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Abstract  Predicting social network users’ out-of-town mobility based on their generated spatio-
temporal data has become an impending demand for urban collaborative management. User
out-of-town mobility is indeed a “long tail” event compared with user mobility inside a city,
resulting in extremely sparse check-in data generated by users in the out-of-town area. It is
difficult for existing studies to utilize the limited cross-city check-in data to model users’ out-of-town
mobility preference, and afterwards accurately predict users’ mobility outside the city. Toward
these issues, in this article, a novel intention-aware framework called TIEMPO (short for intenTIon-
awarE Mobility Preference mOdeling) for modeling user out-of-town mobility preference is

proposed and implemented. Firstly, in order to alleviate the data sparsity problem, abundant

Wi H 3 :2024-03-18 s ZE LR & Aii H 1 :2024-09-10. A PRTS 3] [ X 1 AAFL %3 4 F 4R 00 H (62302213) \H K A AR IS WS F 4T H
(U23A20296) \IL75 48 H IR B k4 (BK20210280) | v g i A2 SE ARl 55 9% (NS2022080) 5L H ¥e ). & I GEAE /R . Wi+ &l 2
2P L2 (CCPY £ B BB R 4 o #2031 58 B B9k . E-mail: xushuai?@nuaa. edu. cn. ZE18 5% . 18 1 . il 2082 . o 13155
Bl 2 (CCP) B g 23 b, 1 SR 58 40088 O S0 el 3 i 2 0 P B AR T 8082, P 31 5 Pl 4 (CCF) i 4 b o 6 B 5 40 38k e
SRR B T R P E LR S (CCP B e R, E BRI o S 2 4% A £ 50 (R BR 1 1, 20 . vh L
£ (CCPF) & B, FEBFFLAUR R H B ML LS =055 KB A ek 58 N 45 4.



2580

it am Al e

o
=B

trajectories are sampled from the constructed out-of-town location network via random walk,
based on which a specific number of user intentions for out-of-town mobility can be discovered
through unsupervised clustering. Secondly, the memory network is introduced to refine user
intentions from similar users’ out-of-town trajectories. Thirdly, following the idea of transfer
learning, user check-ins inside a city and user intentions outside a city are interactively modeled to
enhance user’s out-of-town mobility preference representation. Finally, the probability of a user
visiting an out-of-town location is quantified by integrating the user’s out-of-town mobility
preference representation and the location hidden representation. Extensive experiments based on
multiple cross-city check-in datasets are conducted, and empirical results indicate that the
proposed TIEMPO framework can effectively predict users’ out-of-town mobility in terms of the
visited locations, where the prediction accuracy metric Acc@10 shows a significant advantage of
12% —15% and the ranking reliability metric NDCG@10 achieves 3% —5% advantage compared

with the baseline models. Even in cold-start prediction scenarios, TIEMPO framework still has

2024 4F

the best performance.
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The problem studied in this paper is human mobility
modeling and prediction in the field of computational social
science. Human mobility prediction has practical significance
for serving major national needs such as smart city construction.
Existing studies are mainly based on the rich temporal-spatial
data accumulated in specific cities to solve the problem of
human mobility prediction within a city. However, the
extremely sparse human trajectories across cities and the lack
of temporal-spatial data in most cities make it difficult for
related works to cope with cross-city human mobility prediction.

In this paper, we consider an intriguing problem, that is
predicting a social network user’s visit location in the out-of-
town area, where users rarely leave trajectories due to the
long-tail nature of out-of-town mobility and the need for
personal privacy preserving. For this problem, the extreme
data sparsity issue and out-of-town user preference modeling
urgently need to be solved. To overcome the above challenges,
user mobility preference in down-town areas and interest drift
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cross-city mobility prediction, where an intention-aware user
mobility preference modeling framework called TIEMPO 1is
conceived and implemented. By inducing user travel inten-
tions in advance, TIEMPO is expected to enhance the
predictability of users” out-of-town mobility. Compared with
existing approaches, the proposed framework achieves more
accuracy under various prediction scenarios. In practical
terms, for any kind of user trajectories generated by location-
based services (not limited to geo-social networks)., the
proposed TIEMPO framework can be applicable for predicting
user visit locations outside the city as long as similar users’
trajectories can be properly collected.
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