region setting. Cross-modal retrieval reports R@10. For Urban-indicator prediction, LUC is Macro-F1,
while PR and BHR are RMSE, using the Region setting.

Missing-modality completion Cross-modal retrieval Urban-indicator prediction

Model POI (↑) Visit (↑) Sat (↑) POI–Visit (↑) POI–Sat (↑) Visit–Sat (↑) LUC (↑) PR (↓) BHR (↓)
w/o Decoder 0.417 0.688 0.745 0.097 0.678 0.817 0.315 0.794 0.899
w/o CL 0.492 0.562 0.749 0.013 0.032 0.020 0.214 0.832 0.855

Full Model 0.590 0.768 0.810 0.097 0.646 0.808 0.330 0.791 0.889

Table 7: Results of the zero-shot cross-city transfer experiment. Each value is the average over both transfer directions. Missing-
modality completion reports cosine similarity in the Region setting. Cross-modal retrieval reports R@10.

Missing-modality completion Cross-modal retrieval

Model POI Visit Sat POI–Visit POI–Sat Visit–Sat

ImageBind 0.404 0.672 0.731 0.016 0.029 0.066
MoRA 0.432 0.681 0.735 0.041 0.024 0.042

LocationBind 0.583 0.769 0.803 0.059 0.049 0.057

loss is essential for cross-modal alignment. For urban-indicator pre-
diction, the Full Model achieves the best performance on LUC and
PR, while w/o CL performs best on BHR. Overall, the two losses play
complementary roles. The contrastive loss is crucial for organizing
modalities into a shared latent space, while the reconstruction loss
enables modality completion and helps preserve information useful
for coordinate-based prediction. Although the Full Model is not the
single best on every metric, it provides the most balanced perfor-
mance across completion, retrieval, and urban-indicator prediction.

4.5.3 Cross-City Zero-Shot Transfer. The previous experiments
evaluate models on the same city used for training. To examine
whether the shared latent space generalizes beyond a single city,
we conduct a cross-city zero-shot transfer experiment: we apply a
model pretrained on all data from one city directly to all data from
the other, and evaluate on missing-modality completion and cross-
modal retrieval. Urban-indicator prediction is excluded because the
LocationEncoder is city-specific. We report results averaged over
the two transfer directions.

Table 7 shows the results. For missing-modality completion,
LocationBind is the best on all three modalities and maintains per-
formance close to the within-city setting, with the advantage over

the baselines preserved. This indicates that aligning modalities via
geographic coordinates captures partially transferable cross-modal
correspondences that do not rely on city-specific details, support-
ing the cross-city generalization of the learned shared latent space.
In contrast, the performance drop under transfer is noticeable for
cross-modal retrieval, especially on pairs that include Sat. Unlike
completion, which only requires local correspondence from the
observed modalities to the missing one, retrieval must identify
the positive among 1,000 negatives and is therefore sensitive to
the global structure of the latent space, making it vulnerable to
distributional differences between cities. Satellite imagery in par-
ticular differs substantially between cities in building style, density,
and color tone, so the pretrained encoder’s output may exhibit
city-specific bias, weakening the ModalityProjector’s alignment
in the target city. As a result, ImageBind surpasses LocationBind
on the Visit–Sat pair, as it anchors all modalities on the Remote-
CLIP satellite representation, whose large-scale pretraining yields
city-independent features. LocationBind, by contrast, optimizes all
modality representations without an explicit cross-city constraint,
leaving its shared space more susceptible to city-specific bias.
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Figure 3: Cross-modal pattern discovery. UMAP projection of 150 cluster centroids (50 per modality) in the shared latent space.

Query Visit Pattern Retrieved Top-100 POI Categories

(a) Visit Pattern to POI Text.

Retrieved Top-3 Satellite Imagery

Top-1 Top-2 Top-3

Query Visit Pattern

(b) Visit Pattern to Satellite Imagery.

Query Satellite Imagery Retrieved Top-100 Visit Pattern

(c) Satellite Imagery to Visit Pattern.

Figure 4: Cross-modal retrieval case studies.

5 Applications
5.1 Cross-modal Pattern Discovery
To examine whether the shared latent space encodes coherent cross-
modal structure, we cluster each modality independently into 50
clusters across POI text, visit patterns, and satellite imagery. We
compute the centroid of each cluster in the shared latent space and
project the 150 centroids jointly into two dimensions via UMAP. At
each projected position, we place a glyph summarizing the cluster: a
word cloud of representative POI categories, a 2×24 heatmap of the

” A place with a park.” Retrieved Top-5 Satellite Images

Retrieved Top-100 POI Categories Retrieved Top-100 Visit Patterns

Retrieved Top-5 Satellite Images

Retrieved Top-100 POI Categories Retrieved Top-100 Visit Patterns

Retrieved Top-5 Satellite Images

Retrieved Top-100 POI Categories Retrieved Top-100 Visit Patterns

” A place with a park.”
+

Figure 5: Compositional cross-modal retrieval.

mean visit pattern, or a medoid satellite image. The result is shown
in Figure 3. Clusters from different modalities that describe the
same kind of urban environment consistently lie in nearby regions
of the projected space. For example, the Nightlife / Evening-stay /
City-center region combines bar and izakaya POIs, evening-peaking
visit patterns, and densely built-up cores; Figure 3 annotates six
such patterns in total, ranging from Workplace / Weekday-long-
stay / Industrial to Shrine-park / All-day-stay / Greenery. Because
LocationBind is trained only on coordinate–modality pairs, these co-
locations emerge without any cross-modal supervision, indicating
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Figure 6: Compositional multimodal queries over locations in Nagoya.

that coordinate-pivot alignment alone organizes heterogeneous
modalities into semantically coherent patterns.

5.2 Cross-modal Retrieval Case Studies
Beyond aggregated patterns, the shared latent space supports re-
trieval from any modality to any other modality at the instance
level. Figure 4 shows three representative cases. In case (a), the
query is a visit pattern with sharp evening peaks. The top-100
retrieved POIs form a word cloud dominated by Wine Bar, Sake
Bar, Spanish Restaurant, and similar nightlife categories, indicat-
ing that the temporal signature is associated with food-and-drink
establishments. In case (b), the query is a visit pattern with short
stays concentrated in the morning and evening commute hours.
The top-3 retrieved satellite images show bridges, railway lines, and
arterial roads, consistent with commuting infrastructure. In case
(c), the query is a satellite image of a low-rise residential neighbor-
hood, and the top-100 retrieved visit patterns concentrate on long
overnight stays, matching the expected daily rhythm of residential
areas. These cases show that less directly interpretable modalities,
such as visit-pattern histograms or satellite tiles, become inter-
pretable through retrieval from a more human-readable modality
such as POI categories.

5.3 Compositional Cross-modal Queries
Because all modalities share a common latent space, queries can
be composed across modalities using simple vector operations. We
encode two queries via their ModalityProjectors: (i) the POI text
“A place with a park” and (ii) a visit pattern peaking on holiday
afternoons, and we take their normalized mean as a composed
query. For each of the two single-modality queries and their com-
position, we retrieve the nearest POI categories, visit patterns,
and satellite images (Figure 5), as well as the most similar 50 m
grid locations in Nagoya via the LocationEncoder (Figure 6). Each
single-modality query returns results consistent with its own se-
mantics. The POI-text query retrieves small neighborhood parks
and outdoor-landmark categories, concentrated on residential parks
scattered across the city, whereas the visit-pattern query retrieves
weekend-leisure venues such as coffee shops and large retail fa-
cilities, concentrated on commercial centers and transit hubs. The

composed query combines both aspects: it retrieves categories such
as Zoo, Museum, and Amusement Park and satellite images of urban
parks and cultural complexes, and its geographic heatmap (Figure 6)
concentrates on landmark green spaces such as the central park-
and-promenade district, the science-museum park, and the historic
castle grounds. The composed query thus localizes to places that are
simultaneously park-like and active on weekends, a combination
neither single-modality query can express alone, demonstrating
that compositional cross-modal queries arise naturally from the
shared latent space without any additional training objective.

6 Conclusion
We presented LocationBind, a coordinate-pivot framework that
aligns heterogeneous urban modalities into a shared latent space
from coordinate–modality pairs alone, combining contrastive align-
ment with modality reconstruction. Experiments showed that Loca-
tionBind outperforms baselines on most tasks and remains competi-
tive on the others across missing-modality completion, cross-modal
retrieval, and urban-indicator prediction. Case studies further illus-
trated that the learned space supports cross-modal pattern discov-
ery, instance-level retrieval, and compositional queries.

Several limitations remain. Cross-city retrieval, especially for
pairs involving satellite imagery, still suffers from distribution shifts
between cities. In addition, the current LocationEncoder represents
areal units only by their centroid coordinates. Future work will
address domain adaptation across cities, extend the model to ad-
ditional modalities such as street-view images and transportation
networks, and develop encoders that jointly handle continuous
coordinates and discrete spatial units.
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Table 8: Main hyperparameters used for LocationBind pre-
training. Values are shared by Osaka and Nagoya unless oth-
erwise noted.

Item Value

Shared latent dimension 𝑑 128
Coordinate system Planar coordinates in meters
LocationEncoder Grid PE + FC-Net
PE scales (𝑟min, 𝑟max, 𝑆 ) (50m, 20000m, 2048)
Projector hidden dimension 2𝑑𝑚
Decoder hidden dimension 2𝑑𝑚
Contrastive temperature 𝜏 0.07
Decoder loss weight 𝜆decode 1.0
Fusion probabilities 𝑝both = 0.50, 𝑝loc = 𝑝mod = 0.25
Optimizer AdamW [45]
LocationEncoder learning rate 10−5

Projector/Decoder learning rate 10−4

LocationEncoder/Decoder weight decay 0.1
Projector weight decay 0.5
Batch size per modality 128
Training epochs 100

A Training and Implementation Details of
LocationBind

We train LocationBind independently for Osaka and Nagoya using
identical configurations. As described in Section 3, the pretrained
ModalityEncoders are frozen, and only the LocationEncoder, Modal-
ityProjectors, and ModalityDecoders are optimized. The Locatio-
nEncoder is a grid positional encoding followed by an FC-Net; each
ModalityProjector maps a 𝑑𝑚-dimensional input into the shared
space (𝑑 = 128) through one hidden layer of size 2𝑑𝑚 , and each
ModalityDecoder is its symmetric counterpart with L2-normalized
output. During training, each mini-batch contains an equal number
of samples from all three modalities, drawn independently and
uniformly at random from each modality so that every modality
contributes equally to each optimization step.

We optimize with AdamW, using linear warmup followed by
cosine decay and separate learning rates for the LocationEncoder
and the projector/decoder modules. The full hyperparameter con-
figuration, shared by both cities, is listed in Table 8. By default, all
coordinate–modality pairs of a city are used for training; in the
missing-modality completion experiments the held-out fold of the
target modality is excluded, while the other modalities remain fully
observed (Appendix B).

B Details of the Missing-Modality Completion
Experiment

We use two 5-fold splits. Random partitions each modality’s samples
uniformly with a seed shared across methods. Region (Figure 7)
applies K-Means on the coordinates at the 250 m mesh level to
form five contiguous regions; POIs and 50 m (Visit) cells inherit
the region of their containing mesh, and one region is held out per
fold.

For each combination of a missing target modality𝑚 and a fold
𝑘 , the model is trained with the samples of𝑚 that belong to fold 𝑘
excluded from the pretraining data. The non-target modalities are

NagoyaOsaka

Figure 7: Mapping of region splits.

used as observed modalities with their data from all regions. There-
fore, the ground truth embeddings of the missing modality used
for evaluation are not used during training of the corresponding
fold. These fold splits and training data exclusion settings are also
applied identically to the baseline methods ImageBind and MoRA.

The evaluation set and the candidate set for nearest-neighbor-
based completion in fold 𝑘 are defined as follows. Here, split(𝑖,𝑚) ∈
{1, . . . , 5} is the function that indicates the fold to which sample 𝑖
belongs in the 5-fold split of modality𝑚.

𝐼 (𝑚) = {1, 2, . . . , 𝑁𝑚},

𝑇𝑚,𝑘 = {𝑖 ∈ 𝐼 (𝑚) | split(𝑖,𝑚) = 𝑘}, (6)

𝐶𝑚,𝑘 = 𝐼 (𝑚) \𝑇𝑚,𝑘 .

Here, 𝐼 (𝑚) is the index set of all samples for modality𝑚. The candi-
date set𝐶𝑚,𝑘 corresponds to the index set of the remaining samples
used for training. In nearest neighbor based completion, retrieval
candidates are restricted to the samples corresponding to𝐶𝑚,𝑘 , and
the ground truth samples in the evaluation fold are excluded from
the candidates.

Let ℓ (𝑚)
𝑖

denote the coordinate of an evaluation sample 𝑖 ∈ 𝑇𝑚,𝑘 .
For each observed modality𝑚′ ∈ M \ {𝑚}, we retrieve the sample
of𝑚′ that is closest to ℓ (𝑚)

𝑖
.

𝑗∗ (𝑖,𝑚′) = arg min
𝑗∈𝐼 (𝑚′ )

| |ℓ (𝑚)
𝑖

− ℓ (𝑚
′ )

𝑗
| |2 . (7)

In this experiment, no maximum search radius is set, and the single
nearest neighbor is used from each observedmodality. The retrieved
original embeddings are projected into the shared latent space by
the Projector of each method, L2 normalized, and then averaged.

𝑠𝑖 = normalize ©­« 1
|M| − 1

∑︁
𝑚′∈M\{𝑚}

𝑔 (𝑚
′ )
(
𝑧
(𝑚′ )
𝑗∗ (𝑖,𝑚′ )

)ª®¬
This 𝑠𝑖 is used as the query representation for estimating themissing
target modality𝑚. For fair comparison, the geographic coordinate
representation obtained from the LocationEncoder is not used as
input for completion.

Since LocationBind has a ModalityDecoder, 𝑠𝑖 , which is com-
posed only of the observed modalities, is fed into the decoder ℎ (𝑚)

12



1393

1394

1395

1396

1397

1398

1399

1400

1401

1402

1403

1404

1405

1406

1407

1408

1409

1410

1411

1412

1413

1414

1415

1416

1417

1418

1419

1420

1421

1422

1423

1424

1425

1426

1427

1428

1429

1430

1431

1432

1433

1434

1435

1436

1437

1438

1439

1440

1441

1442

1443

1444

1445

1446

1447

1448

1449

1450

LocationBind: Coordinate-Pivot Alignment of Heterogeneous Urban Modalities in a Unified Latent Space SIGSPATIAL ’26, November 03–06, 2026, Riverside, CA, USA

1451

1452

1453

1454

1455

1456

1457

1458

1459

1460

1461

1462

1463

1464

1465

1466

1467

1468

1469

1470

1471

1472

1473

1474

1475

1476

1477

1478

1479

1480

1481

1482

1483

1484

1485

1486

1487

1488

1489

1490

1491

1492

1493

1494

1495

1496

1497

1498

1499

1500

1501

1502

1503

1504

1505

1506

1507

1508

of the missing target modality.

𝑧
(𝑚)
𝑖

= ℎ (𝑚) (𝑠𝑖 )
In contrast, since ImageBind and MoRA do not have a decoder

in this experimental setting, the training candidate set 𝐶𝑚,𝑘 of the
missing target modality𝑚 is projected into the shared latent space,
and the original embedding of the candidate most similar to 𝑠𝑖 is
used as the completion result.

𝑗† = arg max
𝑗∈𝐶𝑚,𝑘

𝑠⊤𝑖 normalize
(
𝑔 (𝑚) (𝑧 (𝑚)

𝑗
)
)
, 𝑧

(𝑚)
𝑖

= 𝑧
(𝑚)
𝑗†

For modalities without a Projector, such as the satellite image an-
chor in ImageBind, the L2 normalized original embedding is treated
as the representation in the shared latent space. We report the mean
and standard deviation, over the five folds, of the cosine similarity
between 𝑧 (𝑚)

𝑖
and 𝑧 (𝑚)

𝑖
.

C Details of the Cross-Modal Retrieval
Experiment

In this section, we describe the details of the cross-modal retrieval
experiment. Unlike the missing-modality completion experiment,
in cross-modal retrieval, no per-fold exclusion is performed, and a
single model trained on all data from each city is used for evaluation.
The evaluation targets are the three pairs of POI–Visit, POI–Sat,
and Visit–Sat.

Let the set of positive pairs be P𝑎,𝑏 = {(𝑧 (𝑎)
𝑖
, 𝑧

(𝑏 )
𝑖

)}𝑁𝑎,𝑏

𝑖=1 . For each
pair, bidirectional retrieval is performed. The original embeddings
are projected into the shared latent space by the Projector of each
method and L2 normalized.

𝑢
(𝑎)
𝑖

= normalize
(
𝑔 (𝑎) (𝑧 (𝑎)

𝑖
)
)
,

𝑣
(𝑏 )
𝑖

= normalize
(
𝑔 (𝑏 ) (𝑧 (𝑏 )

𝑖
)
)

For modalities without a Projector, such as the satellite image an-
chor in ImageBind, the L2 normalized original embedding is used
as the representation in the shared latent space.

For each query, a candidate set of 1,001 instances is constructed,
consisting of one positive and 1,000 randomly sampled negatives.
Negatives are sampled from the candidate side of the same pair set
after excluding the positive, and all methods use the same positive-
pair construction and evaluation settings. For each modality pair,
bidirectional retrieval is performed in both 𝑎 → 𝑏 and 𝑏 → 𝑎, and
Recall@1 and Recall@10 aggregated at the pair level are reported.

LocationBind, ImageBind, and MoRA are compared under the
same retrieval pairs, candidate set, and negative sampling condi-
tions. For LocationBind, the output of the ModalityProjector of
each modality is used, and the Decoder is not used at retrieval time.
For MoRA, the shared space learned with the mobility graph as
the anchor is used, and at retrieval time, only the representations
obtained by projecting each of the POI, Visit, and Sat modalities
with the Projector are used.

D Details of the Urban-Indicator Prediction
Experiment

In this section, we describe the details of the urban-indicator predic-
tion experiment. This experiment uses the 50 m grid representation
of each model as a fixed feature to predict three indicators. The

Table 9: Datasets used in the urban-indicator prediction ex-
periment.

City Task Source Year Spatial unit # Instances

Osaka
LUC [40] 2022 50 m grid 81,998
PR [42] 2020 50 m grid 81,998
BHR [43] 2024 50 m grid 81,998

Nagoya
LUC [41] 2021 50 m grid 125,741
PR [42] 2020 50 m grid 125,741
BHR [43] 2022 50 m grid 125,741

Table 10: The 11 land use classes used in the LUC task.

Land use class # Meshes (Nagoya) # Meshes (Osaka)
Business 3,353 8,743
Industrial 10,948 7,213
Educational facility 5,213 3,714
Cultural and religious 3,054 1,041
Medical 1,693 839
Commercial 5,268 4,199
Residential 44,694 26,225
Park 8,460 5,336
Road and railway 21,977 16,476
Farmland, forest, and river 14,335 377
Other 6,746 7,835
Total 125,741 81,998

task datasets are summarized in Table 9, and the 11 LUC classes are
summarized in Table 10. PR and BHR targets are standardized per
city before computing RMSE.

For input features, for LocationBind, SatCLIP, and CaLLiPer, the
representative coordinate of each 50 m grid is fed into the Locatio-
nEncoder to obtain the geographic coordinate representation. For
GeoCLIP, latitude and longitude are fed into the publicly available
LocationEncoder. Area2Vec, RemoteCLIP, and MoRA use precom-
puted mesh representations. For Area2Vec, we use the visit pattern
embedding of the 50 m grid. For RemoteCLIP, we use the image
embedding of the 250 m satellite image tile assigned to the corre-
sponding 50 m grid. For MoRA, we use the region representations
learned with the mobility graph as the anchor.

For the downstream predictor, all models use a linear probe.
For LUC, the probe is a linear classifier with output dimension 11,
trained with cross-entropy loss, and evaluated by Macro-F1. For PR
and BHR, the probe is a linear regressor with output dimension 1,
trained with mean squared error loss, and evaluated by RMSE. We
use AdamW for optimization, with a learning rate of 1.0 × 10−4, a
weight decay of 1.0 × 10−1, a batch size of 128, and 100 epochs.

We use two five-fold splits. In the Random split, 50 m grid cells
are partitioned uniformly at random. In the Region split, we use the
five-region partition shown in Figure 7; each fold uses four regions
for training and the remaining region for testing. The same split
assignment is applied to all models, and we report the mean and
standard deviation over the five folds.
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