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Abstract: Predicting future human mobility in urban environments is crucial for tackling a range of urban
challenges, such as planning shared-mobility deployments, managing event-related congestion, and designing
effective marketing strategies. Historical human stay records exhibit strong periodic patterns across days of
the week and times of day, and these recurring visits to specific locations provide valuable insights for predict-
ing future stays. Capturing these patterns in greater detail enables the model to learn features that reflect
long-term dependencies in stay records. Moreover, incorporating the most recent stay behavior—summarized
by daily aggregates of stay records—is essential for accurate prediction. Therefore, it is imperative to develop
an efficient learning and prediction framework that accounts for long-term dependencies while leveraging up-
to-date trends. To address these challenges, we propose NSP-BERT (Next Stay Prediction BERT), a model
for future stay prediction. NSP-BERT leverages the Transformer’s attention mechanism to capture long-
term dependencies in stay records, enabling efficient prediction without sequential processing. In addition,
we represent mobility data at the level of stay units which shortens the input sequence relative to conven-
tional time-step-based stay-area prediction and further improves computational efficiency. Experiments on
real-world human mobility datasets demonstrate that NSP-BERT achieves superior prediction accuracy and
efficiency compared with existing deep learning baselines for stay prediction.
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Fig. 1 Comparison between sequential prediction models and NSP-BERT.
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£ 3 FETVOFHER
Table 3 Prediction results.

Top-1 1 Top-5 1 GEOBLEU t DurationError | DurationMAE |
Modelepoch DTW |
(%) (%) (N=3) (h) (h)
RNNjpg 9.16 19.97 0.0622 20.88 155 5.022
LSTMsg 50.49 70.88 0.3418 7.290 136 4.379
iR GPTop 57.27 72.55 0.4154 6.449 137 4.443
TrajGPT*sp 59.37 76.43 0.4399 6.105 131 4.284
NSP-BERT 00 62.10 78.90 0.4746 6.663 52 1.720
RNNj0 3.61 37.55 0.0381 18.57 156 5.042
LSTMsg 50.64 71.25 0.3600 6.369 136 4.385
KR GPTy 56.71 74.80 0.4280 5.844 131 4.347
TrajGPT*gy 58.64 77.68 0.4280 5.503 125 4.195
NSP-BERTyy 61.21 79.63 0.4846 5.926 57 1.543
Nagoya: Top-1 Accuracy per Training Time 1 Nagoya: Top-5 Accuracy per Training Time 1 Nagoya: Duration Error per Training Time
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Fig. 5 Prediction accuracy vs Training time.
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Nagoya : Top-1 Accuracy per Input Data Ratio

Osaka : Top-1 Accuracy per Input Data Ratio
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Fig. 6 Prediction performance under input data sparsity.
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Nagoya: Top-1 Accuracy by Day

Osaka: Top-1 Accuracy by Day
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Fig. A-1 Parameter comparison experiments.
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Table A-1 Top three hyperparameter configurations ranked by Top-1 accuracy.
Layer Learning Rate Epoch Top-1 Accuracy Duration Error
1 le-4 100 9.94 156
RNN 1 2e-4 100 9.57 157
2 le-4 100 10.64 153
1 le-4 40 50.75 138
LSTM 1 2e-4 30 50.70 135
2 le-4 40 50.03 137
2 2e-4 20 57.33 133
GPT 2 5e-4 80 57.26 133
3 le-4 80 57.22 136
1 2e-4 90 59.45 128
TrajGPT* 1 2e-4 100 59.37 128
2 le-4 90 59.37 132
2 5e-4 90 62.41 52
NSP-BERT 3 2e-4 90 62.34 56
4 le-4 90 62.27 64
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