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Abstract

The same street corner can serve as a familiar anchor for one person
while being just a passing stop for another; hence, personalized
urban services would benefit from representing locations through
the lens of user-specific semantics. However, most existing loca-
tion modeling methods capture primarily general spatiotemporal
mobility patterns from GPS trajectories and fail to represent user-
specific meanings due to the absence of semantic supervision. We
propose LEMU, an urban location modeling method that integrates
mobility-derived temporal and semantic contexts. LEMU translates
raw movements into concise natural language sentences, thereby
leveraging general linguistic priors from pretrained language en-
coders to supply the semantics that numerical trajectories lack.
These semantic representations are fused with Transformer-based
temporal contexts through a cross-attention mechanism to con-
struct personalized location embeddings. On a large-scale human
mobility dataset, LEMU outperforms competitive baselines on the
downstream task of Next Location Prediction, improving Top-1 Ac-
curacy by 4.3 percentage points over the best-performing one. This
result suggests that incorporating user-specific semantics is benefi-
cial for learning expressive location embeddings.
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1 Introduction

The same location can be a daily anchor for one person, whereas
it is merely a passing stop for another; hence, personalized ur-
ban services would benefit from representing locations through
the lens of individual experience. Numerous studies in urban com-
puting have proposed methods for learning location embeddings
from human mobility data, supporting a wide range of urban ap-
plications [3, 4, 6, 8, 10, 11]. However, existing methods primarily
capture spatiotemporal patterns shared across users, and thus fail
to reflect the role a location plays for each individual user. This
limitation stems from the fact that large-scale GPS datasets consist
of numerical records (coordinates and timestamps) and contain
no movement-purpose labels, making direct semantic supervision
unavailable. While recent LLM-based methods incorporate tex-
tual features into mobility modeling, they anchor these features at
the location level and overlook the user-specific roles that emerge
from individual mobility behaviors [1, 2]. This motivates projecting
user-level mobility signals into a language-induced semantic space,
where pretrained linguistic priors can supplement the semantic
signals absent from raw numeric features.

We propose LEMU (Location Embedding via Mobility-derived
User-specific Contexts), an urban location modeling method that
constructs personalized location embeddings by jointly capturing
mobility-derived temporal and semantic contexts. The semantic con-
text models the user-specific roles of locations by converting each
movement into a concise sentence describing its temporal attributes
and relative location importance, and encoding it with a pretrained
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language encoder, without relying on external semantic annota-
tions. The temporal context characterizes periodic mobility patterns
by modeling sequences of visited locations and timestamps with a
Transformer [7]. These representations are integrated through a
cross-attention fusion mechanism, producing expressive location
embeddings for a downstream mobility task.

We evaluate LEMU on LYMob-4Cities [9], a large-scale open
dataset of human mobility trajectories in Japan, comparing it against
existing location embedding methods on the downstream task of
Next Location Prediction. LEMU improves Top-1 Accuracy over the
best-performing baseline by 4.3 percentage points with the BERT-
based downstream model and by 3.2 percentage points with the
LSTM-based one, demonstrating that personalized location repre-
sentations improve predictive performance.

2 Methodology

We propose LEMU (Location Embedding via Mobility-derived User-
specific Contexts), with an overview illustrated in Figure 1. LEMU
constructs personalized location embeddings by modeling user
mobility trajectories from two perspectives: (i) Semantic Mobility
Context, which captures the user-relative role of a location, charac-
terized by temporal visit attributes and relative location importance
rather than functional meaning; and (ii) Temporal Mobility Context,
which captures periodic and sequential patterns over the sequences
of visited locations and timestamps. These two representations are
learned separately and then integrated. We denote the mobility
trajectory of user u as My, = [(I;, ;) | i = 1,...,K], a sequence of K
movement steps, where [; is the location visited at step i and ¢; the
time at which the movement occurs.

2.1 Semantic Context Modeling

LEMU captures semantic context by transforming raw mobility
trajectories into natural language sentences and encoding them
with a pretrained language encoder, thereby leveraging linguistic
priors embedded in the language space. Each movement step i
is mapped to a sentence s; following a template that combines
temporal attributes with the importance of the visited location to
the user:

»

“[Day of the week/Time] at [Importance level]

For example, a movement at 8:00 on Monday to a location the user
visits almost every day yields “Monday 8:00 at Core Place.” The
importance level is derived from the user’s relative visit frequency
to the location, defined for a location [ and user u as:

cu(l)
Zl’eiu cu(l)’

Fu(l) = )

where ¢, (1) is the number of visits by user u to location [, and
L, is the set of all locations visited by user u. Each location is
then assigned one of five importance levels, Core Place, Subcore
Place, Frequently Visited, Moderately Visited, and Rarely Visited,
according to its percentile rank within the user’s distribution of
F, (1), at thresholds 0.99, 0.95, 0.85, and 0.50. These thresholds were
set through preliminary analysis of visit-frequency distributions to
avoid extreme imbalance across levels.
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Figure 1: Overview of LEMU. Mobility trajectories are encoded into
semantic and temporal contexts, which are integrated by cross-
attention fusion to construct personalized location embeddings.

For a trajectory of K movement steps, each sentence is encoded
and projected into the semantic representation of step i as:

§i = fra(fie(s)) + pi, 5 €RY, (2)
where fj, is a frozen pretrained language encoder [5] that maps s; to
a d**-dimensional vector, f;, is a learnable adaptor that projects it
to d dimensions, consisting of layer normalization, a SwiGLU-based
gated transformation, and a residual connection, and p; is a sinu-
soidal positional encoding. The generation of sentences and their
encoding are performed offline as a preprocessing step. Since each
sentence is determined by the combination of day of the week, time
of day, and importance level, the number of distinct sentences is
bounded, and their embeddings are precomputed once and reused
across all movements. The resulting sequence is fed into a Trans-
former encoder (f°™) to model semantic dependencies:

Gy = fiy"([51,-.-.8x]) = [g1,- .-, gk ], 3)

where g; € R? represents the semantic embedding at movement
step i, which is integrated with the temporal context in Section 2.3.

2.2 Temporal Context Modeling

LEMU models temporal context by capturing the periodic mobil-
ity patterns within each user trajectory, employing a Transformer
encoder that attends to relationships across the entire sequence.
Each movement step is mapped to a d-dimensional embedding by
summing the location and time embeddings e;, and e;,, obtained
from learnable embedding layers over location IDs and discretized
time slots. To incorporate a weak semantic prior, we lightly inject
the semantic embedding g; after aligning it to the temporal repre-
sentation space via a learnable projection W € R¥*?; the semantic
information is more explicitly integrated through cross-attention.
With positional encoding p; preserving the sequence order, the
augmented input and the resulting representations produced by a
Transformer encoder (f,,"") are:

m; = e, +e;, +p; + Wg;, 4)
H, = f;;" ([my,...,mg]) = [hy,... hg], )

where h; € R? represents the temporal embedding at movement
step i, which is integrated with the semantic context in Section 2.3.

2.3 Cross-Attention Fusion and Training

We integrate the two contexts using cross-attention, with the tem-
poral representation H, (Eq. (5)) as the Query and the semantic
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representation Gy, (Eq. (3)) as the Key and Value, yielding attention-
enhanced semantic representations A,, = [aj,...,ak]. To control
the contribution of semantic information, a; is combined with h;
through a gated residual fusion:

r; =hi+0'(ﬂ)Oa,-, (6)

where B € R? is a learnable parameter vector, o(-) denotes the
sigmoid function, and © represents element-wise multiplication,
so that the gate adjusts the influence of semantic information on a
per-dimension basis. Each cross-attention layer additionally applies
a position-wise feed-forward network with a residual connection.
The resulting representation R, = [ry, ..., rx] serves as the person-
alized location embedding for the downstream task.

LEMU is trained in a self-supervised manner using a Masked Lo-
cation Prediction objective. For a user u, we randomly select a subset
of movement steps M,, C {1,...,K} at a fixed masking ratio, and
mask both the location and its semantic representation before feed-
ing them into the model. Each masked r; is passed through a linear
output layer, and the cross-entropy loss £ = -3, >;e p,, log p(l; |
1;) is computed over the predicted location distribution.

3 Experiments

We evaluate whether the personalized location embeddings learned
by LEMU provide expressive representations, through compara-
tive experiments with existing location modeling methods on the
downstream task of Next Location Prediction. To assess whether
the advantage stems from the learned embeddings rather than the
downstream model, we evaluate two downstream architectures
under an identical training protocol.

3.1 Experimental Settings

Datasets. We use LYMob-4Cities!, an open dataset of human mo-
bility trajectories collected from multiple cities in Japan, which for
privacy protection discloses neither city names nor exact collection
periods. We focus on two cities (City A, City B) that differ in the
spatial concentration of visits, allowing us to examine whether the
advantage of LEMU holds under different urban structures. We sam-
ple 10,000 users per city with at least 50 weekly movement records,
yielding approximately 4.4M records per city. Dataset statistics are
summarized in Table 1, and Figure 2 shows a heatmap of the data vol-
ume for each location. Each record is a tuple (uid, date, time, x, y),
discretized onto a 500 m X 500 m spatial grid at 30-minute intervals.
The day of the week is inferred from the periodicity observed in
daily data volume. We train the location encoder on weeks 1-3
and predict the locations visited in week 4, which is unseen during
embedding training. Training and evaluation follow a user-based
5-fold cross-validation protocol conducted independently for each
city, with training, validation, and test ratios of 70%, 10%, and 20%.

Downstream Task. We evaluate the learned embeddings on Next
Location Prediction, which predicts the locations visited in the fol-
lowing week from three weeks of embedded trajectories, with the
date and time of each future movement given as input. Performance
is measured by Top-k accuracy with k € {1,5}. We employ two
downstream models to assess generalizability across architectures,
a unidirectional LSTM and a BERT-style Transformer encoder. The

!https://zenodo.org/records/14219563
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Table 1: Dataset statistics.
City A City B

Total Number of Users 10,000 10,000
Total Number of Locations 24,206 18,076
Total Number of Records 4,443,978 4,420,943
Number of Records per User 444 442
Number of Locations per User 108 92

City A
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Figure 2: Heatmap illustrating the spatial distribution and density
of observed mobility records across locations in the dataset. City A
and City B show different spatial patterns.

LSTM-based model adopts a sequence-to-sequence formulation,
whereas the BERT-style model feeds the full sequence at once and
predicts each target location from its corresponding output position.
The location encoder is kept fixed and only downstream parameters
are trained, with an identical architecture and training protocol
applied to LEMU and all baselines, so that performance differences
primarily reflect embedding quality. Downstream models use 2 lay-
ers (8 heads for BERT), trained for 50 epochs with AdamW (learning
rate le-4, weight decay le-3, batch size 16).

Training Details. During LEMU training, 20% of movement steps
are randomly masked, with the location replaced by a mask token
and the corresponding semantic sentence embedding by a zero vec-
tor, which prevents the model from relying on a single information
source. The temporal-context Transformer (Eq. (5)) has 4 layers and
8 attention heads, while the semantic-context Transformer (Eq. (3))
is lightweight with 2 layers and 8 heads, as it operates on repre-
sentations derived from a pretrained language encoder. Sentence
embeddings are obtained from a frozen Sentence-BERT model? with
d'™* = 768 and projected through a hidden dimension of d" = 512.
The embedding dimension is d = 128 and the batch size is 16, and
we train for 100 epochs using AdamW (learning rate le-4, weight
decay 1le-2) on an NVIDIA RTX6000 Ada GPU.

3.2 Performance on Downstream Task

We compare LEMU with representative context-aware location
modeling approaches that learn location embeddings from mobil-
ity trajectories, namely Geo-Teaser [11], TALE [8], HIER [6], and
CTLE [4]. Each baseline follows its original paper, and is trained

Zhttps://huggingface.co/sentence-transformers/all-mpnet-base-v2
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City A City B
Top-1 Top-5 Top-1 Top-5
Geo-Teaser | 0.0022 0.0081 0.0294  0.0954

TALE 0.0112  0.0375 | 0.0714  0.1963
LSTM  HIER 0.0206  0.0735 | 0.0723  0.2103
CTLE 0.0354  0.0970 | 0.1212  0.2684
LEMU 0.0717*  0.1927* | 0.1491* 0.3385"

Geo-Teaser | 0.0751  0.1608 | 0.1848  0.3753

TALE 0.0883  0.1879 | 0.2010  0.3949
BERT  HIER 0.0724  0.1966 | 0.1607  0.3592
CTLE 0.1090  0.2367 | 0.1937  0.3937
LEMU 0.1650*  0.3686" | 0.2236* 0.4563"

Table 2: Performance comparison on Next Location Prediction over
two cities (City A and City B), with two downstream models (LSTM-
based and BERT-based). Results are mean values over 5-fold cross-
validation. The best score in each column is highlighted in red

and the second-best in blue . Asterisks (*) denote statistically sig-
nificant improvements of LEMU over the best-performing base-
line (p < 0.05, two-sided paired t-test on fold-level results).

with Adam under a learning rate of 1le-4, a batch size of 16, and an
embedding dimension of 128, matching those of LEMU.

Table 2 summarizes the results with both LSTM-based and BERT-
based downstream models, reported as mean values over 5-fold
cross-validation. Statistical significance is assessed using a two-
sided paired ¢-test on the fold-level results, comparing LEMU with
the best-performing baseline under identical data splits, and as-
terisks (*) indicate significant improvements (p < 0.05). LEMU
outperforms the baselines in both cities and across all evaluated
metrics. Averaged over the two cities, LEMU improves Top-1 Ac-
curacy by 4.3 percentage points with the BERT-based downstream
model and by 3.2 percentage points with the LSTM-based one. The
advantage therefore holds under both downstream architectures,
indicating that it stems from the quality of the learned embeddings
rather than the choice of downstream model. We also observe a
consistent gap between the two cities, which is likely attributable
to the differing numbers of locations (Table 1). City A has more
locations, leading to greater diversity in visited grids per user and
making both embedding learning and prediction more challenging.

These results show that personalized location embeddings yield
consistent gains across two cities and two downstream architec-
tures, supporting their expressiveness for mobility modeling.

4 Conclusion

This paper proposed LEMU, an urban location modeling method
that constructs personalized location embeddings by integrating
temporal mobility context with language-derived semantic repre-
sentations. Its core design encodes user-relative location impor-
tance and temporal attributes into concise sentences and projects
them into a language-embedding space, capturing user-relative
location roles without requiring explicit semantic labels. Compar-
ative experiments demonstrate that LEMU outperforms existing
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context-aware location modeling methods on Next Location Predic-
tion, improving Top-1 Accuracy over the best-performing baseline
by 4.3 percentage points with the BERT-based downstream model
and by 3.2 percentage points with the LSTM-based one. These gains
confirm that the personalized location representations constructed
by LEMU are expressive and effective for a downstream mobility
task. As future work, we plan to analyze how the learned repre-
sentations differ across users for the same location and how such
differences relate to the functional characteristics of urban areas,
in order to better understand semantically diverse locations.
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