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Abstract
Effective human mobility modeling and prediction constitute the
core prerequisites for various location-based applications. To en-
courage research in this direction, the ACM SIGSPATIAL Cup
2025 posed the challenge of predicting human mobility trajectories
from a sparse multi-city dataset. This paper presents our solution,
MoBERT, a BERT-like model that adapts and leverages mobility
semantics with additional direction and distance prediction, provid-
ing supplementary supervision signals for robust feature learning.
MoBERT models are trained in stages through curriculum learning,
where augmented trajectories are ordered by increasing mobility
entropy for training with progressively increasing difficulty. The
final score of our method is 0.14609, as measured by average GEO-
BLEU distances across four cities. Finally, we analyze the results
and discuss insights from our approach.

CCS Concepts
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1 Introduction
Mobility has played a fundamental role in human society through-
out history. From ancient hunter-gatherer societies where move-
ment was essential for survival, to contemporary urban environ-
ments where people exhibit unprecedented levels of spatial mobility,
human movement patterns have remained central to societal orga-
nization and individual life experiences. Modern human mobility
often follows observable patterns, such as daily work commutes,
exhibiting acknowledged predictability [16] that has encouraged
substantial research interest across multiple domains, spanning
market research, urban planning, transportation optimization, dis-
aster response management, and public health interventions.

Despite certain regularities represented in human mobility, ac-
curate next-location prediction in practice is a non-trivial decision-
making process involving intricate combinations of social interac-
tions, personal preferences, and geographic constraints. Thanks to
the large-scale proliferation of ubiquitous user devices passively col-
lecting location information, vast amounts of human mobility data
have become available, enabling methods based on deep learning
models to effectively understand complex human mobility patterns.
Specifically, sequential architectures, such as recurrent neural net-
works and Transformers [8, 18], are preferred choices as they are
suitable for modeling chronological mobility data [11, 17, 20]. There
are also approaches using convolutional/graph neural networks for
their excellence in local spatial pattern extraction [5, 13].

To establish a unified benchmark for promoting research in
human mobility prediction, the HuMob Challenge was founded
as workshops at ACM SIGSPATIAL conferences in 2023 [1, 2]. In
2025, it serves as the ACM SIGSPATIAL Cup (GISCUP 2025)1. This
challenge calls for innovative approaches to human mobility pre-
diction based on a large-scale, longitudinal, and discretized dataset
collected in four Japanese metropolitan areas, with prescriptive
train/test split and evaluation metrics [14, 19].

This paper presents the method utilized in our submission. We
design MoBERT, an encoder-only BERT-based model for human
mobility prediction [4]. In addition to essential location estimation
heads, MoBERT also incorporates two auxiliary predictions for
distances and directions to provide complementary supervision
signals for multi-task learning (MTL) [3], aiming to obtain com-
prehensive representations of mobility data. MoBERT is trained in

1https://sigspatial2025.sigspatial.org/giscup/index.html (last accessed: 27.09.2025)

https://orcid.org/0009-0009-1510-9002
https://orcid.org/0000-0002-6934-5854
https://orcid.org/0000-0002-5101-5793
https://orcid.org/0000-0002-6951-8022
https://doi.org/10.1145/3748636.3771316
https://creativecommons.org/licenses/by-sa/4.0
https://creativecommons.org/licenses/by-sa/4.0
https://creativecommons.org/licenses/by-sa/4.0
https://doi.org/10.1145/3748636.3771316
https://sigspatial2025.sigspatial.org/giscup/index.html


SIGSPATIAL ’25, November 3–6, 2025, Minneapolis, MN, USA Tianye Fang, Xuanshu Luo, Paul Walther, and Martin Werner

ACM Spaltenbreite 8,5cm
Trim 25.33cm

E
m

b
e
d

d
in

g Temporal

Spatial

Semantic

P
r
e
d

ic
ti

o
n

 

H
ea

d
s

Location

Distance

Direction

(1)

F
e
a

tu
r
e
 

In
te

r
a

c
ti

o
n

(2)

E
n

c
o

d
e
r

(3) (4)

𝑇𝑗
𝑇𝑗+1

𝑇𝑛

Figure 1: The proposed MoBERT architecture.

a curriculum learning fashion, where training data is ordered by
increasing difficulty to learn. Concretely, the predictability of tra-
jectories is quantified by the proposed mobility entropy estimator
based on Lempel-Ziv compression [21].

Our submission achieves an average GEO-BLEU score [14] of
0.14609 in the GISCUP 2025. The proposed method was originally
designed for the HuMob Challenge 2023 [1] and is capable of outper-
forming other solutions. We try to analyze potential reasons for the
performance degradation for the GISCUP 2025 and conclude that
MTL as a regularizer may impede convergence due to the increasing
temporal sparsity of data, resulting in model underfitting.

2 The GISCUP 2025
The GISCUP 2025 focuses on human mobility prediction, aiming to
estimate future locations given corresponding historical trajectory
data, where a trajectory contains a series of points 𝑝𝑖 with orders,
e.g., by timestamps 𝑡𝑖 . A trajectory 𝑇 of length 𝑛 can be formulated
as𝑇1:𝑛 = {(𝑝1, 𝑡1), (𝑝2, 𝑡2), . . . , (𝑝𝑛, 𝑡𝑛)}. Predicting the next location
𝑝𝑛+1 is to maximize the conditional probability P given 𝑇1:𝑛 , i.e.,

𝑝𝑛+1 = arg max
𝑝

P[(𝑝, 𝑡) | 𝑇1:𝑛] .

Similarly, we can also perform multistep prediction by maximizing
P[𝑇𝑛+1:𝑛+𝑘 | 𝑇1:𝑛], where 𝑘 is the prediction horizon.

The data for this year’s GISCUP are extended from a previously
published dataset, YJMob100k [19], synthetically constructed from
users’ smartphone location data in four Japanese cities. Trajectories
are discretized using a spatial grid of size 200×200 with a resolution
of 500𝑚×500𝑚 per cell. A temporal discretization is also performed
at 30min intervals. Each grid cell also includes spatial semantics and
context represented by a list of Points of Interest (POI) categories.
Together with the dataset, a standardized evaluation metric based
on GEO-BLEU is used for the competition [15].

3 Methodology
This section elaborates on the design details of MoBERT and the
training procedure based on curriculum learning.

3.1 Model Architecture
The overall architecture of the proposed MoBERT is depicted in
Figure 1. We explain every building block in the following sections.

3.1.1 Input Features. The model input comprises eight features
that collectively capture temporal, spatial, and semantic dimen-
sions. Spatially, each trajectory point is represented by its two-
dimensional grid coordinates 1 𝑥 and 2 𝑦 in the discretized space.
Temporal information encompasses four features: 3 the day in-
dex, 4 the time slot index within a day, 5 the day of the week,
and 6 the time interval between consecutive trajectory points to

model temporal continuity. Additionally, we incorporate 7 a binary
day/night indicator to distinguish between diurnal and nocturnal
movements. The semantic dimension is represented by 8 the top-k
most frequent POI categories associated with each grid cell as a list.
According to our experiments on City A, the optimal value of k is
determined to be 3, and this setting is retained in our submission.
This multi-faceted feature construction enables the model to learn
comprehensive spatiotemporal and semantic patterns in the data.

3.1.2 Feature Interaction. To effectively leverage the eight input
features, we design a feature interaction module that progressively
fuses information across different modalities. Each raw feature is
first independently encoded through a dedicated embedding layer,
transforming values into dense vector representations of identical
dimensionality. These eight feature embeddings are then processed
through two parallel pathways. The first pathway performs basic
fusion by directly summing all feature embeddings element-wise,
preserving individual semantic contributions. The second pathway
employs multi-head self-attention operating across the feature di-
mension to dynamically learn inter-feature dependencies, comput-
ing adaptive weights that emphasize relevant feature combinations
based on context. The outputs from both pathways are combined
through element-wise summation, yielding a unified representation
that maintains individual feature semantics while incorporating
learned relational patterns, thereby enhancing the model’s capacity
to understand complex mobility behaviors.

3.1.3 Backbone. The sequential nature of mobility data motivates
the application of recurrent architectures [9], which have emerged
as predominant approaches for trajectory modeling, as their recur-
rent connections naturally accommodate variable-length sequences
and adapt to temporal patterns [10, 12]. However, they face in-
herent limitations, such as susceptibility to vanishing gradients
and constrained parallelization capabilities. Alternative paradigms
have been explored to address different challenges. Convolutional
approaches focus on extracting localized spatiotemporal patterns
but struggle with modeling global dependencies and generalizing
across diverse spatial contexts [13], while graph-based methods ex-
cel at representing spatial relationships through network structures
yet often lack temporal modeling mechanisms and comprehensive
spatial understanding [5]. In comparison, Transformer-based archi-
tectures have gained prominence in human mobility prediction due
to their ability to simultaneously capture long-range spatiotemporal
dependencies through self-attention mechanisms while enabling
parallelism [18]. Transformers typically demand substantial train-
ing data volumes. As the GISCUP 2025 utilizes a large-scale dataset,
Transformer-based solutions are thereby viable [11, 17].

Given these considerations, the proposed MoBERT adopts a
BERT-style encoder-only architecture for its distinctive advantages
in mobility prediction tasks [4]. Unlike autoregressive decoder mod-
els that generate predictions sequentially and accumulate errors
over forecasting horizons, BERT’s bidirectional encoding enables
parallel prediction of multiple future locations while leveraging
contextual information from the entire historical trajectory, thereby
preventing error propagation and naturally accommodating the
sparse, irregularly-sampled nature of real-world mobility data. To
deal with trajectories of different lengths, a padding mask is used.



Human Mobility Prediction with Multi-Task Curriculum Training SIGSPATIAL ’25, November 3–6, 2025, Minneapolis, MN, USA

ACM Textwidth 17,86cm
Trim 16,02cm

𝑇0

1 2 3 4 5 6

1

2

3

4

Location Prediction

1 2 3 4 5

1

2

3Y =

X =?

?

Discrete Distance Classification

1 2 3 4 5 6 7 8 9

Stationary? Walking? Cycling? Driving?

Categorical Movement Direction Prediction

NW?

W?

N? NE?

E?

SW? S? SE?

Figure 2: Visualization of the three prediction goals: next location, distance classification, and movement direction

3.1.4 Multi-task prediction. To enhance the primary location pre-
diction task, we incorporate multi-task learning by introducing two
auxiliary tasks that provide complementary supervision signals.
The motivation stems from the observation that human mobility
inherently involves multifaceted decision-making processes where
individuals simultaneously consider destinations, movement scales,
and directional preferences based on urban structure and personal
routines. Therefore, we introduce distance and direction predic-
tion as auxiliary tasks, which are universally derivable from any
trajectory dataset without additional annotations, ensuring broad
applicability across different mobility datasets. MoBERT produces
outputs for different tasks with different prediction heads.

All prediction goals are visualized in Figure 2. The primary loca-
tion prediction is formulated as a classification task and estimate by
direction to reduce the number of classes from 200 × 200 = 40000
to 200 + 200 = 400 in total. This approach leads to a more homoge-
neous class frequency, allowing for easier learning compared to the
traditional grid cell prediction. For the distance prediction task, we
discretize the Euclidean distance between consecutive trajectory
points into four classes representing typical movement scales:

𝑑𝑥 ∈ [0, 𝑟1) 𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑎𝑟𝑦

∈ [𝑟1, 𝑟2) 𝑤𝑎𝑙𝑘𝑖𝑛𝑔

∈ [𝑟2, 𝑟3) 𝑐𝑦𝑐𝑙𝑖𝑛𝑔

∈ [𝑟3,+∞) 𝑑𝑟𝑖𝑣𝑖𝑛𝑔

The parameters 𝑟1, 𝑟2, and 𝑟3 are determined empirically depend-
ing on the grid size of the dataset. The direction prediction task
discretizes geographic orientation into nine classes comprising
four cardinal directions, four ordinal directions, and a stationary
class. Both auxiliary tasks are formulated as classification problems
consistent with the primary location prediction task.

To ensure the backpropagation still working jointly for end-to-
end training, we designed a weighted total loss L consisting of a
linear combination of losses for each prediction head:

L = L𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛 + 𝜆1L𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 𝜆2L𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛

The weights 𝜆1 and 𝜆2 are empirically determined with a grid search
in the interval [0, 1]. This multi-task formulation acts as an implicit
regularizer, encouraging the model to learn more robust and gener-
alizable representations by considering multiple complementary
aspects of human mobility simultaneously.

3.2 Training Procedures
We propose an entropy-driven curriculum learning strategy to
address the heterogeneous complexity in human mobility data by
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Figure 3: Augmentation of trajectory samples (from left to
right: original trajectory, mirrored, rotated, and masked).

organizing training progression from simple to complex patterns.
Trajectory predictability is quantified using normalized Lempel-
Ziv compression entropy, which measures the rate at which new
movement patterns emerge in a sequence. This metric is grounded
in Fano’s inequality [7], establishing that lower-entropy trajectories
are fundamentally more learnable due to their higher regularity and
deterministic patterns. The trajectory entropy is quantified by the
proposed normalized Lempel-Ziv entropy estimator. Concretely,
trajectories are first symbolized by flattening coordinates (𝑥,𝑦)
through the transformation 𝑥 ∗ (𝑦𝑚𝑎𝑥 + 1) + 𝑦. The Lempel-Ziv
algorithm [21] then parses the symbolized trajectory, maintaining
a dictionary of observed subsequences and iteratively identifying
the shortest previously unseen subsequence at each position. The
entropy is estimated as 𝐻𝐿𝑍 = (ln𝑁 )/(𝑄 ln 2), where 𝑁 is the
total sequence length and 𝑄 is the average phrase length, then
normalized by dividing by log2 𝑁 to yield values between zero
(highly predictable) and one (random patterns).

The curriculum pipeline begins with trajectory augmentation
through horizontal mirroring, vertical mirroring, 180-degree rota-
tion, and masking, as shown in Figure 3. Augmented trajectories
are sorted by increasing normalized entropy and assigned progres-
sively longer prediction horizons. Based on the dataset’s entropy
distribution, curriculum pretraining proceeds through three stages:
trajectories with entropy below 0.4 and three-day prediction hori-
zon, entropy below 0.65 with seven-day horizon, and finally all
augmented data with the complete fifteen-day horizon. Following
curriculum pretraining, the model undergoes finetuning exclusively
on original trajectories for optimal adaptation to authentic mobil-
ity characteristics. This strategy enables the model to establish
robust foundational representations before gradually adapting to
increasingly irregular and unpredictable movement patterns.

4 Results
The achieved scores measured by GEO-BLEU in the GISCUP 2025
are presented in Table 1. We originally developed the proposed
method under the setting aligned with the HuMob Challenge 2023
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City A City B City C City D Mean

0.13796 0.13767 0.15690 0.15183 0.14609
Table 1: Evaluation results measured by GEO-BLEU.

[1], achieving a GEO-BLEU score of 0.354 and a DTW distance
of 26.15 [6], which outperformed other solutions in the challenge
according to the public leaderboard2.

However, the performance of the proposed method on the GIS-
CUP 2025 dataset is unsatisfactory. We compare the temporal spar-
sity of the GISCUP 2025 dataset and the HuMob Challenge 2023
version, where the sparsity is calculated as the ratio of time slots
with data to the total number of time slots within a day. In this way,
we find that the GISCUP 2025 dataset is more sparse than the 2023
version, leading to a smaller number of points per trajectory as
well as longer time intervals between trajectory points on average.
Therefore, this year’s dataset is significantly more difficult to learn.
Consequently, the MTL strategy as a regularizer impedes model
convergence. A possible modification is to remove MTL in the early
stages of training and re-introduce it during finetuning, further
aligning with the idea of curriculum learning.

5 Conclusion
This paper presents MoBERT, a BERT-based encoder architecture
designed for the human mobility prediction challenge posed by
the ACM SIGSPATIAL Cup 2025. MoBERT incorporates multi-task
learning for complementary supervision signals to enhance the
primary location prediction objective. We also propose an entropy-
driven curriculum learning strategy that progressively trains the
model on trajectories ordered by increasing predictability, as quan-
tified through normalized Lempel-Ziv compression entropy. Our
method achieves a mean GEO-BLEU score of 0.14609 for the GIS-
CUP 2025. While the approach demonstrated superior performance
on the HuMob Challenge 2023 dataset, we observe performance
degradation for the GISCUP 2025, which we attribute to increas-
ingly sparse trajectories. This analysis suggests that the multi-task
learning regularization may impede convergence under such sparse
data conditions, indicating potential refinements such as adaptive
integration of auxiliary tasks during different training phases.
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