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Abstract

Accurately predicting fine-grained urban mobility is essential for optimiz-
ing transportation, accessibility, and urban management. However, exist-
ing approaches often depend on dynamic data such as trajectories or sig-
naling records, which are sparsely available across cities, thereby limiting
their applicability and generalizability to new urban contexts. To address
these limitations, this study proposes a Large Model Enhanced Multimodal
Representations (LMEMR) framework to learn hourly grid-level mobility
dynamics solely from static geospatial data—including remote sensing im-
agery, building data, street view imagery, and points of interest—which
are widely accessible. Large vision—language models are employed to gener-
ate natural-language descriptions of each modality, enriching the data with
human-understandable semantics. A dual-level contrastive learning strategy
aligns raw and textual features both within and across modalities, mitigating
semantic gaps and enhancing multimodal consistency. Spatial dependencies
are modeled through a graph attention network, and temporal dynamics are
captured via a transformer encoder to produce 24-hour mobility sequences.
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Results from Shenzhen demonstrate that LMEMR outperforms the baseline
CLIP model, achieving an R? of 0.856 and an 18.07% reduction in MAE. Ab-
lation experiments confirm the effectiveness of semantic enhancement, spatial
graph reasoning, and cross-modal fusion. Overall, this research reveals the
potential of static multimodal data for dynamic mobility inference, offering a
scalable, interpretable, and privacy-friendly solution for smart city planning
and management.

Keywords: Urban mobility prediction, Multimodal learning,
Vision-language models, Contrastive learning, Graph attention networks

1. Introduction

Cities are inherently dynamic systems shaped by continuous human move-
ment, interaction, and adaptation. This dynamic nature is most directly re-
flected in urban mobility patterns, which describe how people travel through
the city throughout the day. In this study, urban mobility patterns are de-
fined as the temporal sequence of outbound flows within grids over a 24-hour
period [1, 2]. Understanding and predicting these patterns is fundamental
for effective transportation management, equitable allocation of public ser-
vices, and resilient urban planning [3]. Accurate modeling of urban mobility
provides essential information for optimizing transit operations, mitigating
congestion, and designing cities that can adapt to daily fluctuations and
long-term changes in human activity [4].

Despite extensive research on urban activity modeling, most existing ap-
proaches remain limited to activity prediction or functional classification,
without systematically characterizing the fine-grained temporal evolution of
urban mobility [5, 6, 7|. Large-scale geographic datasets commonly avail-
able for urban analysis—such as remote sensing imagery (RSI), street view
imagery (SVI), building data, and points of interest (POI)—are essentially
static. In contrast to trajectory or signaling data that track real-time ur-
ban mobility dynamics, static spatial data provide distinct benefits in terms
of wide availability, spatial coverage, and cross-temporal transferability [§].
These datasets record the physical form and functional attributes of the built
environment, but do not directly capture the temporal dynamics of residents’
travel demand [9]. To bridge this gap, this study aims to develop a framework
that integrates multi-source static geographic data—which is widely accessi-
ble across cities—to accurately infer hourly, grid-level outbound flows.
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Previous research has shown that static geographic data have the poten-
tial to reveal certain dynamic patterns of human activity. For example, POI
data, which reflect the spatial distribution of urban functional areas, have
been widely used to predict human mobility and regional activity levels [10].
Jiang et al. proposed a transfer learning method based on POI embeddings
and deep learning, which achieved significant improvements in the prediction
of human mobility in cities [11]. Meanwhile, RSI provides objective infor-
mation on the physical environment, such as building density, green space,
and road networks. These features have the potential to infer human ac-
tivity patterns from urban morphology [12, 13]. Complementarily, SVI pro-
vide finer-grained representations of the city from a human perspective [14].
SVI captures details such as amenities, building fagades, and cultural styles,
revealing urban functions and reflecting mobility patterns on streets with
similar functions [15, 16]. Zhang et al. showed that combining high-level
semantic features from SVI via deep convolutional neural networks with taxi
mobility data can effectively forecast hourly taxi demand [17].

Nevertheless, three major challenges remain to be addressed. First, se-
mantic representation is insufficient. Previous methods mainly depend on
low-level features, such as pixel values, lacking high-level semantic under-
standing of regional functions and behavioral implications. For example,
high-density built-up areas can correspond to residential neighborhoods or in-
dustrial parks, exhibiting drastically different mobility patterns—distinctions
that raw visual or structural features cannot capture [18|. Second, fusing het-
erogeneous modalities remains challenging. RSI, SVI, building, and POI data
differ fundamentally in form and semantics. A naive concatenation method
often introduces noise and semantic shifts, affecting the robustness and gener-
alization of the model [19, 20]. Third, spatial neighborhood dependencies are
often underexplored. Urban mobility patterns are influenced not only by the
intrinsic attributes of a grid but also by the functions and transport facilities
of its surrounding context. For example, residential grids adjacent to metro
stations experience substantial demand surges during morning peaks—yet
such non-local dependencies are difficult to capture without explicit spatial
graph structures [21].

To address these challenges, we propose the Large Model Enhanced Mul-
timodal Representations (LMEMR) framework, which transforms static mul-
timodal geospatial data into dynamic representations of human mobility.
LMEMR consists of three key modules that correspond to the identified
challenges: (i) To enhance semantic representation, a multimodal semantic

3
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enhancement module leverages large vision—language models (VLMs/LLMs)
to enrich the high-level semantics of RSI, building, SVI, and POI data; ()
To improve multimodal fusion, a cross-modal fusion module aligns modality-
specific embeddings through contrastive learning and attention-based inte-
gration for hourly mobility prediction; and (4ii) To capture spatial dependen-
cies, a spatial-context representation learning module employs a graph atten-
tion network (GAT) to model local and non-local neighborhood interactions.
By jointly encoding semantic, spatial and multimodal features, LMEMR en-
ables an interpretable and accurate inference of fine-grained urban mobility
patterns.

2. Related Work

2.1. Urban Mobility Pattern Prediction

Driven by urban big data, urban mobility prediction has evolved from ag-
gregate estimation to fine-grained spatiotemporal forecasting [22, 23|. Exist-
ing research generally falls into three categories: short-term demand, origin—
destination (OD) flow, and mobility pattern prediction. Short-term demand
prediction focuses on immediate variations, where CNN-LSTM architectures
have proven effective in capturing nonlinear dependencies for applications
like metro and ride-hailing forecasting |24, 25]. OD flow prediction models
dynamic interzonal interactions. While traditional gravity models laid the
foundation, recent graph-based and attention-driven networks have signifi-
cantly improved large-scale estimation |26, 27].

Mobility pattern prediction aims to reconstruct fine-grained temporal
rhythms. Arenas et al. identified distinct patterns for functional zones us-
ing clustering [28], while recent works employ Transformer and GCNs to
model spatiotemporal dependencies [29]. To explain behavioral differences,
semantic data (POIs, SVI) have been integrated via knowledge graphs [30] or
geographic-semantic GCNs [31]. Recent advances also explore LLM-powered
semantic synthesis for dynamic mobility prediction [32] and deep learning
approaches for predicting mobility flows directly from satellite imagery [33].
This research line shifts focus from aggregate demand to understanding struc-
tural mobility regularities linking the built environment with human dynam-
ics; however, most existing methods still rely on dynamic data, leaving static-
only mobility inference largely unexplored.
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2.2. Multimodal Fusion for Geospatial Data
Multimodal fusion of geospatial data (RSI, Building, SVI, POI) has be-

come central to urban computing |34, 35]. Research has shifted from single-
modal classification [36] to integrating multiple sources for tasks like func-
tional zone identification [37]. Recent advances in GNNs and contrastive
learning facilitate joint modeling of heterogeneous data, enhancing regional
representations [38] and mitigating label scarcity [39]. Current progress fo-
cuses on cross-modal semantic alignment [40], multi-level spatial graph mod-
eling [41], and contrastive strategies for consistency [42].

Existing fusion methods are generally categorized as feature-based, alignment-

based, or contrast-based. Feature-based concatenation often lacks semantic
alignment and generalization [43|. Alignment-based methods map modalities
to shared spaces but can be sensitive to noise [44]. Contrast-based frame-
works explicitly enforce cross-modal consistency, offering robust generaliza-
tion across heterogeneous data [45, 46]. Recent stochastic multimodal fusion
approaches [47] and multi-scale contrastive learning frameworks [48] further
enhance robust spatial representations across diverse urban tasks. These
efforts mark a shift toward semantically aligned and structurally informed
integration, yet few adopt a dual-level (intra- and inter-modal) contrastive
strategy.

2.3. Semantic Representation of Geospatial Data

Despite data growth, urban models struggle with the semantic gap—
the disconnect between low-level features and high-level human concepts [49,
50]. Traditional representations (e.g., spectral indices) lack behavioral mean-
ing [51]. While POI embeddings [52] and land-use classification [53| offer
partial solutions, they are limited by fixed taxonomies and lack contextual
flexibility. Consequently, models often describe where activities occur with-
out explaining why.

To bridge this gap, recent studies integrate natural-language priors. Large
multimodal models (e.g., CLIP, Qwen-VL) enable vision-language align-
ment, reshaping spatial representation [54, 55, 56]. This “GeoAl + LLM”
trend facilitates tasks like image annotation and knowledge extraction [57].
Benchmarks for evaluating VLMs on urban scene perception [58] reveal that
models achieve stronger alignment on objective properties than subjective
appraisals. Contrastive learning further aligns embeddings in a unified se-
mantic space [59]. Building on these developments, our work employs VLMs
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to generate textual descriptions from geospatial inputs and aligns them with
spatial features via contrastive learning for mobility modeling.

3. Methodology

3.1. Problem Formulation and Notations

This study addresses the task of inferring fine-grained urban mobility
dynamics from static geospatial data. Let G = {g1, g2, ..., gn} denote a set
of N non-overlapping urban grids partitioning the study area, where each
grid corresponds to a spatial unit of size 500 m x 500 m. For each grid g;, the
input comprises multimodal static geospatial data from four modalities:

Xi _ {er Xbld Xsyl XPOI} 7 (1>

(N )

where x™ x4 x5V "and x? ° denote remote sensing imagery, building height

maps, street view 1mages, and POI feature vectors, respectively. The model
predicts a 24-hour mobility sequence y; = [§i1, Jiz2, - - -, Ui24] € R*! for each
grid, where g; ; denotes the predicted outbound flow volume at hour ¢. Given
a training set {(X;, y;)}¥,, the model learns a mapping function fy : X — y
by minimizing the prediction error:

:ZZ yztayzt (2)

where £(-, ) denotes a suitable loss function.
Table 1 summarizes the key notations used throughout the methodology.

3.2. Overview of LMEMR

The proposed LMEMR establishes a framework that transforms static
multimodal geospatial data into dynamic representations of human mobil-
ity, as shown in Fig. 1. The LMEMR comprises three key components.
(i) The Multimodal Semantic Enhancement module uses VLMs/LLMs to
enhance the semantic representation of RSI, building, SVI, and POI data.
(i) The Graph-Enhanced Spatial-Context Learning module models spatial
relationships through GATs to capture both local and non-local neighbor-
hood dependencies. (i7) The Cross-Modal Fusion and Temporal Modeling
module integrates multimodal features via attention-based fusion and pre-
dicts 24-hour grid-level mobility sequences using a Transformer encoder. By
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Table 1: Summary of main notations.

Symbol Definition

M = {rsi, bld, svi,poi}  Set of data modalities.

x;", s Raw input and textual description for grid ¢ and
modality m.

E™(), E() Spatial and semantic encoders for modality m.
H™, H™ Intra-modally aligned and graph-enhanced feature
matrices for modality m.

Z; Cross-modally fused embedding for grid «.
Uit Predicted outbound flow for grid ¢ at hour ¢.
Leta, Lreg, L1, Classification, regression, and contrastive losses.
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Figure 1: Overview of the proposed LMEMR. The framework consists of three modules:
(a) multimodal semantic enhancement, (b) spatial-contextual representation learning, and
(¢) cross-modal fusion with temporal modeling.

combining semantic alignment, graph-based spatial reasoning, and temporal
sequence modeling, LMEMR enables interpretable high-fidelity inference of
fine-grained urban mobility dynamics from static multimodal data.
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3.8. Multimodal Semantic Enhancement

This module enriches the semantic expressiveness of static geospatial data
by aligning raw spatial features with text-derived semantics. The process
consists of two stages: (i) Semantic enrichment, utilizing VLMs to generate
descriptive text for each modality; and (i) Intra-modal alignment, bridging
the gap between spatial and semantic representations to capture behavior-
related urban patterns.

3.8.1. Semantic Enrichment of Multimodal Geospatial Data

As shown in Fig. 2, each 500 m x 500 m grid is characterized by four be-
haviorally informative modalities. RSI captures large-scale morphological
cues (e.g., layouts, vegetation), while Building height maps reflect vertical
urban intensity and trip-generation potential. SVI offers human-scale visual
attributes, sampled via 20 random images per grid. For grids with sparse
road networks containing fewer than 20 available images, oversampling with
replacement is applied to maintain consistent input dimensions while preserv-
ing realistic visual features. POI vectors describe functional composition and
accessibility. Although rich in structural data, these modalities lack explicit
semantic abstraction, limiting the model’s ability to interpret high-level con-
cepts like “commercial corridors.”

To address this, we leverage VLMs to inject interpretable semantic pri-
ors into the spatial representation [60]. Specifically, Qwen-VL processes vi-
sual inputs (RSI, Building, SVI) for its strong visual understanding, while
DeepSeek-R1 handles structured POI data via chain-of-thought reasoning
that first analyzes category distributions and then synthesizes functional de-
scriptions. These models serve as plug-and-play components that can be
replaced by alternatives without architectural changes (see Table 8 for a sys-
tematic comparison). A unified three-level instruction prompt guides the
generation of multi-dimensional urban semantics: (i) land features and func-
tional zoning; (ii) estimated activity intensity (0-100); and (iii) predicted
24-hour departure trends (0—1). The resulting descriptions are encoded via
Qwen3-Embedding for subsequent alignment.

3.8.2. Intra-modal Representation Alignment

This phase aligns VLM-derived semantics with original spatial features
to ensure consistency. It proceeds through dual-branch encoding, contrastive
alignment, and feature fusion.



201

202

203

204

205

206

207

208

210

211

E As an urban mobility expert, analyze geographic data
! (remote sensing images, building images, street view
 images, and the quantity and distribution of POls),
+E describe the distribution of land features and functional

Qwen-VL

9
g

Hel

w4

Deepseek R1

zoning,
and predict the 24-hour trend of
residents’ travel departure volume (0—1).

N B

' Semantic description

3

This area is a high—-density mixed—-use zone with tightly
packed buildings, including numerous residential
complexes, and commercial facilities. The green spaces
and road networks are well-developed, and residents
have a high demand for mobility. The intensity score is
85,

<

e R

Figure 2: Illustration of text generation using LLMs/VLMs. Multiple models are employed
to generate natural-language descriptions from multimodal geospatial data inputs.

Dual-branch Encoding. For each modality m € {rsi, bld, svi, poi}, we extract
parallel representations from the spatial input x]* and textual description s}".
The spatial encoder E™(-) maps x to latent vector £ € R4 . Specifically,
we employ a pre-trained ResNet-152 [61] for image-based modalities and an
MLP for POI vectors. Simultaneously, the semantic encoder E{™(-) (Qwen3-
Embedding [62]) processes s to produce g™ € R%. The pair (f™, g") thus
encodes the grid from both physical and semantic perspectives.

Intra-modal Contrastive Alignment. To unify these branches, we employ a
bidirectional contrastive framework [63| (Fig. 3). For all N grids, the pair

(f™, gl") constitutes a positive sample, while mismatched pairs (£, g}”)#j

serve as negatives. We define directional similarity distributions as:

exp(cos (", g;”)/T)
fozl exp(cos(f™, g)/7) ’
exp(cos(g!", fjm)/T)
fozl exp(cos(gr", £)/7) ’

9

mo
Pisj =

m
4i—; =
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Figure 3: Architecture of the intra-modal contrastive alignment and feature fusion module.

where 7 is the temperature coefficient. The bidirectional InfoNCE loss en-
forces mutual alignment:

N
1
Linea =~ x5 > [logp?ii + log ql’-ii]- (4)
i=1
This optimization creates a coherent latent space where spatial and textual
features mutually reinforce each other.

Intra-modal Feature Fusion. Post-alignment, we integrate the branches using
channel-wise similarity retrieval [60]. Let F™ and G™ denote the stacked spa-
tial and semantic embeddings. We project these into subspaces via g, ¥, ¥,
to compute a similarity matrix:

S™ = rowsoftmax ((¢,(F™)) "¢r(G™)) . (5)
The aligned representation H™ is obtained via residual fusion:
H” = (¢, (G™)S™) @ F™, (6)
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where w® is a learnable transformation. The resulting H™ preserves geometric
structure while incorporating high-level semantics, preparing robust inputs
for cross-modal fusion.

3.4. Spatial-Contextual Representation Learning

Following intra-modal alignment, we address the spatial dependencies in-
herent in urban environments. Nearby grids often exhibit strong correlations
in morphology and function due to the continuity of the built environment
and socioeconomic interactions [64]. To capture these contextual relation-
ships, we employ a graph-based neural network to model spatial dependencies
among grids, as illustrated in Fig. 1. The process consists of two key stages:
(i) Graph construction and initialization, which establishes a shared spatial
graph topology with modality-specific node features; and (ii) Attention-based
Spatial Aggregation, which leverages GAT to adaptively propagate and ag-
gregate contextual features from local neighborhoods.

3.4.1. Graph construction and initialization
To explicitly model such spatial relations, we construct a spatial graph
g™ = (Y™, EM) for each data modality m € {rsi, bld, svi, poi}, sharing the

same adjacency topology across modalities while initializing nodes with modality-

specific features. Each node v["e V"™ corresponds to an urban grid, and each

edge (vi",vj") € E™ encodes the spatial adjacency between two grids. The
node v]" is initialized with the intra-modally aligned embedding h{" obtained
from the previous stage. The node feature matrix for the modality m is

expressed as
HO™ = [h", hy', ... hy] " e RM*%, (7)

where NN is the number of urban grids and d; is the embedding dimension.
Spatial relationships are encoded in an adjacency matrix A™ € RV Y where
Afr = 1if the grids ¢ and j are spatially adjacent (e.g., share a boundary)
and A7} = 0 otherwise. This shared graph topology, combined with modality-
specific node features, provides the foundation for capturing spatial context
and non-local dependencies in the subsequent graph-based representation
learning. We denote the updated graph-enhanced representation as H™ =
[(h hy, ... h]’.

3.4.2. Attention-based Spatial Aggregation
For each modality, we adopt a GAT [65] to adaptively propagate con-
textual information among neighboring grids. As shown in Fig. 1, three

11
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stacked GATResBlocks are employed to deepen the receptive field and cap-
ture multi-scale spatial dependencies. At the [-th layer, the hidden state is
first normalized and then passed through a graph attention operator:

b = GELU( 3 az Wmh{"™ |, 8)
JEN@)

where (i) = {j | Aj} = 1}, W™ is a learnable weight matrix, and the
attention coefficients o} are normalized using a softmax function:
;i = softmaxjenr(;) <LeakyReLU((am)T[Wmhgl’m) |

9
wrh( ™)), Y

with a™ being a learnable attention vector and | denoting the concatenation
of features. Dropout and residual connections are applied to stabilize training
and enhance convergence.

B0 — B+ Dropout(h{ ™). o)

This attention-based residual design (denoted as GATResBlock) allows the
network to dynamically assign importance weights to neighboring nodes, ef-
fectively capturing multi-scale spatial dependencies across different modali-
ties.

3.5. Cross-modal Fusion and Temporal Modeling

After obtaining semantically aligned and spatially contextualized embed-
dings for each modality, the next step is to perform cross-modal fusion and
learn the temporal dynamics of human mobility. This stage aims to (i)
achieve inter-modal semantic consistency through contrastive learning, (ii)
integrate complementary multimodal features via attention-based fusion, and
(iii) model 24-hour temporal variations using a Transformer-based sequence
encoder.

3.5.1. Inter-modal Contrastive Learning

Although intra-modal alignment ensures semantic consistency within each
individual modality, the embeddings of different modalities (e.g., RSI, build-
ing, SVI, and POI) may still reside in heterogeneous latent spaces. To unify

12



279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

300

301

302

303

304

305

306

307

these representations, we design an inter-modal contrastive learning frame-
work that encourages cross-modal correspondence among semantically re-
lated regions.

Specifically, for any pair of modalities (m, n), we regard the graph-enhanced
embeddings I~1§” and fl? corresponding to the same spatial location 7 as a pos-
itive pair, while embeddings from different locations (ﬁg”,ﬁ?) (1 # j) serve
as negative pairs. Following the contrastive paradigm introduced in Sec-
tion 3.3.2, we compute pairwise similarities between modality-specific em-
beddings using cosine similarity and apply softmax normalization across all
N grids. The bidirectional InfoNCE objective is then formulated as:

) = TN & [logpﬁ;”) +log qz-(f:Z”)], (11)
where pgﬁ;n) and qz(izn) denote the normalized similarity probabilities from

the modality m to n and n to m, respectively, and 7 is the shared temperature
coefficient that controls the sharpness of the distribution.

3.5.2. Multimodal Fusion

Let {ﬁrSi, Hbd Hsvi, ﬁpOi} denote the modality-specific embedding matri-
ces from Section 3.4, where each H™ = [h7", h7, ... h7]T € RV*4r represents
the features of all NV urban grids under modality m, and E;”e]Rdf denotes the
feature vector of grid ¢. For each grid 7, we construct a modality token matrix
T, = [fl§Si, EEM, fli"i, flfOi]T e R**4 and apply a lightweight Transformer to
learn inter-modal dependencies:

Z; = AttnPool(Transformermodal(Ti)), (12)

where AttnPool(-) aggregates modality-aware features into a unified represen-
tation. The fused feature matrix is then expressed as Z = [zy,2s,...,2zn]" €
RN>ds where each z; encodes the integrated semantic and structural char-
acteristics of grid .

3.5.83. Temporal Modeling

To capture the diurnal variation of human mobility, the fused embeddings
Z are temporally expanded into a 24-step sequence for each spatial unit. Let
{e;}?1, denote learnable hour embeddings. We form per-hour contexts by
conditioning the fused feature on e;:

20 = o([zie,]) € R (13)

(2
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This yields Zgeq € RV*21*47  where each spatial unit is represented by a 24-
step temporal feature sequence. A Transformer encoder [66] is then applied
to model long-range dependencies across hours, producing updated temporal
representations U = TransformerEncoder(Ze,) € RY*24xdu,

For each grid ¢+ and hour ¢, the model outputs a probability distribution
over C' magnitude bins through a classification head:

Piy = softmax(MLP.,(U,,)), pis e RC. (14)

Following the classification-then-regression strategy, the continuous outbound
flow g;+ is calculated as the expectation of the predicted bin distribution.
Let the n-th bin correspond to the interval [b,,b,.1] with midpoint m,, =
(bp, + byy1)/2. The final predicted mobility intensity is obtained by:

c
G = D DM, (15)
n=1
where ﬁgz) is the predicted probability of bin n. This expectation-based
formulation allows the model to produce smooth and physically meaningful
continuous predictions while benefiting from the stability of a classification
objective.

3.6. Loss Functions and Optimization

To jointly optimize multimodal, spatial, and temporal representations,
the proposed framework employs two task-specific objectives—classification
and regression—along with a contrastive alignment loss introduced in Sec-
tions 3.3 and 3.5. The overall training objective ensures that the model si-
multaneously learns to predict mobility intensity levels, capture fine-grained
temporal variations, and maintain semantic consistency across modalities.

(i) Classification Loss: For each urban grid i and hour ¢, the model
predicts a categorical travel intensity level from C' discrete bins. If the
ground-truth label y;; is represented as a single class index (hard labels),
the classification loss adopts a standard cross-entropy form:

cla = ZElngzt yzt (16)

where p; ¢[y;¢] denotes the predicted probability for the true class of grid 4
at hour ¢, and N and T represent the total number of grids and time steps

(T=24).
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(ii) Regression Loss: To capture fine-grained variations in hourly travel
intensity, a regression objective is introduced to directly estimate the contin-
uous outbound flow volume. It is formulated as a mean squared error (MSE)
between the predicted and ground-truth sequences:

1 N T
reg ZZ ylt ylt ’ (17)

1:1 t=1

where ¢;, and y;, denote the predicted and observed hourly flow values for
grid ¢ at hour t.

(i11) Contrastive Alignment Loss: To ensure consistent multimodal se-
mantics, the total contrastive loss L¢r, combines both the intra- and inter-
modal contrastive objectives defined in previous sections:

2 Lmtra |M\ Z Elge?)7 (18>

memM m<n
m
where L7,

Ei(:tler) enforces consistency between different modalities.

(iv) Overall Optimization: The final loss function jointly optimizes the
classification, regression, and contrastive objectives:

aligns spatial and semantic features within modality m, and

£total =« ﬁcla + 5 /Creg + A £CL7 (19>

where «, 8, and A are weighting coefficients controlling the relative impor-
tance of the three components. This multi-objective formulation enables the
model to simultaneously enhance prediction accuracy, temporal smoothness,
and multimodal semantic coherence across the entire training process.

4. Experiments and Results

4.1. Datasets and Experimental Setup

4.1.1. Datasets

This study selected Shenzhen, China as the study area, dividing the built-
up region into 5,263 grid tiles of 500m x 500 m (Fig. 4). We integrated four
types of static geospatial data: RSI from Google Earth (2.15m resolution);
Building height data from Gaode Map; SVI from Baidu Map (~78k raw im-
ages, 1024 x 768, oversampled to 20 per grid); and POI data (~1.5 million)
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Figure 4: Study area and multimodal geospatial data overview. Shenzhen comprises 10
administrative districts, and its built-up region is partitioned into 5,263 grids of 500 m x
500 m, with four static data modalities illustrated.

from Gaode Map. The prediction target is the hourly outbound mobility de-
rived from anonymized mobile signaling data. We utilized weekday records
from June 18 to June 25, 2019. The mobility flows were log-transformed, Z-
score normalized, and discretized into 10 bins. All modalities were collected
within a one-year window centered on June 2019, minimizing temporal mis-
alignment. The dataset was divided into training, validation, and test sets
with a ratio of 6:2:2 using spatially random masks applied at the grid level.

4.1.2. Ezperimental Setup

We adopt Overall Accuracy (OA) for classification and Coefficient of De-
termination (R?), Mean Absolute Error (MAE), and Mean Absolute Percent-
age Error (MAPE) for regression. The framework is implemented in PyTorch
and trained on an NVIDIA RTX A6000 (48GB) for 300 epochs (Adam opti-
mizer, Ir= 1 x 10~* with cosine annealing). Key hyperparameters: d; = 256,
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7 =0.1, a=0.5, 3=0.5, \=0.1.

To improve efficiency and transferability, the framework separates com-
ponents into frozen and trainable groups. Frozen modules—VLM encoders
(Qwen-VL, DeepSeek-R1) for offline semantic generation, spatial encoders
(ResNet-152) for image features, and the text encoder (Qwen3-Embedding)—
leverage large-scale pretraining without fine-tuning. Trainable modules—
GAT layers, cross-modal Transformer fusion, temporal Transformer encoder,
and prediction heads—are optimized via backpropagation. Fig. 5 illustrates
the training process with stable convergence.

4.2. Results

This section presents the experimental results of the proposed LMEMR
for grid-level mobility prediction. We comprehensively evaluate the model
in terms of quantitative performance and interpretability. Comparisons with
baseline models and ablation variants are provided to demonstrate the ad-
vantages of the proposed modules.

4.2.1. Querall Performance Comparison with Baselines

To evaluate LMEMR, we compare it against representative machine learn-
ing, deep learning baselines, and specialized spatiotemporal models. Except
for CLIP, all baselines utilize the same 256-dimensional raw spatial encod-
ings f" (Section 3.3.2) without textual semantics or contrastive learning.
The baselines are:

e Linear Regression (LR). Maps grid embeddings to hourly mobility in-
tensity via ordinary least squares [67].

e Random Forest (RF). An ensemble of 500 decision trees capturing non-
linear feature—mobility relationships [68].

e CNN. A 2D convolutional model capturing local spatial correlations,
lacking explicit temporal reasoning [69].

o LSTM. A two-layer RNN modeling the 24-hour sequence of grid em-
beddings to predict mobility dynamics [70].

e Transformer. A temporal attention model learning long-range depen-
dencies across hourly time steps [66].

17



405

406

407

408

409

410

411

412

1.0

Training Loss
R2 Score

0 50 100 150 200 250 300 0 50 100 150 200 250 300
Epoch Epoch
0.7

0.6

MAE

10

0.0 0

0 50 100 150 200 250 300 0 50 100 150 200 250 300
Epoch Epoch
— RSI - Building ~ ——+ SVI e POl —— RSI + Building + SVI + POI

Figure 5: Training and validation curves of the proposed model. The plots illustrate the
evolution of Training Loss, OA, R%, and MAE over 300 epochs for different modality
configurations.

e CLIP. A multimodal baseline using pretrained CLIP ViT-L/14 for vi-
sual encoding (RSI, Building, SVI) and CLIP Text Encoder for POI,
retaining the same spatial and temporal modules as LMEMR [54].

As presented in Table 2, LMEMR outperforms all baselines. Traditional
models (LR, RF) show limited accuracy due to insufficient spatial-behavioral
modeling. Deep learning approaches (CNN, LSTM) improve performance by
capturing local spatial or temporal dependencies, with the Transformer fur-
ther enhancing results via attention mechanisms. The multimodal baseline
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(CLIP) leverages pretrained vision-language embeddings but achieves sub-
optimal results (R? = 0.761), indicating that generic multimodal represen-
tations lack domain-specific spatial-behavioral knowledge. LMEMR signifi-
cantly surpasses all baselines with inference time of 17.2s and training time
of 2,327s, confirming that jointly modeling spatial, semantic, and temporal
dimensions offers a superior understanding of urban mobility with reasonable
computational cost.

Table 2: Overall predictive performance comparison with baselines. Best in bold, second
best underlined.

Model OA1 R?t1 MAE| MAPE | Training (s) Inference (s) |
LR 0.237 0.452  26.794 0.405 135 10.3
RF 0.226  0.521 24.916 0.374 271 10.3
CNN 0.411 0.734 18.904 0.259 1283 11.9
LSTM 0.423 0.733  17.882 0.264 1225 12.3
Transformer 0.425 0.755  17.525 0.249 1451 14.9
CLIP 0.430 0.761 16.769 0.245 1542 14.9
LMEMR 0.521 0.856 13.738 0.187 2327 17.2

4.2.2. Performance in Temporal Dynamics

Fig. 6 demonstrates that LMEMR accurately reproduces diurnal mobil-
ity dynamics across diverse urban environments. The model successfully
captures the morning-peak in dense residential areas (Baoan urban village),
the evening-peak in office clusters (Futian CBD), the stable flow in trans-
port hubs (Longhua railway station), and the dual-peak pattern in mixed-use
districts (Luohu). The predictions align closely with observed trends, show-
ing high fidelity in both magnitude and temporal variation, with only minor
deviations in highly dynamic zones.

4.2.8. Performance in Mobility Intensity Classification

Fig. 7 compares the classification performance across ten mobility inten-
sity bins. LMEMR exhibits the strongest diagonal concentration (OA=0.521),
significantly outperforming Transformer (OA=0.425) and RF (OA=0.226).
Specifically, LMEMR reduces misclassification in the dominant low-to-mid
intensity bins (0-5) and maintains robustness in high-activity bins (6-8), ef-
fectively mitigating the over-smoothing and underestimation issues observed
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Figure 6: Predicted and observed hourly mobility in representative urban areas. Fach
pair shows a high-resolution remote sensing image (left) and its corresponding flow curve
(right): (a) Baoan urban village (morning-peak), (b) Futian CBD (evening-peak), (c)
Longhua railway station (stable flow), and (d) Luohu mixed-use zone (dual peaks).

in baselines. This confirms that integrating multimodal semantics and spa-
tial reasoning enhances the model’s precision in distinguishing fine-grained
mobility states.
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Figure 7: Confusion matrices of LMEMR, Transformer, and RF across ten mobility in-
tensity bins (0-9). LMEMR achieves the strongest diagonal concentration and highest
accuracy (OA=0.521), clearly outperforming Transformer (0.425) and RF (0.226).
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4.2.4. Cross-Clity Generalization Analysis

To validate the generalizability of LMEMR across diverse urban con-
texts, we conducted independent experiments on three additional cities in
the Greater Bay Area: Guangzhou (mega city, 8,054 grids), Dongguan (large
industrial city, 5,022 grids), and Zhuhai (medium-sized tourism city, 2,173
grids), each trained and evaluated independently using identical protocols
(6:2:2 split). As shown in Table 3, LMEMR consistently outperforms the
CLIP baseline across all four cities, achieving high predictive accuracy with
R? ranging from 0.734 to 0.863 across cities of varying scales and economic
structures. Guangzhou achieves the highest R? (0.863), surpassing even
Shenzhen (0.856), likely influenced by its larger sample size. Dongguan
shows the largest relative improvement in R? over CLIP, suggesting that
VLM-generated semantics offer notable benefits for cities with different ur-
ban structures. Zhuhai maintains competitive performance (R? = 0.810)
despite the smallest sample size. These results confirm that LMEMR gener-
alizes effectively across diverse urban contexts.

Table 3: Cross-city generalization validation across four cities in the Greater Bay Area.

City Model OA 1 R21! MAE | MAPE |
LMEMR 0521 0.856 13.738  0.187

Shenzhen 1 0.430 0.761 16.769 0.245
Cunnephoy DMEMR - 0.578  0.863  10.943 0.238
& CLIP 0513 0.777 12.934 0.283
Domsenan  DMEMR 0421 0.734  5.967 0.273
sguan — y1p 0.374 0.644  6.339 0.337
. LMEMR 0596 0.810  3.909 0.244
Zhuhai

CLIP 0.543 0.733  4.138 0.370

4.8. Ablation Studies

To isolate the contribution of each proposed component, all ablation vari-
ants are independently retrained from scratch using the same training con-
figuration (300 epochs, Adam optimizer, Ir= 1 x 107*) and identical data
splits. For each variant, only the targeted module is modified while all other
components remain unchanged, ensuring fair and controlled comparisons.
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4.3.1. Effectiveness of the Semantic Enhancement Module

To evaluate the impact of VLM-derived semantics and contrastive align-
ment, four variants are developed: (i) w/o Semantics, which removes VLM-
generated textual descriptions and uses only raw visual features from the
spatial encoder E7; (ii) w/o Intra-CL, which removes the intra-modal con-
trastive loss LI . while keeping all other components; (iii) Prompt-Lite,
which uses simplified prompts without behavioral cues; and (iv) Prompt-
Shuffle, which employs randomized captions to test robustness.

As summarized in Table 4, LMEMR achieves superior performance across
all metrics. The removal of textual semantics leads to a significant degrada-
tion, indicating that high-level semantic cues are essential for predictive accu-
racy. Similarly, the performance drop in w/o Intra-CL confirms the necessity
of explicitly aligning visual and textual representations. The intermediate
results of Prompt-Lite and the poor performance of Prompt-Shuffle further
validate that behavior-aware prompting and accurate text—location corre-
spondence are critical for capturing travel dynamics. Qualitative analysis in
Fig. 8 further illustrates this contribution. LMEMR accurately reproduces
diurnal peaks, whereas the variant without semantics underestimates ampli-
tudes and misaligns timing. The generated descriptions explicitly link built-
environment characteristics (e.g., “mixed-use,” “office clusters”) with mobility
behaviors, serving as semantic priors that guide the model to better associate
spatial structures with travel rhythms.

Table 4: Ablation of the semantic enhancement module. Best in bold, second best

underlined.

Variant OA 1 R?7? MAE | MAPE |

w/o Semantics  0.491 0.825  14.833 0.213
w/o Intra-CL ~ 0.505 0.837  14.285 0.209
Prompt-Lite 0.514 0.850 13.783 0.199
Prompt-Shuffle 0.475 0.811  15.426 0.228

LMEMR 0.521 0.856 13.738 0.187

4.8.2. Contribution of Spatial-Contextual Representation Learning
To quantify the role of spatial dependencies, we compare against two
variants: (i) w/o Spatial, where grid embeddings are fed directly into the
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(a) Prediction result with and without semantics (b) Semantic description of LMEMR
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Figure 8: Comparison of mobility flow predictions and semantic interpretation. (a)
LMEMR captures morning and evening peaks more accurately than the version without
semantics. (b) VLM-generated descriptions provide explanatory context for the predicted
patterns.

temporal encoder without spatial aggregation (GAT removed); and (i1) GCN,
which replaces the attention-based GAT with fixed-weight mean aggregation
using standard graph convolution [71].

Table 5 reports the results. The complete LMEMR framework yields
the highest accuracy, while removing the spatial module causes a substan-
tial drop in R? (from 0.856 to 0.764), underscoring that spatial context is
indispensable for grid-level prediction. The GCN variant improves upon the
non-spatial baseline but remains inferior to the GAT-based approach, demon-
strating the advantage of adaptive attention in capturing non-uniform spatial
interactions. Fig. 9 visualizes the learned attention weights. The spatial dis-
tribution reveals a clear urban hierarchy, with high-weight areas concentrated
in core commercial corridors and transit hubs (e.g., Luohu—Futian—Nanshan).
These zones exert strong spatial influences on adjacent regions, justifying the
higher contextual weights assigned by the model. Furthermore, modality-
specific maps show distinct hotspots, reflecting the complementary roles of
structural (RSI/Building) and functional (SVI/POI) features in shaping ur-
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Table 5: Ablation of spatial-contextual representation learning. Best in bold, second best
underlined.

Variant OA 1 R2?! MAE | MAPE |

w/o Spatial  0.434 0.764  17.434 0.247
GCN 0.488 0.820  15.061 0.217

LMEMR 0.521 0.856 13.738 0.187

(b) Building

Figure 9: Spatial distribution of learned attention weights. High coefficients (red) align
with core urban districts (e.g., Luohu, Futian), indicating strong spatial dependencies in
dense functional zones.

4.83.3. Role of Cross-modal Semantic Fusion Module

This section investigates the contribution of cross-modal mechanisms
through four sets of variants: (i) w/o Inter-CL, which disables inter-modal
contrastive loss L While retaining intra-modal alignment and the Trans-
former fusion; (ii) Late-Concat, which replaces the Transformer-based fu-
sion with simple feature concatenation followed by MLP; (iii) Gated-Fusion,
which uses gated summation instead of attention-based fusion; and (iv)
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Single-Mod Drop, which retains only individual modalities while keeping the
GAT and temporal modules.

Results in Table 6 demonstrate that the full LMEMR model achieves
the highest accuracy. The degradation observed in w/o Inter-CL confirms
that explicit cross-modal alignment fosters consistent representations among
heterogeneous data. Furthermore, the attention-based fusion outperforms
both concatenation and gating, indicating that the multi-head mechanism
better captures nonlinear cross-modal dependencies. Among single-modality
variants, RSI and SVI perform relatively well, suggesting that morphology
and visual perception are primary determinants of mobility, whereas POI
data alone is insufficient. Overall, the findings validate the necessity of the
proposed contrastive-Transformer fusion design for robust multimodal inte-
gration.

Table 6: Ablation of cross-modal semantic fusion. Best in bold, second best underlined.

Variant OA 1 R2?! MAE | MAPE |

w/o Inter-CL  0.492 0.828  14.879 0.219
Late-Concat 0.507 0.831 14.377 0.215
Gated-Fusion 0.495 0.827 14.787 0.213

RSL-only 0482 0.820  14.924 0.222
Building-only 0.478 0.810  15.381 0.218
SVI-only 0478 0815 15.016 0.214
POI-only 0435 0.764 17571 0.243
LMEMR 0.521 0.856 13.738  0.187

4.3.4. Effect of Prediction Head Design

To evaluate the contribution of the classification-then-regression strat-
egy, we compare three loss configurations: (i) Regression only, which uses
MSE loss directly on continuous flow values; (ii) Classification only, which
discretizes flow into intensity bins and uses cross-entropy loss without regres-
sion refinement; (iii) Classification + Regression (LMEMR), the full design
combining both losses.

As shown in Table 7, the combined strategy (R? = 0.856) outperforms
both regression-only (R? = 0.845) and classification-only (R* = 0.828) ap-
proaches. Regression-only already achieves competitive performance, but the
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Table 7: Ablation of prediction head design. Best in bold, second best underlined.
Variant OA1 R21 MAE| MAPE |

Regression-Only 0.497 0.845 14.102 0.203
Classification-Only  0.492  0.828  14.696 0.215

LMEMR 0.521 0.856 13.738 0.187

distributional approach further improves by handling the long-tail mobility
distribution through probability bins, mitigating extreme value influence dur-
ing training. Classification-only performs worst, indicating that discretiza-
tion alone loses important magnitude information. These results confirm
that the two components are complementary.

5. Discussion

5.1. Error Analysis across Different Hours

As illustrated in Fig. 10, model performance exhibits a distinct diurnal
pattern linked to the regularity of human mobility. Quantitative metrics in-
dicate that prediction precision is highest during stable, low-mobility periods
(e.g., early morning R? > 0.84) and decreases during transient phases such as
morning (07:00-09:00) and evening (18:00-19:00) peaks. Specifically, MAPE
peaks at 04:00 and 06:00, reflecting sensitivity to rapid shifts in travel inten-
sity. This temporal variation aligns with previous findings that static features
effectively capture structural determinants (e.g., land use) but struggle with
volatile congestion dynamics [72]. Nevertheless, the consistently high R? and
low average MAPE confirm that multimodal semantics and spatial-graph
reasoning substantially enhance temporal robustness.

5.2. Semantic Analysis of Mobility Patterns

Hierarchical clustering of 24-hour mobility vectors reveals spatially dis-
tinct travel rhythms rooted in urban functionality. As shown in Fig. 11 (a),
increasing clusters to K'=7 progressively refines the urban structure from a
simple built/non-built dichotomy to a polycentric hierarchy consistent with
functional zones [73]. Note that K'=7 is not claimed as an optimal value but
serves as an exploratory setting that balances granularity and interpretabil-
ity; the hierarchical evolution from K=2 to K=7 demonstrates that the
discovered patterns remain coherent across resolutions. At this resolution,

26



560

561

562

563

564

565

566

567

568

569

570

571

572

573

RZ
MAE

0 3 6 9 12 15 18 21 0 3 6 9 12 15 18 21

Hour of Day Hour of Day
0.26
0.62
0.24
0.60
0.22
0.58
< a
0.20
o 0.56 <
=
0.54 0.18
0.52
0.16
0.50
0.14
0 3 6 9 12 15 18 21 0 3 6 9 12 15 18 21
Hour of Day Hour of Day

Figure 10: Hourly error analysis. Model performance across 24 hours evaluated using R?,
OA, MAE, and MAPE.

four representative patterns emerge from the seven clusters, supported by
VLM-generated semantics (Fig. 11 (b)): (i) Cluster 0 (Morning-peak), char-
acterized by 7:00-9:00 AM surges and terms like “commuting” and “residen-
tial,” indicating outbound flow from housing areas; (ii) Cluster 1 (Evening-
peak), associated with “commercial district” and “night life,” reflecting post-
work activity in CBDs; (iii) Cluster 2 (Dual-peak), featuring bidirectional
flows typical of mixed-use “transportation nodes”; and (iv) Cluster 3 (Low-
activity), corresponding to “ecological zones” with minimal human presence.
These results demonstrate that integrating temporal signatures with textual
semantics enables a coherent, explainable interpretation of urban dynamics.

5.8. Impact of Contrastive Learning

Fig. 12 visualizes the evolution of multimodal embedding distributions via
t-SNE [74]. In the absence of contrastive learning (CL), embeddings remain
scattered and modality-dependent, indicating weak semantic correspondence.
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Figure 11: Spatiotemporal analysis of mobility patterns. (a) Hierarchical evolution: Clus-
ters from K=2 to K=7 illustrate the structural refinement from a binary built/non-built
dichotomy to a polycentric urban hierarchy. (b) Semantic-temporal patterns: Representa-
tive diurnal curves and VLM word clouds at K=7. The identified patterns include: Cluster
0 (Morning-peak): residential zones driven by early commuting; Cluster 1 (Evening-peak):
commercial CBDs with nightlife activity; Cluster 2 (Dual-peak): mixed-use areas and
transport hubs; and Cluster 3 (Low-activity): ecological protection zones. Word clouds
link quantitative mobility rhythms to qualitative urban functions.

Conversely, the inclusion of CL drives the convergence of heterogeneous fea-
tures into compact, semantically coherent clusters based on shared urban
functions (e.g., residential vs. commercial). This explicit optimization of
intra-class compactness and inter-modality similarity yields a significantly
more discriminative embedding space than traditional fusion methods that
rely solely on concatenation.

5.4. Impact of VLM Model Size

Table 8 presents a controlled comparison of six VLMs with varying param-
eter scales. Performance generally correlates with model capacity; the largest
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Figure 12: t-SNE visualization of multimodal embeddings with and without contrastive
learning (CL). Colors denote modalities (RSI, Building, SVI, POI).

model, Qwen-VL-Max, achieves the best accuracy (R? = 0.856, MAE=
13.738), outperforming the lightweight Gemini-Flash-Lite by a clear mar-
gin. This suggests that larger models provide richer semantic reasoning for
text-image alignment. However, gains diminish beyond 70B parameters,
with mid-sized models (e.g., Qwen3-VL-32B, GPT-40-mini) offering a fa-
vorable balance between accuracy (R? > 0.83) and computational efficiency
(~27s/image). Consequently, models with approximately 30B parameters
represent the most practical trade-off for large-scale urban semantic applica-
tions.

Table 8: Performance comparison across different VLM model sizes. Time denotes the
per-image semantic generation time. Best in bold, second best underlined.

Model OA 1 R2?21 MAE | MAPE | Time (s/image)
Qwen-VL-Max 0.521 0.856 13.738  0.187 28.6
Qwen2.5-VL-72B  0.501 0.844 14.103 0.209 25.5
Qwen3-VL-32B 0.495 0.834 14.422 0.216 27.4
Qwen3-VL-8B 0.491 0.834 14.514 0.217 20.6
GPT-40-mini 0.499 0.843 14.148 0.211 28.0
Gemini-Flash-Lite 0.499 0.838 14.285 0.214 18.0
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5.5. Practical Applications

The proposed framework enables several practical applications in urban
management. For urban planning, the predicted 24-hour mobility profiles
allow planners to evaluate how land-use configurations shape daily activ-
ity patterns, informing zoning and development decisions without requiring
dynamic trajectory data [75]. For transit operations, the hourly temporal res-
olution supports demand-responsive scheduling, enabling agencies to adjust
service frequency and routes based on predicted ridership [76]. More broadly,
because the framework relies solely on static geospatial data—which is widely
available through open platforms (e.g., OpenStreetMap, Google Earth)—it
can be readily generalized to cities worldwide that lack proprietary mobil-
ity datasets, as evidenced by consistent performance across four cities in
the Greater Bay Area (Table 3), offering a scalable and privacy-preserving
solution for global urban mobility modeling [77].

6. Conclusion

This study proposes LMEMR, a framework that predicts hourly grid-level
mobility solely from static geospatial data by combining VLM-based semantic
enhancement, dual-level contrastive learning, and graph-attention spatiotem-
poral modeling. Experiments on four cities confirm consistent generalizabil-
ity; on Shenzhen, LMEMR achieves an 18.07% MAE reduction (R*=0.856)
over the best baseline (CLIP), validating the potential of widely accessible
static data for scalable and privacy-friendly mobility inference. The main
contributions are: (i) a unified multimodal semantic graph framework for
hourly mobility prediction; (ii) a dual-level contrastive strategy aligning raw
and semantic features across modalities; (iii) an attention-based intermodal
fusion and spatiotemporal module; and (iv) extensive multi-city experiments
confirming superiority, interpretability, and generalizability.

Despite these advances, several limitations remain. (i) Static features
cannot capture event-driven perturbations (e.g., extreme weather, public
events) [78]; integrating weakly dynamic priors may mitigate this gap. (ii) All
four evaluated cities lie within the Greater Bay Area of China and share sim-
ilar urban morphologies and data infrastructures. Generalizability to cities
with fundamentally different forms—such as North American sprawl or in-
formal settlements in developing countries—requires further validation. (iii)
The 500m grid resolution introduces scale sensitivity, and the Modifiable
Areal Unit Problem (MAUP) implies that spatial conclusions may vary with
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the chosen zoning scheme. Future work should examine multi-scale effects
and adaptive spatial partitioning strategies.
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