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We propose CLIFT (Cross-City Lifestyle Pattern Transfer for Human Mobility Prediction), a novel framework
that enhances human mobility prediction by integrating general lifestyle patterns shared across cities with
city-specific mobility patterns. Accurate human mobility prediction in urban environments is critical for
transportation planning, marketing strategies, and disaster response. However, most existing deep learning
approaches use only single-city data and exhibit significant performance degradation in small cities with limited
training data. These limitations motivate methods that jointly leverage cross-city behavioral patterns and city-
specific mobility characteristics. CLIFT addresses this challenge through dual complementary encoders: one
captures general lifestyle patterns shared across cities, and the other captures city-specific mobility patterns;
their outputs are integrated with a Transformer-based mobility predictor (LP-BERT). This architecture enables
the model to jointly capture cross-city transferable behavioral patterns and city-specific mobility characteristics.
We evaluated the effectiveness of CLIFT through experiments on the multi-city human mobility dataset LYMob-
4Cities, comparing its performance with both single-city and multi-city deep learning-based methods. On
average, CLIFT improved GEOBLEU and Top-1 accuracy by 11.1% and 10.6% over the single-city baseline, and
by 5.0% and 7.9% over the multi-city baseline, respectively. Furthermore, CLIFT outperformed the top-ranked
teams in the international competition, Human Mobility Prediction Challenge 2024, demonstrating superior
predictive performance under the same dataset and task setting.
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1 Introduction

The proliferation of GPS-enabled mobile devices has facilitated the large-scale collection of location
data in urban environments. Human mobility histories derived from such location data provide
valuable insights into behavioral patterns and have been widely utilized to address urban chal-
lenges [1-4]. In particular, large-scale and long-term mobility prediction has emerged as a crucial
task across numerous applications, including the efficient allocation of shared mobility services,
congestion mitigation during large-scale events, and the design of marketing strategies.

Recent deep learning approaches using RNNs [5], LSTMs [6], and Transformers [7] have signifi-
cantly improved mobility prediction accuracy by capturing complex spatiotemporal dependencies
in user behavior. However, these models require large, diverse datasets for training—typically thou-
sands of users with months of historical data—making their performance highly dependent on city
scale and user population. In small and medium-sized cities, limited user populations yield sparse
mobility data, preventing models from learning stable spatiotemporal patterns. More fundamentally,
training solely on single-city data restricts the diversity of behavioral patterns that a model can
learn. These challenges motivate methods that transfer mobility-related knowledge from data-rich
cities to data-scarce ones.

To address these challenges, we propose CLIFT (Cross-City Lifestyle Pattern Transfer for Human
Mobility Prediction), a novel framework that enhances human mobility prediction by integrating
general lifestyle patterns shared across cities with city-specific mobility patterns. While mobility
patterns vary across cities due to different urban structures and geographies, lifestyle patterns
often exhibit partial consistency across cities. As typical examples of such lifestyle patterns, daily
routines such as commuting between residential and office areas, shopping in commercial districts,
and engaging in leisure activities during evenings or weekends are commonly shared, making
them transferable across cities. CLIFT exploits this observation through a dual-encoder architecture
that separately captures general lifestyle patterns (as transitions between urban function types of
locations) and city-specific mobility patterns (as transitions between geographic coordinates of
locations). In this formulation, lifestyle patterns are characterized by when people visit locations in
each urban function category (e.g., offices, commercial districts, or dining areas) over the course of
a day or week, and such temporal visitation patterns tend to be partially shared across cities among
similar population groups. To explicitly represent such lifestyle patterns, it is necessary to abstract
individual locations (defined as equal-sized grid cells) into functional categories that reflect their
urban roles. Therefore, we estimated the urban function of each location using two approaches: an
Area2Vec-based [8] approach, which classifies locations based on visit patterns, and a POI-based
approach that uses point-of-interest (POI) data. Both approaches provide consistent functional
representations across cities, enabling CLIFT to model transferable lifestyle patterns. Figure 1 illus-
trates the overall architecture of CLIFT. CLIFT consists of two encoders: the general lifestyle pattern
encoder, which learns lifestyle features shared across cities, and the city-specific mobility pattern
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Fig. 1. The overall workflow of the proposed method, which combines cross-city behavioral features and
city-specific mobility features through two complementary encoders for human mobility prediction.

encoder, which learns local mobility patterns—together with the downstream human mobility pre-
dictor, Location Prediction BERT (LP-BERT) [9]. The two encoders are pre-trained independently
on multi-city and city-specific data, respectively, and their outputs are combined element-wise and
fed into the downstream predictor, LP-BERT, a Transformer-based [10] human mobility predic-
tion model. By integrating both encoders with LP-BERT, CLIFT simultaneously captures global
lifestyle patterns and local mobility patterns, achieving higher prediction accuracy than single-city
approaches.

We conducted experiments using an open human mobility dataset “LYMob-4Cities,” which
contains mobility data from multiple cities in Japan [11]. The dataset records 75 days of user mobility
histories in each city at 30-minute intervals. Each movement in the mobility history is represented
as a transition between locations defined by 500-meter square grid cells. We targeted four cities
with different numbers of users. For each city, 20% of users were designated as prediction targets,
and the task was to predict all visited locations at 30-minute intervals over the final 15 days of their
mobility histories. In the experiments, we compared CLIFT with existing deep learning-based human
mobility prediction methods designed for single-city and multi-city prediction. On average, CLIFT
improved GEOBLEU by 0.032 points (11.1%) and Top-1 accuracy by 2.91 percentage points (10.6%)
compared to the single-city baseline, and by 0.015 points (5.0%) and 2.21 percentage points (7.9%)
compared to the multi-city baseline. Furthermore, CLIFT outperformed the top-ranked teams in
the Human Mobility Prediction Challenge 2024 (HuMob Challenge 2024) [12], which was
held at ACM SIGSPATIAL 2024. HuMob Challenge is one of the largest international competitions
in urban human mobility prediction, and CLIFT achieved superior predictive performance on the
same dataset and task setting.

The contributions of this study are summarized as follows:

— We introduce general lifestyle patterns as cross-city features for human mobility prediction,
complementing city-specific mobility patterns in small-scale and medium-scale cities with
limited mobility data.

— We propose CLIFT, a novel framework that integrates two complementary encoders—one
capturing transferable general lifestyle patterns and the other capturing city-specific mobility
patterns—with the downstream predictor LP-BERT for human mobility prediction.

— Through experiments on the open multi-city human mobility dataset “LYMob-4Cities”, we
demonstrate that CLIFT outperforms existing deep learning-based prediction models, im-
proving GEOBLEU by 11.1% and Top-1 accuracy by 10.6% over the single-city baseline, and
by 5.0% and 7.9% over the multi-city baseline.
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2 Related Work

This section reviews related studies on human mobility in urban environments. We first discuss
research on trajectory-based analysis and modeling. We then review prior work on human mobility
prediction.

2.1 Trajectory-Based Human Mobility Studies

With the proliferation of mobile devices and location-based services, research on human mobility in
urban environments has rapidly expanded [13-16]. Human mobility trajectories provide valuable
insights into mobility patterns, lifestyle behaviors, and urban dynamics [17-19]. Recent studies
utilizing human mobility data have focused on a wide range of tasks. These include trajectory
completion and reconstruction [20, 21], which recover missing or sparsely sampled trajectories,
and representation learning methods such as ZE-Mob and Area2Vec [8, 22], which learn low-
dimensional location embeddings that capture semantic and spatial relationships. Other studies
focus on user attribute estimation [23], trajectory similarity analysis [24], and trajectory-based
location modeling [25-27]. Among these, human mobility prediction has become one of the most
active research topics.

For trajectory-based studies, mobility data are generally categorized into (1) POI-based check-in
data and (2) GPS-based mobility trajectories. POI-based datasets, such as Gowalla and Foursquare,
collect voluntary check-ins at specific POIs [5, 25, 28], while GPS-based datasets consist of contin-
uously sampled trajectories recorded by mobile devices [7, 21, 23]. Although POI-based datasets
are easily obtained from location-based social networks, they primarily capture visits to com-
mercial or leisure-oriented POls, while largely missing residential and other non-commercial
movements. As a result, these datasets provide only a partial view of urban mobility and offer
limited support for modeling comprehensive lifestyle patterns. In contrast, GPS-based mobility
traces capture user movements across the entire urban area, offering high spatial coverage and
detailed representations of daily mobility behavior. These differences suggest that datasets with con-
tinuous and city-wide geographic coverage are better suited to fine-grained mobility analysis. Given
this motivation, we adopted the open GPS-based dataset “LYMob-4Cities” [11], which provides
city-wide mobility coverage while anonymizing data. The dataset has also been utilized in an inter-
national human mobility prediction challenge, providing a reliable benchmark for evaluating model
performance.

2.2 Human Mobility Prediction

Human mobility prediction has evolved from early individual-based approaches to recent deep
learning models. Early work treated mobility patterns as largely individual-specific, predicting
future movements solely from a user’s own historical trajectories [29, 30]. However, such individual-
centric approaches are highly sensitive to data sparsity and often fail when only a limited mobility
history is available. To overcome these limitations, deep learning-based models such as RNNs and
LSTMs have been widely applied to human mobility prediction [5, 6]. These recurrent architectures
learn from multiple users’ mobility histories and can effectively capture short-range and mid-range
temporal dependencies, leading to improved robustness against individual data sparsity. Beyond
these baseline models, numerous RNN-based and LSTM-based variants have been proposed for
human mobility prediction, including methods that emphasize long-term and short-term periodicity,
incorporate group-level learning, and are tailored to sparse trajectories [31-35].

More recently, Transformer-based architectures [10] have advanced human mobility predic-
tion by effectively modeling long-range spatial-temporal dependencies and capturing periodic
mobility patterns through multi-head attention. Among attention-based approaches, the STAN
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Table 1. Terminology and Notation

Terminology Notation Description ‘
Mobility History | M, = [my,...,mg] | Sequence of movements where each m; = (I, f;, d;, t;, w;, A;).
Location L,=14,....kt] Grid cell dividing the city into equal units (500m x 500m).

Urban Function | F, = [fi,..., frl Estimated urban function associated with each location.

Date D, =1[d,,...,dr] Sequential day index starting from day 0.

Time T, = [t1,....t7] Discrete time slots dividing a day into equal intervals (30 minutes).
Weekday W, = [w, ..., wrl Categorical variable indicating one of the seven days of the week.
Timediff AT, = [Aty, ..., Aty] | Time interval between consecutive movements.

model [28] predicts future movements by leveraging sequence-level attention over historical lo-
cations. Building on this direction, a Transformer decoder-based architecture [7] achieves higher
accuracy by capturing more complex temporal dependencies, outperforming earlier recurrent and
single-attention models. Our previous work, LP-BERT [9], showed that masked training with a
bidirectional Transformer encoder effectively captures fine-grained spatiotemporal patterns in
mobility trajectories. However, most existing studies train prediction models using data from
only the target city, limiting their applicability in cities with limited mobility records. Although
several approaches leverage mobility patterns shared across multiple cities [36, 37], they often lack
mechanisms to capture city-specific characteristics, as they do not perform any explicit adaptation
or tuning tailored to each city, leading to reduced performance in diverse urban environments.
These limitations highlight the need for methods that jointly model both transferable cross-city
behaviors and city-specific mobility patterns.

3 Preliminaries

This section introduces the terminology and notation adopted in this study, followed by the problem
formulation for human mobility prediction. We then describe the method for estimating the urban
function of each location, which serves as the basis for representing general lifestyle patterns
shared across cities.

3.1 Mobility Data Representation

The terminology and notation used in this study are summarized in Table 1. Let M,, denote the
mobility history of user u, represented as an ordered sequence of visited locations together with
their urban functions and temporal attributes:

My = [(4, fi.di .ty wy, Aty), (s fo, . ty, wo, ALy), ..., (I, fr dips tr, wr Atp)], (1)

where [, f;, d;, t;, w;, and At; denote the location, its corresponding urban function, date, time,
weekday, and time difference of the ith visit, respectively. We partition each city into equally
sized grid cells (500m x 500m), where each cell represents a distinct spatial location (I). Throughout
this paper, location refers to grid cells rather than individual POIs. Urban functions capture the
semantic characteristics of locations (e.g., residential, commercial, and office) and are estimated using
Area2Vec or POI-based methods described in Section 3.3. In addition to these spatial and functional
attributes, we incorporate multiple temporal features—date (d), time (t), weekday (w), and timediff
(At)—for each movement step. Here, timediff represents the time interval between consecutive
movements, computed from the absolute timestamp obtained by combining the date and time, so that
it reflects the true elapsed time between visits (At; = 0, At; = (d;- 48 +1;) — (di_; - 48 +1,_1) (i > 1)).
These temporal attributes enable the model to capture both short-term and long-term periodicities
in user mobility behaviors.
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3.2 Problem Formulation

Given a user’s mobility history M, defined in Equation (1), where each element represents the
visited location, its urban function, and temporal context, the goal is to predict the sequence of
future visit locations as follows:

LI T = [y, I, s Ik (2)
where i{“ ‘T+K represents the predicted location sequence for the future interval from T+1 to
T+K. In this study, K corresponds to up to 15 days with a 30-minute resolution, i.e., at most 720
timesteps, although in practice only the timesteps at which movements are actually observed in
the dataset are included in the prediction window. Note that temporal attributes for the prediction
window—date (d), time (t), weekday (w), and timediff (At) for each step from T+1 to T+ K—are
assumed to be known and can be used as inputs during prediction. This formulation captures three
types of dependencies: spatial transitions between locations, functional transitions across urban
function types, and temporal dynamics including daily and weekly cycles, providing a unified basis
for modeling human mobility patterns.

3.3 Methods for Estimating Urban Functions of Locations

To represent general lifestyle patterns shared across cities, CLIFT requires each location to be
associated with an urban function (e.g., residential, office, and commercial). Because the dataset
used in this study anonymizes city names, it is difficult to use external geographic resources such
as official land-use maps. Therefore, we estimate the urban function of each location using only
the mobility trajectories and POI information included in the dataset. Various methods have been
proposed for modeling locations using mobility data [8, 22, 26, 27, 38]. For cross-city modeling, it is
essential to employ approaches that yield consistent location representations across different cities.
To achieve this, we adopt two approaches for estimating the urban function of each location: the
Area2Vec-based approach [8], which models locations based on user visit patterns extracted from
mobility trajectories, and the POI-based approach, which represents each location using the POI
distribution provided in the dataset.

Area2Vec-based approach. Area2Vec estimates the functional characteristics of locations by cap-
turing users’ visit behaviors. Locations frequently visited during weekday daytime tend to be
characterized as office areas, whereas those with higher nighttime visits are often associated
with residential districts. In this approach, each location is first encoded into a vector repre-
sentation based on behavioral features such as visit-time statistics and weekday visit distribu-
tions (e.g., hourly visit frequencies for each day of the week). The resulting embeddings are then
clustered into a predefined number of groups using the k-means++ algorithm [39], with each
cluster treated as a distinct urban function. A key advantage of this method is that it derives func-
tional representations solely from mobility trajectories, without requiring any external geographic
information.

POI-based approach. In the POI-based approach, the urban function of each location is inferred
from the POI category distribution associated with that location. For each location, we use the POI
category count vector provided in the dataset, normalize it, apply PCA for dimensionality reduction,
and then cluster the resulting representations into a predefined number of groups using the k-
means++ algorithm. Each cluster represents an urban function derived from the POI distribution
associated with each location.

In summary, locations are modeled using both the Area2Vec-based and POI-based approaches,
and the resulting clusters are treated as the urban functions of the corresponding locations.
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Fig. 2. Overview of the proposed CLIFT framework. CLIFT consists of two Transformer-based encoders: (1)
the general lifestyle pattern encoder that learns cross-city transferable lifestyle patterns based on the urban
functions of visited locations, and (2) the city-specific mobility pattern encoder that learns mobility patterns
unique to each city based on visited locations. The outputs of these encoders are fused and passed to the
downstream predictor, LP-BERT, which performs multi-step mobility prediction.

4 Methodology

In this section, we describe the overall architecture of the CLIFT framework, which consists of
three main components: (1) the general lifestyle pattern encoder that learns transferable behavioral
patterns across cities, (2) the city-specific mobility pattern encoder that captures local spatial
characteristics such as urban structures and movement tendencies, and (3) LP-BERT, a downstream
predictor that fuses both representations and predicts future human mobility. Both encoders are
pre-trained independently on their respective training data and subsequently fine-tuned during LP-
BERT training. Figure 2 illustrates the overall architecture and process flow of the CLIFT framework.

4.1 General Lifestyle Pattern Encoder

The general lifestyle pattern encoder is designed to learn transferable lifestyle patterns across cities
based on urban functions of visited locations. These patterns, such as commuting to office areas,
shopping in commercial districts, and leisure activities during evenings, exhibit consistent temporal
and functional characteristics across different urban contexts. As shown in Figure 3, the encoder
consists of an Embedding layer and multiple Transformer Encoder layers. We adopt the Transformer
architecture because its self-attention mechanism is well suited to capturing complex, long-range
temporal dependencies in time-series human mobility data. For each user u, the input to the general
lifestyle encoder is the entire mobility history, represented as:

M = [ty AR i = 1,....T], ®)

where f; denotes the urban function assigned to the ith visited location, and d;, t;, w;, and At
denote the date, time, weekday, and time difference between consecutive movements (timediff),
respectively. Here, T denotes the number of movements observed in the user’s mobility history.
During training, the urban functions for a subset of movements in the sequence are randomly
masked, and the model learns to predict the masked values from the surrounding context, following
the masked modeling strategy popularized by BERT [40]. Since the encoder is designed to learn
general contextual representations, the masked positions are sampled independently rather than as
contiguous spans. Each input token (f;, d;, t;, wi, At;) is mapped to dense embeddings and summed
to form a unified representation:

m%ife =ertegte te, ey, (4)
where e £ €d> € €y, €y Are learned embeddings for urban function, date, time, weekday, and
life
1

timediff, respectively. The resulting sequence Mf¢ = [mlife | mljife] is processed by a stack of L
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Fig. 3. Detailed architecture of the dual encoders used in CLIFT. Each encoder comprises an Embedding
layer and multiple Transformer Encoder layers, with a linear layer module applied exclusively during encoder
pre-training.

Transformer encoder layers to obtain contextualized representations:
Hlife = TransformerEnc(M!fe) = [hllife, hlzife, s thife]. (5)

Each output vector h}ife captures cross-city temporal and functional dependencies across the entire
sequence, representing the contextualized lifestyle pattern embedding for the ith timestep. A linear
output layer is attached only during the pre-training phase of the encoder to predict the masked
urban functions. Let M denote the set of masked positions. The model is optimized using the
cross-entropy loss computed only over these positions:

Lige = — Y, log P(f; | HI), (6)
iem
where P(f; | H'¢) is obtained by applying a softmax layer over all possible urban function types.
The general lifestyle pattern encoder is pre-trained on multi-city data to learn generalizable lifestyle
patterns.

4.2 City-specific Mobility Pattern Encoder

The city-specific mobility pattern encoder captures mobility patterns unique to each city, reflecting
its local urban structure and movement characteristics based on the visited locations. Similar to
the general lifestyle pattern encoder described in Section 4.1, it consists of an Embedding layer
and multiple Transformer Encoder layers. Unlike the general lifestyle pattern encoder trained on
multi-city mobility data, this encoder is trained separately for each city to capture local mobility
characteristics. For each user u, the input to the city-specific mobility pattern encoder is the entire
mobility history, represented as:

M;nob = [(li, di’ti> Wi Atl) | i= 1’ ""T]’ (7)

where [; represents the visited location, while d;, t;, w;, and At; denote the associated temporal
attributes. Following the same training strategy as the general lifestyle pattern encoder, the locations
for a subset of movements in the sequence are randomly masked, and the model learns to predict
the masked values from the surrounding context. Each input token (I;, d;, t;, w;, At;) is embedded as:

b _
m"" =e, +e; +e +e, +ey, (8)

where €, €j, €, €, €y are learned embeddings for location, date, time, weekday, and timediff, re-

spectively. The resulting sequence M™P = [mrlmb, ces m?"b] is then processed by the Transformer
encoder layers to obtain contextualized mobility representations:

H™ = TransformerEnc(M™") = [hi°b, hrzn"b, ,h?"b]. 9)
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Each output vector hl’-nOb captures city-specific spatial and temporal dependencies, serving as the
contextualized representation of the ith movement. A linear output layer is attached only during the
pre-training phase of the encoder to predict the masked locations. As in the general lifestyle pattern
encoder, let M denote the set of masked positions. The model is optimized using the cross-entropy
loss computed only over these positions:

Lunoh = = ), log P | H™), (10)
ieM
where P(l; | H™P) is computed via a softmax over the set of locations in the target city. The
city-specific mobility pattern encoder is pre-trained on single-city data to learn local mobility
patterns.

4.3 Downstream Prediction with LP-BERT

LP-BERT [9] serves as the downstream predictor in CLIFT. Originally proposed as a single-city
next-location prediction model, LP-BERT consists of an Embedding layer, multiple Transformer
Encoder layers, and a Linear output layer, with all components trained separately for each city. As
illustrated in Figure 2, we extend LP-BERT to the multi-city setting by replacing its Embedding
layer with the two pre-trained encoders—the general lifestyle pattern encoder and the city-specific
mobility pattern encoder—whose fused outputs are fed into the shared Transformer encoder layers
for downstream prediction.

Given a user’s mobility history MSUFT = [(1, f,,dy,ty, wy, Ay, ..., (Ip, fr. dp tr, wr, Atp)], the
two encoders process temporally aligned sequences derived from MuCLIF T, receiving different input
attributes. The general lifestyle pattern encoder takes urban functions (fi, ..., fr) with temporal fea-
tures (d;, t;, wi, At;), whereas the city-specific mobility pattern encoder takes locations (I, ..., ) with
the same temporal features. Each encoder outputs a temporally aligned representation sequence:

Hlife — {hllife’ m,thife}, Hmob — {hrlnob’ m’h¥ob}, (11)

where Hfe and H™°P denote the encoded representation sequences produced by the general
lifestyle pattern encoder and the city-specific mobility pattern encoder, respectively. These two
encoded sequences are fused in an element-wise manner, where the corresponding representations
at each timestep are added together to form the integrated representation sequence:

Z ={zq,...,27}, wherez; = hlhfe + hlm(’b, (12)

where Z represents the fused sequence obtained by summing the outputs of the two encoders. The
fused sequence Z is processed by the Transformer Encoder layers of LP-BERT to capture contextual
dependencies across all timesteps:

HCUFT = TransformerEnc(Z) = [h{MFT h§LFT, | hSHFT] (13)

Each output vector hiCLIFT encodes contextual information from both cross-city and city-specific
patterns. During training, we randomly select consecutive movements in the sequence and mask
both their locations and urban functions in the inputs; LP-BERT then learns to predict the masked
locations from the surrounding context in HMFT, Unlike the original BERT model in natural
language processing, which masks random tokens, LP-BERT masks consecutive movements to
capture the temporal continuity of human mobility better. The model is optimized using the

cross-entropy loss computed only over the masked positions (M):

Leppr=— ., log P(; | HELFT), (14)
ieEM
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Fig. 4. Spatial distribution of data volume per location in the dataset.

where P(l; | H'MFT) is computed via a softmax over the set of locations in the target city. Although
both locations and urban functions are masked as inputs, the loss is computed only on the masked
locations. Gradients are propagated through the entire architecture, and the parameters of LP-BERT
and two pre-trained encoders are jointly optimized for each target city. For each target city, LP-BERT
is trained on the mobility histories of users in that city. This enables CLIFT to preserve cross-city
generalization from pre-training while adapting to city-specific characteristics.

During inference, the model receives a user’s complete mobility history up to time T and the
temporal attributes of future steps (dr11 . T4k 1741 : T+K> Wrt1: T+ Dtr41: T+K)- For the prediction
window, the future locations and their corresponding urban functions are masked and fed as inputs
to both encoders. We replace them with the same dedicated mask tokens as during training, and
the model then predicts all unknown locations simultaneously in a single forward pass from the
resulting contextual representations:

ii = argmax P(; | H*FT), i [T+1,T +K], (15)

where i, denotes the location that attains the maximum predicted probability of being visited at
timestep i.

5 Experiments

This section presents the experimental design. We first describe the dataset and task settings used
in the experiments, followed by the procedures for estimating the urban function of locations
and training the models. Finally, we conduct comparative experiments against baseline methods,
perform ablation studies to analyze the contribution of each component in CLIFT, and investigate
fusion methods for the two encoder outputs.

5.1 Dataset and Task Settings

We conducted experiments on LYMob-4Cities, an open multi-city human mobility dataset con-
structed as a four-city subset of the large-scale GPS-based YJMob100K dataset [11]. This dataset
has been adopted as the official benchmark in the HuMob Challenge 2024. It contains user mobility
histories from four Japanese cities with varying scales. Table 2 summarizes the statistics of the
dataset used in the experiments, and Figure 4 visualizes the spatial distribution of data volume across
locations. Each mobility history spans 75 consecutive days and is recorded at 30-minute intervals,
with each record representing a movement between 500m x 500m grid cells. Time intervals without
observed movements are treated as missing data, and the dataset consists only of actually observed
movements. The names of the cities and the data collection period are not disclosed in order to
protect user privacy. We designated 20% of users per city as prediction targets and an additional
10% for validation. The task is to predict the visited locations of each target user at 30-minute
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Table 2. Dataset Summary

City A City B City C CityD
Number of Users 100,000 20,000 15,000 3,000
Number of Target Users 20,000 4,000 3,000 600
Number of Records 111,535,175 20,253,615 14,425,227 4,352,478
Number of Locations 40,000 40,000 40,000 40,000

intervals during the 15 days following day 60 of their mobility histories, where only timesteps
with actually observed movements are included. For training all models (the two encoders and
LP-BERT), we used the mobility histories of non-target users across all 75 days, along with the
first 60 days of the target users’ histories. Since the dataset provides only location, date, and time
for each movement, we derived additional temporal features: weekday (inferred from daily data
volume patterns) and time difference between consecutive movements (timediff). Concretely, we
identified a clear 7-day periodicity in the daily movement volume, treated days with markedly
fewer movements as weekends, and aligned the local minima of this 7-day pattern with these days
to reconstruct weekday labels. Data volume analysis is provided in Appendix A.
To evaluate prediction accuracy, we employed two metrics: GEOBLEU and Top-k accuracy.

— GEOBLEU [41]
GEOBLEU is an evaluation metric for mobility prediction inspired by BLEU [42] in natural
language processing. It measures the local sequence-level accuracy of mobility trajectories
based on N-grams. Higher values indicate better performance: a score of 1 represents a perfect
match. In this study, we set N to the default value of 3.

— Top-k Accuracy
Top-k accuracy measures the probability that the ground-truth location is among the k
predicted locations. We report results for k = 1 and k = 5.

5.2 Estimating the Urban Function of Each Location

We estimated the urban function of each location using two approaches: the Area2Vec-based
approach [8] and the POI-based approach, as described in Section 3.3. The number of clusters
was determined through preliminary experiments comparing multiple settings (e.g., 16, 36, and
64 clusters) presented in Appendix B; we adopted 36 clusters. Figure 5 visualizes the resulting
functional clusters obtained from both approaches.

Area2Vec-based approach. We trained Area2Vec using mobility histories from all four cities
(excluding the data from the prediction target period days 61-75 for target users) to learn latent
representations of locations based on visit patterns over days of the week and times of day. The
model was trained for 100 epochs to obtain stable embeddings, learning for each location an 8-
dimensional latent representation from its visit-frequency patterns over 7 weekdays and 24 hourly
time slots. The dimensionality was set to 8, following the original Area2Vec study, as this was
found to be sufficient to represent the visit patterns. After training, we jointly clustered the location
vectors from all four cities into 36 groups using the k-means++ algorithm, yielding a shared set of
urban function categories across cities. Locations with insufficient visit data (10 or fewer visits)
were assigned to an additional cluster, resulting in 37 clusters in total.

POI-based approach. For the POI-based estimation, we used the POI data provided in the same
dataset [11]. Each location was represented as an 85-dimensional count vector corresponding to POI
categories (e.g., restaurants, cafes, and retail stores). The vectors were L1-normalized and reduced
to eight dimensions using PCA, with the dimensionality chosen to match that of the Area2Vec
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Fig. 5. Comparison of estimated urban functions of locations between the Area2Vec-based and POl-based
approaches. For each city, locations are classified into 37 clusters, each represented by a distinct color (the
grey cluster represents locations where mobility data or POI data are sparse). Each cluster is treated as the
urban function assigned to the corresponding locations.

embeddings. We then jointly clustered the locations from all four cities into 36 groups using the
k-means++ algorithm. Locations without any POIs were assigned to an additional cluster, also
yielding 37 clusters.

5.3 Training CLIFT (Pre-trained Encoders and Downstream Predictor)

This subsection details the training procedures for the two pre-trained encoders and the downstream
predictor, LP-BERT. The hyperparameters used in all training processes are summarized in Table 3.
All models were implemented in PyTorch and experiments were conducted on the NVIDIA H100
GPU, with 96 GB of memory.

5.3.1 Pre-training the Encoders. The general lifestyle pattern encoder was trained as a shared
model on mobility data from all four cities, whereas the city-specific mobility pattern encoder
was trained independently for each city on its own mobility data. For both encoders, we used
the mobility histories of non-target users across all 75 days and the first 60 days of the target
users’ histories. During pre-training of these encoders, 20% of the movements in each mini-batch
were randomly selected and masked, and the masked positions were re-sampled at every training
iteration. This follows the masked modeling strategy, where the model learns to reconstruct masked
tokens from their surrounding context. The encoders were optimized using the masked prediction
losses described in Sections 4.1 and 4.2, and each encoder was trained for 300 epochs using the
AdamW optimizer (learning rate: 1le-4).

5.3.2 Training LP-BERT. LP-BERT takes the outputs of the two pre-trained encoders as input
and is trained on users’ mobility histories in each city. As in pre-training the encoders, we used the
mobility histories of non-target users across all 75 days and the first 60 days of the target users’
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Table 3. Hyperparameters of CLIFT

Layers Attention Heads Learning Rate Batch Size Embed Size

General Lifestyle Pattern Encoder 4 8 le-4 64 128
City-Specific Mobility Pattern Encoder (City A, B, C) 4 8 le-4 16 128
City-Specific Mobility Pattern Encoder (City D) 3 8 le-4 8 128
Downstream LP-BERT (City A, B, C) 2 8 5e-5 16 128
Downstream LP-BERT (City D) 2 8 5e-5 8 128

histories for training. For each user, a continuous 15-day window—set to match the prediction
period—was masked as the prediction targets, with the starting position randomly re-sampled at
every training iteration. For non-target users, this 15-day window could span any part of the 75-day
history, whereas for target users it was sampled within the first 60 days. All model parameters,
including those of both encoders and LP-BERT, were jointly optimized for each target city, as
described in Section 4.3. LP-BERT was trained for 100 epochs using the AdamW optimizer (learning
rate: 5e-5).

5.4 Comparison with both Single-City and Multi-City Baseline Models

We compared CLIFT against six baselines spanning recurrent models (LSTM, ST-LSTM, and STGN)
and Transformer architectures (Transformer, LP-BERT, Cross-city BERT). For the single-city base-
lines (LSTM, ST-LSTM, STGN, Transformer, and LP-BERT), we trained an independent model for
each city using only the mobility data from that city, while Cross-city BERT was trained once as a
multi-city model on the combined data from all four cities, consistent with its original formulation.
The baselines were also provided with the temporal features for both the historical sequence and the
prediction window. All models were implemented in PyTorch, following their original descriptions,
with hyperparameters tuned for the best Top-1 accuracy (details in Appendix C).

— LSTM [43]
Model that processes visited locations sequentially with LSTM cells and predicts the next
location at each step.

— ST-LSTM [6]
LSTM-based model that integrates spatial and temporal intervals into the gating mechanism
to capture the effects of travel distance and time gaps.

— STGN [44]
LSTM-based model that integrates time and distance information to model dependencies
between consecutive movements within a trajectory.

— Transformer [7]
Transformer Decoder-based model that leverages attention mechanisms to learn long-range
spatial and temporal dependencies in mobility trajectories.

— LP-BERT [9]
Transformer Encoder-based model that learns spatiotemporal mobility patterns through
masked learning inspired by the BERT architecture.

— Cross-city BERT [36]
Transformer Encoder-based model that jointly learns mobility patterns across multiple cities
to improve adaptation in cities with limited data.

Table 4 summarizes the prediction results of CLIFT and the baseline models. Since
CLIFT (Area2Vec) and CLIFT (POI) exhibit comparable performance, we report the absolute improve-
ments using CLIFT (Area2Vec) as a representative configuration. Based on the average performance
across the four cities, CLIFT (Area2Vec) improves GEOBLEU from 0.2905 to 0.3229 and Top-1
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Table 4. Prediction Results for Each Model Across Cities [GEOBLEU (GEO)T, Top-11, and Top-51]

Model City A (100,000) City B (20,000) City C (15,000) City D (3,000)
GEO Top-1 Top-5| GEO Top-1 Top-5| GEO Top-1 Top-5| GEO Top-1 Top-5
LSTM [43] 0.1825 18.26 36.79 | 0.1632 15.73 33.39 | 0.1684 16.58 32.44 | 0.0777 6.18 15.77
ST-LSTM [6] 0.2007  20.04 39.14 | 0.1757 16.88 35.04 | 0.1771 17.14 33.75 | 0.0803  6.65 14.94
STGN [44] 0.2029 2031 40.41 | 0.1905 1895 37.92 | 0.1945 19.55 37.29 | 0.1777 1537 31.74
Transformer [7] 0.2561 2294 47.57 | 0.2358 20.80 43.49 | 0.2264 20.81 41.65 | 0.2462 18.90 42.58
LP-BERT [9] 0.3264 2996 56.47 | 0.2919 27.64 54.06 | 0.2894 27.84 5227 | 0.2543 24.00 50.04
Cross-city BERT [36] | 0.3232  29.55 56.12 | 0.3090 28.59 55.67 | 0.3056 28.87 54.06 | 0.2925 25.20 53.29
CLIFT (Area2Vec) | 0.3460 32.06 58.53 | 0.3281 30.99 57.49 | 0.3228 31.05 55.62 | 0.2946 26.96 53.55
CLIFT (POI) 0.3459 32.07 58.49 | 0.3281 30.80 57.41 | 0.3223 30.97 55.65 | 0.2943 27.15 53.61

The bold entries indicate the results of the proposed method (CLIFT).

accuracy from 27.36% to 30.27%, corresponding to absolute gains of 0.032 and 2.91 percentage
points, respectively, over the single-city baseline (LP-BERT). Compared to the multi-city base-
line (Cross-city BERT), CLIFT (Area2Vec) improves GEOBLEU from 0.3076 to 0.3229 and Top-1
accuracy from 28.05% to 30.27%, corresponding to absolute gains of 0.015 and 2.21 percentage
points, respectively. These results confirm the effectiveness of CLIFT in multi-city human mobility
prediction.

The comparison between LP-BERT and Cross-city BERT highlights the effect of city scale and data
availability. In smaller cities with fewer users (Cities B, C, and D), Cross-city BERT achieves higher
accuracy by transferring patterns from data-rich cities to these smaller cities. In the largest City A,
LP-BERT performs better, indicating that when sufficient data are available, single-city models can
fully learn local mobility patterns, whereas multi-city models may suffer from the additional noise
introduced by other cities. CLIFT addresses this trade-off by jointly leveraging cross-city and city-
specific patterns, enabling the model to consider them simultaneously. However, for City D—the
smallest city with only 3,000 users—the improvement over the multi-city baseline is more limited
than in other cities. This may be attributed to the extremely limited number of users, which prevents
the city-specific mobility pattern encoder from sufficiently learning local mobility patterns, while
also making it harder for the general lifestyle pattern encoder to adapt to the city’s characteristics.

We also examined the differences between the two urban function estimation methods. As
shown in Table 4, the difference in prediction accuracy between the Area2Vec-based and POI-based
approaches is minimal. Figure 5 further shows that the Area2Vec-based approach provides broader
spatial coverage, whereas the POI-based approach leaves some regions unclassified (grey indicates
locations with sparse mobility or POI data). The POI-based method performs well where POI data
are abundant—typically in city centers—but degrades in peripheral areas with limited POI data. In
contrast, the Area2Vec-based method is more robust in POI-sparse regions or when spatial cells are
small, although it may become noisy when cell sizes are too large. Overall, these results suggest
that the choice of estimation method should be guided by the availability and characteristics of
both POI and mobility data. Given these findings and the negligible difference in accuracy, we
adopt the Area2Vec-based estimation in subsequent experiments. We then conduct an ablation
study to assess the contribution of each component in CLIFT.

5.5 Ablation Study
To evaluate the contribution of each component in CLIFT, we conducted an ablation study using
model variants with specific modules removed. Throughout this subsection, we used the Area2Vec-
based urban function representation. We compared the following three configurations:
— LP-BERT w/ Urban Function of Locations (UF)
Baseline model that directly embeds the urban function of locations and feeds them into
LP-BERT without using both of the proposed pre-trained encoders. Concretely, the urban
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Table 5. Prediction Results for Ablation Models Across Cities [GEOBLEU (GEO)T, Top-11, and Top-57]

Model City A (100,000) City B (20,000) City C (15,000) City D (3,000)
GEO  Top-1 Top-5| GEO Top-1 Top-5| GEO Top-1 Top-5| GEO Top-1 Top-5
LP-BERT w/ UF 0.3254 2993 5642 | 0.2938 27.73 5432 | 0.2894 2790 52.50 | 0.2633 24.41 50.98
CLIFT w/o LE 0.3423 31.66 58.13 | 0.3223 30.23 56.83 | 0.3163 30.31 55.02 | 0.2816 25.87 52.29
CLIFT w/o ME 0.3411  31.63 57.79 | 0.3218 30.52 56.70 | 0.3187 30.78 55.10 | 0.2880 26.72 52.84
CLIFT (Area2Vec) | 0.3460 32.06 58.53 | 0.3281 30.99 57.49 | 0.3228 31.05 55.62 | 0.2946 26.96 53.55

The bold entries indicate the results of the proposed method (CLIFT).

function embedding is added element-wise to the original LP-BERT input embedding before
being passed to the Transformer of LP-BERT.

— CLIFT w/o General Lifestyle Pattern Encoder (LE)
Variant that uses only the city-specific mobility pattern encoder, while directly embedding the
urban function of locations as additional inputs to LP-BERT. Concretely, the urban function
embedding is added element-wise to the output of the city-specific mobility pattern encoder
before being passed to LP-BERT.

— CLIFT w/o City-specific Mobility Pattern Encoder (ME)
Variant that uses only the general lifestyle pattern encoder, while directly embedding locations
as additional inputs to LP-BERT. Concretely, the location embedding is added element-wise
to the output of the general lifestyle pattern encoder before being passed to LP-BERT.

The results are summarized in Table 5. CLIFT (complete model) achieved the highest overall
accuracy among all variants, demonstrating the effectiveness of using two complementary encoders
to model both general lifestyle patterns and city-specific mobility patterns. Simply adding urban
function embeddings to the original LP-BERT inputs (LP-BERT w/ UF) yielded the lowest accuracy,
indicating that providing urban function information as an additional input is insufficient for
capturing transferable lifestyle patterns. Removing the general lifestyle pattern encoder (CLIFT
w/o LE) prevented the model from capturing cross-city commonalities, leading to a noticeable
decrease in accuracy, particularly for data-scarce cities (Cities B-D). Similarly, removing the city-
specific mobility pattern encoder (CLIFT w/o ME) limited the model’s ability to learn local mobility
characteristics, which also resulted in reduced performance. Overall, the ablation study shows
that CLIFT effectively integrates transferable cross-city knowledge with city-specific mobility
characteristics, validating the design choice of using two complementary encoders for robust
mobility prediction.

5.6 Fusion Methods for the Two Encoder Outputs

In CLIFT, the outputs of the two encoders—the general lifestyle pattern encoder and the city-specific
mobility pattern encoder—are added as in Equation (12) and fed into the downstream predictor
LP-BERT. However, other fusion strategies for combining the encoder outputs are also conceivable.
We therefore compare this addition-based fusion with a concatenation-based fusion:

Z={zy,...,27}, z;= concat(h}ife, hlm"b), (16)

where concat(:,-) denotes vector concatenation. As summarized in Table 6, under the addition-
based fusion strategy the dimensionality of the vector sequence fed into LP-BERT is identical to
the output dimensionality of each encoder, whereas under the concatenation-based strategy the
dimensionality of the representations received by LP-BERT is doubled. In all other respects, the
architecture and training hyperparameters of LP-BERT are kept identical across the two fusion
strategies. The experimental results are summarized in Table 7. As shown in Table 7, concatenation-
based fusion achieves slightly higher prediction accuracy than addition-based fusion. However,
concatenation doubles the dimensionality of the representations fed into LP-BERT, which may
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Table 6. Dimensionality of Representations in Each Component of CLIFT

Component Input and Output Dimension
General Lifestyle Pattern Encoder 128
City-Specific Mobility Pattern Encoder 128
Downstream LP-BERT Addition 128
Downstream LP-BERT Concatenation 256

Table 7. Prediction Results for Different Fusion Strategies Across Cities
[GEOBLEU (GEO)T, Top-11, and Top-51]

Model City A (100,000) City B (20,000) City C (15,000) City D (3,000)
GEO Top-1 Top-5| GEO Top-1 Top-5| GEO Top-1 Top-5| GEO Top-1 Top-5

CLIFT Addition 0.3460 32.06 5853 | 0.3281 30.99 57.49 | 0.3228 31.05 55.62 | 0.2946 26.96 53.55

CLIFT Concatenation | 0.3460 32.17 58.85 | 0.3290 31.06 57.99 | 0.3248 31.20 56.32 | 0.3033 27.55 54.97

increase representational capacity but also incurs higher computational cost. In CLIFT, LP-BERT can
effectively learn from the combined representations, and addition-based fusion therefore maintains
strong performance while keeping the model more computationally efficient.

6 Discussions

In this section, we further discuss the performance and characteristics of CLIFT. We first compare
its prediction performance under the same experimental setting and dataset as the international
competition HuMob Challenge 2024. We then examine its prediction performance under different
prediction conditions, and finally analyze how city characteristics influence the learned lifestyle
pattern representations.

6.1 Comparison with the HuMob Challenge 2024 Results

The dataset used in this study, “LYMob-4Cities”, is the same dataset employed in the international
competition HuMob Challenge 2024. Since the scores of the top-performing teams in the Hu-
Mob Challenge 2024' are publicly available, we can directly compare our prediction performance
with theirs under the same task setting. To this end, we conducted an experiment comparing
CLIFT with the top-ranked teams from the challenge. This experiment used the full version of
the LYMob-4Cities dataset (City A: 100,000 users; City B: 25,000 users; City C: 20,000 users; City
D: 6,000 users). Following the official task definition, the goal was to predict the final 15 days of
30-minute-interval movements after day 60 for 3,000 users from each of City B, City C, and City D.
Evaluation was conducted using GEOBLEU and DTW (Dynamic Time Warping) [45], following
the official evaluation scripts released by the organizers; higher GEOBLEU and lower DTW indi-
cate better performance. The final score was computed as the average performance across users
in the three target cities. For comparison, we adopted the top-3 teams in GEOBLEU [36, 46, 47]
and the top-3 teams in DTW [47-49] as baselines, which include Transformer-based models and
LLM-based methods. For training CLIFT, we adopted the same configuration as in the HuMob
Challenge 2024, using all 75 days of mobility histories from non-target users in Cities A-D together
with the first 60 days of the target users’ trajectories. All training hyperparameters were the same
as those used in Section 5.3. The prediction results are summarized in Table 8. CLIFT outper-
formed the top-ranked approaches in the HuMob Challenge 2024 in both GEOBLEU and DTW,
achieving superior performance over a wide range of methods under the same dataset and task
setting.

https://wp.nyu.edu/humobchallenge2024/final-results/
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Table 8. Prediction Results for Comparison With the HuMob Challenge 2024
[GEOBLEU (GEO)T, DTW|]

Average (City B, City C, City D)
Model GEOT DTW]
Ist prize GEOBLEU [46] 0.319 28.21
2nd prize GEOBLEU [47] 0.309 27.96
3rd prize GEOBLEU [36] 0.305 30.45
Ist prize DTW [48] 0.290 27.15
2nd prize DTW [49] 0.226 27.70
3rd prize DTW [47] 0.309 27.96
CLIFT (Area2Vec) Addition 0.320 25.81
CLIFT (Area2Vec) Concatenation 0.322 25.72

The bold entries indicate the results of the proposed method (CLIFT).

6.2 Evaluation of Prediction Performance under Varying Conditions

In this section, we evaluate the prediction performance of CLIFT under different prediction con-
ditions. The experiments in Section 5 used a fixed setting: a 60-day input history and a 15-day
prediction window. Here, we extend this evaluation to two alternative prediction windows (7 and
10 days) and to incomplete input settings in which 25% or 50% of the input mobility history is
randomly removed. As baselines, we use LP-BERT and Cross-city BERT, which showed strong
prediction performance in Section 5. No additional training is conducted in this section; instead,
we perform prediction only under each condition using the models trained in Section 5.

Figure 6 shows the relationship between prediction window length and prediction accuracy, and
Figure 7 shows the relationship between the input trajectory ratio and prediction accuracy. As
shown in Figure 6, prediction accuracy tends to increase as the prediction window becomes shorter.
This result can be attributed to the fact that longer prediction windows involve greater uncertainty
in future mobility sequences, making it more difficult to predict future behavior from the mobility
history observed up to the present. In contrast, in City D, which has the smallest number of users,
the difference in prediction accuracy across prediction windows was limited. This suggests that,
because of the small amount of training data in City D, the models may not have captured mobility
patterns in sufficient detail, making differences in prediction difficulty across window lengths less
likely to be reflected in the prediction accuracy. Figure 7 also shows that prediction accuracy tends
to improve as the observed ratio of the input trajectories increases. This result indicates that richer
input trajectories enable the models to capture users’ mobility context more accurately, leading
to better prediction performance. Although similar trends are observed for the baseline models,
CLIFT maintains higher prediction performance than the other methods under altered inference
conditions.

6.3 Regional Characteristics of Lifestyle Patterns

In the experiments described in Section 5, the general lifestyle pattern encoder—one of the core
components of CLIFT—was trained on mobility data combined from all four cities. However,
certain aspects of lifestyle patterns can differ across cities due to regional differences. To examine
how the amount and diversity of training data affect its representational capacity, we conducted
additional experiments in which only the training data for the general lifestyle pattern encoder were
varied. In these experiments, we reused the same set of Area2Vec-based urban function clusters
introduced in Section 5 and kept them fixed across all settings. We then considered the following
conditions:
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Fig. 6. Prediction accuracy under different prediction windows
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Fig. 7. Prediction accuracy under different input trajectory ratios

— Trained on users from all four cities (baseline: full multi-city training as in the experiments
of Section 5).

— Trained on 100% of users in City A (100,000 users).

— Trained on 50% of users in City A (50,000 users).

— Trained on 25% of users in City A (25,000 users).

— Trained on all users in City B (20,000 users).

— Trained on all users in City C (15,000 users).

In all cases, the city-specific mobility pattern encoder and LP-BERT were trained with the
same configurations as in Section 5. The experimental results are shown in Figure 8, where all
scores are normalized so that the encoder trained on users from all four cities (full multi-city
training) has a relative value of 1.0. The best performance was achieved when the general lifestyle
pattern encoder was trained on data from all cities, indicating that learning from diverse cross-city
behaviors improves its generalization ability. In City A, accuracy remained high even with reduced
training data, since abundant mobility records captured local mobility patterns and mitigated the
effect of reduced encoder capacity. In the medium-scale and small-scale cities (Cities B, C, and D),
performance declined more clearly as the training data decreased. These results indicate that the
representational strength of the general lifestyle pattern encoder grows with both the scale and
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Fig. 8. Comparison of general lifestyle pattern encoders trained with varying datasets. The upper row shows
GEOBLEU scores and the lower row shows Top-1 accuracy. All scores are shown as relative performance,
normalized so that the encoder trained on all users from all cities in the experiments of Section 5 (the baseline:
full multi-city training) has a value of 1.0.

diversity of its training data, making aggregated multi-city datasets effective for learning robust
lifestyle representations. Moreover, training the general lifestyle pattern encoder on data from a
single source city still improves prediction in another target city, suggesting that the learned lifestyle
patterns are transferable across cities. Nevertheless, the current approach does not explicitly model
factors such as seasonal variations or long-term shifts in mobility behavior. In addition, since the
model is trained solely on data from Japanese cities, it may not generalize to cities in other countries
where mobility behaviors differ substantially. Incorporating more diverse datasets spanning longer
time periods and multiple countries to address these limitations remains an important direction for
future work.

7 Conclusion

In this study, we proposed CLIFT, a novel human mobility prediction framework that simultane-
ously captures both general lifestyle patterns shared across cities and city-specific mobility patterns.
CLIFT employs two complementary pre-trained encoders—one learns transferable lifestyle patterns
across cities and the other captures local mobility tendencies—and integrates them through the
downstream predictor LP-BERT. This design enables CLIFT to jointly leverage global and local
characteristics. Experimental results on the real-world multi-city human mobility dataset show
that CLIFT consistently outperforms existing baseline models across multiple evaluation metrics.
On average, CLIFT improves GEOBLEU from 0.2905 to 0.3229 and Top-1 accuracy from 27.36%
to 30.27%, corresponding to absolute gains of 0.032 and 2.91 percentage points, respectively, over
the single-city baseline. Compared to the multi-city baseline, CLIFT improves GEOBLEU from
0.3076 to 0.3229 and Top-1 accuracy from 28.05% to 30.27%, corresponding to absolute gains of
0.015 and 2.21 percentage points, respectively. The ablation study further confirms the contribution
of each component, demonstrating the overall effectiveness of the CLIFT architecture. Moreover,
CLIFT outperformed the top-ranked teams in the international competition HuMob Challenge 2024,
demonstrating superior predictive performance under the same dataset and task setting.

As future work, we aim to extend the framework in three directions. First, while the current
anonymized dataset does not disclose city identities and thus prevented us from integrating external
geographic resources, we plan to extend our experiments to datasets with known city identities,
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incorporating richer urban context information such as street-view images, POI metadata, official
land-use maps, and textual descriptions of individual locations, which are expected to capture
cross-city similarities in greater detail and further improve prediction accuracy. Second, we will
study how to adapt the learned lifestyle and mobility representations to unseen cities, including
zero-shot and few-shot settings under distribution shifts such as seasonal changes and long-term
trends. Third, we will examine its computational efficiency and practical applicability, for example,
in large-scale demand forecasting and anomaly detection in real-world urban mobility systems.
Through these extensions, our ultimate goal is to develop a multimodal foundation model for human
mobility prediction that can robustly generalize to unseen cities by leveraging knowledge from
diverse heterogeneous modalities.
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Appendices
A Dataset Description

Figure 9 and Figure 4 present visualizations of the dataset used in this study. In Section 5, we use
Version 2 of the “LYMob-4Cities: Multi-City Human Mobility Dataset”,? whereas Section 6 employs
the full version that was released after the competition. Figure 9 summarizes the data volume in
terms of the number of users, days, and time slots. To infer the corresponding weekdays, we analyze
periodic patterns in the daily data volume: days with characteristically low volume are identified
as weekends, with day 0 aligned to Saturday and subsequent weekdays assigned sequentially.

Number of Records per User (Sorted)
City A City B City C City D

Number of Records per Date

e city A City B cityc city D

nes city A city B city c cityp

Fig. 9. Data volume per user, day, and time slot in the dataset.

B Comparison of the Number of Clusters for Urban Functions

We estimate the urban function of each location using Area2Vec-based representations: we first
learn Area2Vec embeddings from mobility histories and then perform clustering on these embed-
dings using the k-means++ algorithm. To identify the optimal number of clusters, we conducted
comparative experiments with three different cluster settings. In all settings, locations with sparse
mobility data were assigned to an additional cluster. The results are summarized in Table 9. Since
the 36-cluster setting achieved the highest average score, we therefore adopt 36 clusters in this
study.

Table 9. Prediction Results of Different Numbers of Clusters [GEOBLEU (GEO)T, Top-11, Top-57]

Model City A (100,000) City B (20,000) City C (15,000) City D (3,000)
GEO Top-1 Top-5| GEO Top-1 Top-5| GEO Top-1 Top-5| GEO Top-1 Top-5
CLIFT (16 clusters) | 0.3463 32.09 5851 | 0.3281 30.71 57.27 | 0.3226 30.87 5554 | 0.2923 26.63 53.23
CLIFT (36 clusters) | 0.3460 32.06 58.53 | 0.3281 30.99 57.49 | 0.3228 31.05 55.62 | 0.2946 26.96 53.55
CLIFT (64 clusters) | 0.3467 31.97 5848 | 0.3274 30.87 57.32 | 0.3223 30.99 55.62 | 0.2948 26.73 53.84

2https://zenodo.org/records/13237029
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C Training Parameters of Baseline Models

Table 10 summarizes the hyperparameters used for the baseline models. For each baseline, we
tuned hyperparameters on the available training-period data. We first adjusted the learning rate
while monitoring overfitting, and then tuned the number of layers. The final configuration for each
model was selected based on the Top-1 accuracy for the target users. For City D, we used a batch
size of 8 during training due to its relatively small data volume.

Table 10. Hyperparameters of Baseline Models

H. Terashima et al.

Layers Attention Heads Learning Rate Batch Size Embed Size Epochs
LSTM 1 - le-4 16 (8) 128 100
ST-LSTM 1 - le-4 16 (8) 128 100
STGN 1 - le-4 16 (8) 128 100
Transformer 3 8 le-4 16 (8) 128 100
LP-BERT 4 8 le-4 16 (8) 128 100
Cross-city BERT 4 8 le-4 16 128 100
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