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Abstract
Predicting human mobility has always been an important task in Location-based Social
Network. Previous efforts fail to capture spatial dependence effectively, mainly reflected in
weakening the location topology information. In this paper, we propose a neural
network-based method which can capture spatial-temporal dependence to predict the next
location of a person. Specifically, we involve a graph convolutional network (GCN) based on
a seq2seq framework to capture the location topology information and temporal dependence,
respectively. The encoder of the seq2seq framework first generates the hidden state and cell
state of the historical trajectories. The GCN is then used to generate graph embeddings of the
location topology graph. Finally, we predict future trajectories by aggregated temporal
dependence and graph embeddings in the decoder. For evaluation, we leverage two real-world
datasets, Foursquare and Gowalla. The experimental results demonstrate that our model has a
better performance than the compared models.
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1. Introduction

With the rapid development of mobile device hardware, many location-based services easily
collect various human activities records via intelligent equipment, including the number of
walking steps and geographic location. Subsequently, these datasets can be explored for
hidden information (such as user preference). Then, we can predict human movement from the
information [1]. This research has social contributions as well. Prediction of human mobility
provides better services, such as recommender systems. Moreover, such explorations of these
datasets are useful to social security, such as recognizing human activity recognition [2] and
preventing emergencies.
Currently, human mobility prediction has been extensively studied [3,4,5]. By studying the
mobility patterns of anonymized mobile phone users, Song et al. [6] found a 93% potential
predictability in user mobility. Besides, many research efforts on mobility prediction have
been conducted based on this high predictability [7,8,9]. In the early methods, many research
efforts predicted future trajectories with predefined mobile patterns, such as periodic patterns
and most frequently accessed [10,11,12,13]. These methods consider fewer features and
ignore complex transition regularities; therefore, they usually cannot obtain the ideal result.
After that, many research efforts focused on designing predictive models [14,15,16]. For
example, the Markov chain model is a commonly used method; it can capture the transition
regularities of historical trajectories.
Although the above methods have inspiring results, there are still several key problems to be
solved. First, the transition regularities are usually not simple; they are not only complex but
also aggregate many mobility patterns. Second, many researchers only consider the temporal
dependence [17,18,19] while ignoring the spatial dependence of continuous locations. The
association between locations has an unexpected influence on future trajectories; for example,
if some people went to some point of interests (POIs) such as entertainment venues, they may
continue to play or relax. If we only predict the future trajectories according to the sequential
transition regularities, we may obtain incorrect results in predicting continuing to play due to
visiting many entertainment venues during this period. However, they may be ready to relax.
Therefore, the spatial dependence of historical trajectories is needed to help us understand the
human movement. Furthermore, the collected data tend to be incomplete, which leads to the
sparsity of datasets. In other words, these problems collectively make it difficult for us to
explore various patterns and build a model.
To solve these problems, we propose a new deep learning method to predict the next
location. An embedding technology was used to handle the problem of sparsity. We convert
sparse location features (location id) into dense representations and take the latter as inputs of
the model. Meanwhile, we build our model based on the seq2seq framework. We take the
historical trajectory and current trajectory as the input of the encoder and decoder, respectively.
With this method, this framework considers the impact of past and current trajectory, which
helps us deeply capture the sequential transition regularities. Besides, we introduce a GCN
model to capture spatial dependence of historical trajectory, which can extract the correlation
of discrete locations. When we capture the temporal dependence from the seq2seq framework,
we aggregate the temporal dependence and spatial dependence to perform our prediction task.
Our salient contributions are summarized as follows:
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(1) We propose a new deep learning method with GCN based on the seq2seq framework,
where GCN captures the spatial dependence between historical trajectory and the seq2seq
framework is used to capture the time dynamics of the whole trajectory.
(2) We use a method to aggregate spatial dependence and temporal dependence with the
GCN and seq2seq framework. Specifically, we generate a graph embedding with a
mean-pooling strategy from GCN, and then we update a cell state generated from the encoder
with graph embeddings.
(3) We evaluate our model on the Foursquare and Gowalla datasets. The results demonstrate
that our model has a better performance compared with the traditional and other strong deep
learning methods, which shows our model’s effectiveness on location prediction.
The rest of the paper is organized as follows. We review relevant studies about location
prediction in Section 2. Then, we detail our methods, which include the detailed architecture
of the GCN and the seq2seq framework, in Section 3. Subsequently, we evaluate our model
with real-world check-in datasets in Section 4. We also introduce the parameter settings of our
model and analyze the results. Finally, we conclude the paper and introduce our future work in
Section 5.

2. Related Work
In this section, we review several types of methods for location prediction, including
model-based methods and pattern-based methods. Besides, we introduce related works of the
seq2seq framework and the GCN.
Existing research efforts can be divided into two categories: model-driven methods and
pattern-driven methods. First, the model-driven methods mainly explore the transition
regularities of trajectories, including instantaneous and steady-state relationships. The
commonly used model-driven methods are the Markov model and its variants [14,20,21,22].
The Markov model predicts future trajectories by building a transition matrix, which only
captures the simple transition regularities, which leads to poor performance. Therefore, many
variants of this model have been proposed. For example, Mathew et al. [14] clustered the
historical locations according to their characteristics and trained an HMM for each cluster.
These Markov-based methods had significant results on specific scenes, but they cannot
capture the temporal dependence and deeply extract the sequential regularity.
Second, pattern-driven methods mainly discover the mobility patterns of trajectories and
then predict future locations according to the analysis of patterns [23,24,25,26,27]. They tend
to discover the relationship between users and excavate trajectory patterns. For example,
Monreale et al. [23] proposed a location predictor T-pattern decision tree that finds the best
matching path in the tree. Meanwhile, matrix factorization (MF) and MF-based methods
[25,26] are frequently commonly used methods. Compared with pattern-driven methods, our
model can share sequential transition regularities with all users due to deep learning
technology.
With the rapid development of artificial intelligence, deep learning methods have received
more attention. For example, the recurrent neural network (RNN) is good at processing
time-series data. Besides, it has achieved great success in many research efforts, including
language models [28], text processing and forecast tasks [29,30]. To date, many researchers
have predicted human movement with RNN [9,17,18,19,31]. For example, Liu et al. [17]
proposed a spatiotemporal RNN (ST-RNN) to model time and location; this model considers
the geographic distance to predict the location. Then, Yao et al. [18] proposed a semantic
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enriched recurrent model (SERM), which learns the embedding of multiple factors (user,
location, time) and captures the semantic-aware spatiotemporal transition regularities.
Compared with the above models, our model predicts location based on the seq2seq
framework, which can deeply capture temporal dependence and transition regularities. We
also use a graph convolutional network to capture spatial dependence between discrete
locations from the historical trajectory.
In this paper, we build our model based on the seq2seq framework, which was proposed by
Sutskever et al. [32] and was first used in machine translation tasks, which significantly
improves the translation accuracy. Besides, the seq2seq framework has received more
attention in various fields [33,34,35]. In the human mobility prediction area, Feng et al. [35]
first proposed an attentional mechanism based on the seq2seq framework named DeepMove to
predict the future location, which captures the multi-level periodicity of historical trajectories.
Compared with DeepMove, we consider the spatial dependence of historical trajectory. In
particular, we add a GCN architecture to perform the prediction task. GCN was proposed by
Kipf et al. [36], which can capture the topologic structure of the graph network well.
Meanwhile, GCN has proven to be effective in traffic forecasting tasks [37,38].

3. Methodology
In this section, we first formulate the problem in Subsection 3.1 and present an overview of our
solution in Subsection 3.2. Then, we detail two important modules of our model. Subsection
3.3 introduces the GCN and the method of capturing spatial dependence. Subsequently, the
method for extracting temporal dependence with the seq2seq framework is detailed in
Subsection 3.4. Finally, we aggregate the two methods to build our model for prediction task
in Subsection 3.5.
3.1 Problem Formulation
In this paper, we aim to predict the next location of the users (human). For this, we first collect
historical locations of each user as their trajectories and then divide the whole trajectories into
the historical trajectory and current trajectory. In this paper, we fix the time interval and take
predicting the next location as the only task. Before going into detail, we will define
trajectories’ set M, and location graph set G first.
Definition 1: (Trajectories’ set M). First, we create a set of users denoted as 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 =
{𝑢𝑢1 , 𝑢𝑢2 , 𝑢𝑢3 , … , 𝑢𝑢𝑚𝑚 }. Then, we collect the trajectory of each user according to an hour’s interval.
Next, we divide each user’s trajectory into many sub-trajectories with a time span of one week.
Note that the period of each sub-trajectory is no more than one week, and the time span
between such sub-trajectories may exceed one week. For convenience, we take the example of
�𝑆𝑆

�

𝑢𝑢1 whose trajectories are set as 𝑆𝑆𝑢𝑢1 = [𝑆𝑆𝑢𝑢11 , 𝑆𝑆𝑢𝑢21 , 𝑆𝑆𝑢𝑢31 , … , 𝑆𝑆𝑢𝑢1𝑢𝑢1 ]. In each sub-trajectory of 𝑆𝑆𝑢𝑢1 ,
𝑡𝑡

𝑡𝑡

𝑡𝑡

𝑡𝑡

𝑡𝑡

𝑡𝑡

we create a location trajectory 𝑆𝑆𝑢𝑢𝑡𝑡 1 = [𝑙𝑙𝑢𝑢11 , 𝑙𝑙𝑢𝑢21 , 𝑙𝑙𝑢𝑢31 , … , 𝑙𝑙𝑢𝑢𝑇𝑇−1
, 𝑙𝑙𝑢𝑢𝑇𝑇1 ] where 𝑙𝑙𝑢𝑢11 indicates the
1
location where 𝑢𝑢1 went at the 𝑡𝑡𝑇𝑇𝑡𝑡ℎ time, and 𝑇𝑇 is the number of locations in this sub-trajectory.
To obtain the complete set of trajectories, we generate all the users’ sub-trajectories in the
same manner, which is denoted as ‘𝑀𝑀’ and expressed as 𝑀𝑀 = {𝑆𝑆𝑢𝑢1 , 𝑆𝑆𝑢𝑢2 , 𝑆𝑆𝑢𝑢3 , … , 𝑆𝑆𝑢𝑢𝑚𝑚 }.
Definition 2: (Location graph set G). As in Definition 1, we make a location trajectory 𝑆𝑆𝑢𝑢𝑡𝑡 .
Assume 𝑆𝑆𝑢𝑢𝑡𝑡 is the current trajectory of 𝑢𝑢, location graph 𝐺𝐺𝑢𝑢 corresponds to users’ historical
trajectory, i.e., 𝐺𝐺𝑢𝑢 = (𝑉𝑉𝑢𝑢 , 𝐸𝐸𝑢𝑢 ), where 𝑉𝑉𝑢𝑢 is a set of locations, and 𝐸𝐸𝑢𝑢 is a connection between
locations. 𝑉𝑉𝑢𝑢 = 𝑠𝑠𝑠𝑠𝑠𝑠(𝑆𝑆𝑢𝑢1 + 𝑆𝑆𝑢𝑢2 + ⋯ + 𝑆𝑆𝑢𝑢𝑡𝑡−1 ) , here, the + denotes merging of two
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sub-trajectories. Similarly, 𝐸𝐸𝑢𝑢 is a set of edges. We make the interconnection of every 𝑢𝑢’s
location sequence as the edges of 𝐺𝐺𝑢𝑢 ; in other words, we generate the edges by sequence order
of locations, and we do not consider the duplication between locations here. In addition, we
generate an adjacency matrix 𝐴𝐴𝑢𝑢 to represent the connection of every location, the adjacency
matrix 𝐴𝐴𝑢𝑢 only has two elements 0 and 1, where ‘1’ means a link exists between the two
locations and ‘0’ shows no link between the two locations, i.e., 𝐴𝐴𝑢𝑢 ∈ R𝑁𝑁𝑉𝑉𝑢𝑢 ∗𝑉𝑉𝑢𝑢 , 𝑁𝑁𝑉𝑉𝑢𝑢 is the
number of locations in 𝑉𝑉𝑢𝑢 . Therefore, the location graph’s set is represented as, 𝐺𝐺 =
{𝐺𝐺𝑢𝑢1 , 𝐺𝐺𝑢𝑢2 , 𝐺𝐺𝑢𝑢3 , … , 𝐺𝐺𝑢𝑢𝑚𝑚 }.
Problem Formulation: In this paper, we predict the next location via location graph
leveraging both the historical and current trajectories of 𝑆𝑆𝑢𝑢 . Specifically, given the historical
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑡𝑡
trajectories 𝑆𝑆𝑢𝑢1 , 𝑆𝑆𝑢𝑢2 , … , 𝑆𝑆𝑢𝑢𝑡𝑡−1 and current trajectory 𝑙𝑙𝑢𝑢1 , 𝑙𝑙𝑢𝑢2 , 𝑙𝑙𝑢𝑢3 , … , 𝑙𝑙𝑢𝑢𝑇𝑇−1 of 𝑆𝑆𝑢𝑢𝑡𝑡 , and considering
𝑡𝑡
the location graph 𝐺𝐺𝑢𝑢 , we predict the next location 𝑙𝑙𝑢𝑢𝑇𝑇 .
3.2 Overview

In this section, we overview our solution for mobility prediction. Our solution is based on a
variant of RNN, and the RNN model captures temporal dependence well due to its unique
architecture. However, the length of the trajectory of each user tends to be very long, which
has a negative influence on the RNN’s performance. Considering the results of [35], we
observe the RNN’s sensitivity towards the trajectories’ length; therefore, we also limit the
trajectories’ length.
Intuitively, we can perform this prediction task on a single RNN model, but it cannot
perform well. The first reason is the sensitivity of long-range dependence; we have mentioned
the shortage of RNN on long sequences. In this paper, we consider the impact of the whole
trajectory to predict mobility, but when the length of the trajectory is very long, RNN can only
capture the influence of the recent trajectory. Another reason is the sparsity of data. The
trajectories collected tend to be incomplete, which has a negative influence on data continuity,
which makes it more difficult for the single RNN to capture the sequential transition
regularities. In short, the long-term nature and sparsity of data make it difficult for the single
RNN to achieve good performance.
Based on the aforementioned facts, we build our model based on a seq2seq framework. We
use the encoder and decoder to capture the impact of historical and current trajectory,
respectively, which effectively alleviates the shortage of the single RNN model. Then, an
embedding layer is used to process the sparsity feature (location id), and we utilize the
Bidirectional Long Short-Term Model (Bi-LSTM) as the basic architecture of the encoder,
which improves the ability to capture sequential transition regularities. Furthermore, we
introduce a GCN model that captures the spatial dependence between locations in the
historical trajectory, and we generate the graph embedding of the location graph. The bridge
(the cell state) of the encoder and decoder enables us to aggregate spatial-temporal dependence.
The updated cell state and current trajectory are then fed into the decoder. Finally, we predict
human mobility via spatial-temporal dependence.
3.3 Spatial dependence modeling
Introduction of GCN
We consider a convolutional filter from a spectral approach on graphs, which is defined as the
multiplication of graph signal 𝑥𝑥 with a filter 𝑔𝑔𝜃𝜃 , i.e.,
(1)
𝑔𝑔𝜃𝜃 ∗ 𝑥𝑥 = 𝑔𝑔𝜃𝜃 (𝐿𝐿)𝑥𝑥 = 𝑔𝑔𝜃𝜃 (𝑈𝑈𝑈𝑈𝑈𝑈 𝑇𝑇 )𝑥𝑥
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1

where 𝐿𝐿 = 𝐼𝐼1 − 𝐷𝐷 −2 𝐴𝐴𝐷𝐷 −2 = 𝑈𝑈𝛬𝛬𝑈𝑈 𝑇𝑇 is the normalized graph Laplacian, 𝑥𝑥 ∈ R𝑁𝑁 , and 𝑈𝑈 is an
eigenvector matrix of 𝐿𝐿. From the definition of 𝐿𝐿, 𝐼𝐼1 is the identity matrix, 𝐷𝐷𝑖𝑖𝑖𝑖 = ∑𝑗𝑗 𝐴𝐴𝑖𝑖𝑖𝑖 is the
degree matrix, and 𝛬𝛬 is a diagonal matrix of 𝐿𝐿’s eigenvalues. The calculation of matrix
multiplication causes a problem of high computational complexity. Therefore, Hammond et al.
[39] proposed a 𝐾𝐾 𝑡𝑡ℎ order polynomial filter 𝑔𝑔𝜃𝜃′ (𝛬𝛬), i.e.,
′
̃
𝑔𝑔𝜃𝜃′ (𝛬𝛬) ≈ ∑𝐾𝐾
(2)
𝑘𝑘=0 𝜃𝜃𝑘𝑘 𝑇𝑇𝑘𝑘 (𝛬𝛬)
with 𝛬𝛬̃ =

2
𝛬𝛬
𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚

− 𝐼𝐼𝑁𝑁 , 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 is the largest eigenvalue of 𝐿𝐿. 𝜃𝜃𝑘𝑘′ ∈ R𝑁𝑁 is a vector of Chebyshev

coefficients, the 𝑇𝑇𝑘𝑘 (𝑥𝑥) = 2𝑥𝑥𝑇𝑇𝑘𝑘−1 (𝑥𝑥) − 𝑇𝑇𝑘𝑘−2 (𝑥𝑥) with 𝑇𝑇0 (𝑥𝑥) = 1 and 𝑇𝑇1 (𝑥𝑥) = 𝑥𝑥. Through the
above definition and filter 𝑔𝑔𝜃𝜃′ , 𝑔𝑔𝜃𝜃′ ∗ 𝑥𝑥 is
′
�
𝑔𝑔𝜃𝜃′ ∗ 𝑥𝑥 = 𝑔𝑔𝜃𝜃′ (𝐿𝐿)𝑥𝑥 ≈ ∑𝐾𝐾
(3)
𝑘𝑘=0 𝜃𝜃𝑘𝑘 𝑇𝑇𝑘𝑘 (𝐿𝐿)𝑥𝑥
Kipf et al. [36] proposed a layer-wise linear model, and he limited the convolution operation to
𝐾𝐾=1 and approximate 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 ≈ 2, so that 𝑔𝑔𝜃𝜃′ ∗ 𝑥𝑥 is a linear function of 𝐿𝐿, i.e.,
1

1

𝑔𝑔𝜃𝜃′ ∗ 𝑥𝑥 ≈ (𝜃𝜃0′ − 𝜃𝜃1′ 𝐷𝐷 −2 𝐴𝐴𝐷𝐷 −2 )𝑥𝑥
(4)
Subsequently, he set the 𝜃𝜃0′ and 𝜃𝜃1′ of the linear function as a single parameter 𝜃𝜃 = 𝜃𝜃0′ = −𝜃𝜃1′ ,
i.e.
1

1

𝑔𝑔𝜃𝜃′ ∗ 𝑥𝑥 ≈ 𝜃𝜃(𝐼𝐼𝑁𝑁 + 𝐷𝐷 −2 𝐴𝐴𝐷𝐷 −2 )𝑥𝑥
(5)
In this paper, we mainly consider directed graphs as input x. For directed graphs, we take a
nonsymmetric normalized adjacency matrix in the preprocess step [40], i.e., 𝐷𝐷 −1 𝐴𝐴. For 𝑋𝑋 ∈
R𝑁𝑁∗𝐹𝐹 with 𝑁𝑁 locations, 𝐹𝐹-dimensional feature vectors and 𝑀𝑀 filters, and 𝑍𝑍 is the convolved
graph, which is defined as:
(6)
𝑍𝑍 = 𝐷𝐷 −1 𝐴𝐴𝐴𝐴Θ
𝑁𝑁∗𝑀𝑀
𝐹𝐹∗𝑀𝑀
where 𝑍𝑍 ∈ R
and 𝛩𝛩 ∈ R
is a matrix for filter parameters.
Capturing spatial dependence
Many experiments [41,42] have proven that the traditional CNN performs well in obtaining
spatial features, and the convolution kernel obtains the spatial feature map by calculating the
weighted sum of the central pixel and the adjacent pixel. Therefore, CNN plays an important
role in processing Euclidean space, such as images and video data. In this paper, our location
graph is a form of the graph rather than images or a two-dimensional grid, and the spatial
dependence of locations in the location graph cannot be captured with a CNN. As mentioned
above, CNN performs well on Euclidean structured data. However, we have many
non-Euclidean structured data in real life, such as social networks and information networks.
Due to the translational variance in these non-Euclidean structured data, we cannot use a
convolution kernel of the same size to perform convolution operations. In other words, CNN
cannot perform well on obtaining spatial features in our location graph. Therefore, we use the
GCN to capture spatial dependence in this paper.
The GCN constructs a filter 𝑍𝑍 in the Fourier transform, 𝑍𝑍 acts on the location graph and its
first-order neighborhood to capture the spatial dependence between locations. Specifically,
taking a user 𝑢𝑢 as an example, we input the feature matrix 𝑋𝑋𝑢𝑢 into the GCN 𝑍𝑍(𝑋𝑋𝑢𝑢 , 𝐴𝐴𝑢𝑢 ) to learn
the spatial features from the location graph, 𝑍𝑍(𝑋𝑋𝑢𝑢 , 𝐴𝐴𝑢𝑢 ) is expressed as:
𝑍𝑍(𝑋𝑋𝑢𝑢 , 𝐴𝐴𝑢𝑢 ) = 𝜎𝜎(𝐷𝐷𝑢𝑢−1 𝐴𝐴̃𝑢𝑢 𝑋𝑋𝑢𝑢 𝑊𝑊)
(7)
̃
where 𝐴𝐴𝑢𝑢 = 𝐴𝐴𝑢𝑢 + 𝐼𝐼1 is a self-connection structure, and 𝜎𝜎 is the activation function, such as
Tanh and ReLU. 𝐴𝐴𝑢𝑢 is the adjacency matrix of the location graph, 𝑊𝑊 represents the weight
matrix in this layer, and 𝐷𝐷𝑢𝑢 is the out-degree diagonal matrix of 𝐴𝐴𝑢𝑢 . Additionally, we describe
the architecture for capturing the spatial dependence in Fig. 1. As defined in Subsection 3.1,
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𝐺𝐺𝑢𝑢 = (𝑠𝑠𝑠𝑠𝑠𝑠(𝑆𝑆𝑢𝑢1 + 𝑆𝑆𝑢𝑢2 + ⋯ + 𝑆𝑆𝑢𝑢𝑡𝑡−1 ), 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑠𝑠𝑠𝑠𝑠𝑠(𝑆𝑆𝑢𝑢1 + 𝑆𝑆𝑢𝑢2 + ⋯ + 𝑆𝑆𝑢𝑢𝑡𝑡−1 )). The period corresponds
to the value of 𝑡𝑡 in the training process. Similarly, assume that 𝑆𝑆𝑢𝑢𝑡𝑡 is the current trajectory.
Currently, the inputs to the GCN are a feature matrix 𝑋𝑋𝑢𝑢 that contains all locations in
𝑠𝑠𝑠𝑠𝑠𝑠(𝑆𝑆𝑢𝑢1 + 𝑆𝑆𝑢𝑢2 + ⋯ + 𝑆𝑆𝑢𝑢𝑡𝑡−1 ) and its adjacency matrix 𝐴𝐴𝑢𝑢 . Since we only consider one feature,
that is, the location, we first take the 𝑋𝑋𝑢𝑢 into an embedding layer to generate a dense
representation matrix, and then the embedded 𝑋𝑋𝑢𝑢 ∈ R𝑁𝑁∗𝐹𝐹 is fed into the GCN. Second,
location embedding is the convolved graph, 𝐿𝐿1 , 𝐿𝐿2 , … , 𝐿𝐿𝑁𝑁 and 𝑥𝑥1 , 𝑥𝑥2 , … , 𝑥𝑥𝐹𝐹 denote all
locations in 𝐺𝐺𝑢𝑢 and the features, respectively. Next, we feed the location spatial feature matrix
from the graph convolution process into a fully connected (FC) neural network and generate
graph embedding. Here, we use the pooling strategy method on the matrix element from the
output of the FC layer to generate graph embedding as in [43]. Hence, in this paper, we adopt
the mean-pooling strategy to generate graph embedding.

Fig. 1. Capturing spatial dependence with the GCN

3.4 Temporal dependence modeling
Seq2seq framework
The seq2seq framework is an important variant of RNN. Due to the limit of the traditional
RNN model, the RNN needs the inputs and outputs to have the same length. However, many
natural language processing tasks usually have different lengths of inputs and outputs. Many
researchers solve this problem by padding the inputs or outputs of short lengths to train the
data, but this method causes a problem of low accuracy. Therefore, the seq2seq framework
was proposed and first applied to the machine translation task. Bahdanau et al. [44] proved its
effectiveness and obtained significant results on this task. Specifically, it includes three parts,
i.e., encoder, cell state, and decoder. The encoder receives the input and generates the hidden
state at the last time step (cell state), then the decoder receives the cell state and feeds its
unique input to generate outputs. In a word, the bridge of the encoder and decoder (cell state)
records the information of the encoder’s input and is used as reference information during the
training of the decoder.
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Capturing temporal dependence
RNN is a neural network that connects nodes and forms a directed graph along a temporal
sequence. Due to its special architecture, it is applicable for capturing the temporal
dependence of time-series data. However, it also leads to the problem of vanishing gradient
and exploding gradient. These two problems lead to the difficulty of long input memory
storage and model training. To solve these problems, LSTM and Gated Recurrent Unit (GRU)
were proposed. They are all variants of RNN, and the LSTM and GRU solve two problems by
constructing a gated mechanism. We introduce only LSTM here due to the similar architecture
of the two models. As shown in Fig. 2, LSTM has a very important module named cell state,
and it updates by a small number of linear interactions over time. Furthermore, it has three
gates to remove or add information to the cell state, which includes the forget gate, input gate,
and output gate. ℎ𝑡𝑡−1 is the hidden state at 𝑡𝑡 − 1, 𝑥𝑥𝑡𝑡 is the input at time 𝑡𝑡. 𝑓𝑓𝑡𝑡 is the forget gate
and controls forget information selectivity. 𝑖𝑖𝑡𝑡 is the input gate and controls which part of the
information needs to be updated, 𝑐𝑐𝑡𝑡′ is candidate vector, then 𝑐𝑐𝑡𝑡 is updated by 𝑓𝑓𝑡𝑡 , 𝑖𝑖𝑡𝑡 and 𝑐𝑐𝑡𝑡′ . 𝑜𝑜𝑡𝑡
is the output gate and controls which part of cell state information will output. The calculation
formulas of LSTM are as follows:
𝑖𝑖𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑖𝑖𝑖𝑖 ∗ 𝑥𝑥𝑡𝑡 + 𝑏𝑏𝑖𝑖𝑖𝑖 + 𝑊𝑊ℎ𝑖𝑖 ∗ ℎ𝑡𝑡−1 + 𝑏𝑏ℎ𝑖𝑖 )
𝑓𝑓𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑖𝑖𝑖𝑖 ∗ 𝑥𝑥𝑡𝑡 + 𝑏𝑏𝑖𝑖𝑓𝑓 + 𝑊𝑊ℎ𝑓𝑓 ∗ ℎ𝑡𝑡−1 + 𝑏𝑏ℎ𝑓𝑓 )

𝑐𝑐𝑡𝑡′ = 𝑡𝑡𝑡𝑡𝑡𝑡ℎ(𝑊𝑊𝑖𝑖𝑐𝑐 ′ ∗ 𝑥𝑥𝑡𝑡 + 𝑏𝑏𝑖𝑖𝑐𝑐 ′ + 𝑊𝑊ℎ𝑐𝑐 ′ ∗ ℎ𝑡𝑡−1 + 𝑏𝑏ℎ𝑜𝑜 )
𝑜𝑜𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑖𝑖𝑖𝑖 ∗ 𝑥𝑥𝑡𝑡 + 𝑏𝑏𝑖𝑖𝑖𝑖 + 𝑊𝑊ℎ𝑜𝑜 ∗ ℎ𝑡𝑡−1 + 𝑏𝑏ℎ𝑜𝑜 )
𝑐𝑐𝑡𝑡 = 𝑓𝑓𝑡𝑡 ∗ 𝑐𝑐𝑡𝑡−1 + 𝑖𝑖𝑡𝑡 ∗ 𝑐𝑐𝑡𝑡′
ℎ𝑡𝑡 = 𝑜𝑜𝑡𝑡 ⊙ tanh (𝑐𝑐𝑡𝑡 )

(8)
(9)
(10)
(11)
(12)
(13)

Fig. 2. The LSTM architecture

We capture the temporal dependence based on LSTM architecture. The feature (location)
matrix of the historical and current trajectory is first fed into the embedding layer to generate
the dense representation. Then, the embedded historical trajectory (𝑆𝑆𝑢𝑢1 + 𝑆𝑆𝑢𝑢2 + ⋯ + 𝑆𝑆𝑢𝑢𝑡𝑡−1 ) is
fed into the encoder to obtain the cell state that subsequently contains the temporal dependence
of the historical trajectory. Finally, we take the cell state and embedded current trajectory
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑙𝑙𝑢𝑢1 , 𝑙𝑙𝑢𝑢2 , 𝑙𝑙𝑢𝑢3 , … , 𝑙𝑙𝑢𝑢𝑇𝑇−1 as the input of the decoder to obtain the next point 𝑙𝑙𝑢𝑢𝑇𝑇 of the current
trajectory.
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3.5 Our model
We introduced two important modules above, but it is a key point to aggregate them. To
predict the next location of a person with spatial-temporal dependence at the same time, we
propose a model with a GCN based on the seq2seq framework. As shown in Fig. 3, our model
contains three parts: encoder, GCN and decoder. For the current trajectory 𝑆𝑆𝑢𝑢𝑡𝑡 , we take the user
𝑢𝑢’s historical trajectory 𝑆𝑆𝑢𝑢1 + 𝑆𝑆𝑢𝑢2 + ⋯ + 𝑆𝑆𝑢𝑢𝑡𝑡−1 and location graph 𝐺𝐺𝑢𝑢 as the inputs of encoder
and GCN model, respectively. Once the encoder captures the temporal dependence of the
historical trajectory, the GCN model captures the spatial dependence of 𝐺𝐺𝑢𝑢 at the same time.
Subsequently, we aggregate the two dependences into the cell state vector. Finally, we feed the
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑡𝑡
current trajectory 𝑙𝑙𝑢𝑢1 , 𝑙𝑙𝑢𝑢2 , 𝑙𝑙𝑢𝑢3 , … , 𝑙𝑙𝑢𝑢𝑇𝑇−1 of 𝑆𝑆𝑢𝑢𝑡𝑡 into the decoder and the predicted trajectory
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑙𝑙𝑢𝑢2 , 𝑙𝑙𝑢𝑢3 , 𝑙𝑙𝑢𝑢4 , … , 𝑙𝑙𝑢𝑢𝑇𝑇 is obtained, where 𝑙𝑙𝑢𝑢𝑇𝑇 is the predicted next location. Our model learns a
mapping function 𝑓𝑓 with historical trajectories 𝑆𝑆𝑢𝑢 and location graph 𝐺𝐺𝑢𝑢 , which is described
as:
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑡𝑡
𝑡𝑡
(14)
�𝑙𝑙𝑢𝑢2 , 𝑙𝑙𝑢𝑢3 , 𝑙𝑙𝑢𝑢4 , … , 𝑙𝑙𝑢𝑢𝑇𝑇 � = 𝑓𝑓{(𝑙𝑙𝑢𝑢1 , 𝑙𝑙𝑢𝑢2 , 𝑙𝑙𝑢𝑢3 , … , 𝑙𝑙𝑢𝑢𝑇𝑇−1 )|𝑆𝑆𝑢𝑢𝑡𝑡−1 , 𝑆𝑆𝑢𝑢𝑡𝑡−2 , … , 𝑆𝑆𝑢𝑢1 ; 𝐺𝐺𝑢𝑢 }

Fig. 3. Our prediction model

When we generate the graph embedding of 𝐺𝐺𝑢𝑢 , the encoder generates the cell state and
hidden state at the last time step. We aggregate the graph embedding and cell state vector with
an add function and generate an updated cell state vector. Therefore, the inputs of the decoder
contain three parts: hidden state, updated cell state vector and the current trajectory. Then, we
add a fully connected network to generate the probability distribution of predicted locations.
Finally, for the probability distributions of predicted locations, we add a log SoftMax layer to
predict the next location.
When we feed the historical trajectory 𝑆𝑆𝑢𝑢1 + 𝑆𝑆𝑢𝑢2 + ⋯ + 𝑆𝑆𝑢𝑢𝑡𝑡−1 with the length of 𝜂𝜂 into our
model, the calculation formulas of the model are as follows:
𝑡𝑡−1
(15)
ℎ𝑡𝑡1 = ℎ𝑡𝑡−1𝜂𝜂 = 𝑓𝑓(ℎ𝑡𝑡−1𝜂𝜂−1 , 𝑙𝑙𝑢𝑢 𝜂𝜂−1 )
𝑐𝑐𝑡𝑡1 = 𝑎𝑎𝑎𝑎𝑎𝑎(𝑐𝑐𝑡𝑡−1𝜂𝜂 , 𝑍𝑍(𝑋𝑋𝑢𝑢 , 𝐴𝐴𝑢𝑢 ))

(16)
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𝑡𝑡

𝑡𝑡

𝑡𝑡

𝑡𝑡

𝑡𝑡

𝑝𝑝�𝑙𝑙𝑢𝑢𝑇𝑇 �𝑙𝑙𝑢𝑢𝑇𝑇−1 , … , 𝑙𝑙𝑢𝑢2 , 𝑙𝑙𝑢𝑢1 � = 𝑔𝑔(ℎ𝑡𝑡𝑇𝑇−1 , 𝑙𝑙𝑢𝑢𝑇𝑇−1 ; 𝑐𝑐𝑡𝑡𝑇𝑇−1 )

(17)

where ℎ𝑡𝑡𝑇𝑇−1 and 𝑐𝑐𝑡𝑡𝑇𝑇−1 are the hidden state and the cell state of the decoder, respectively, the
initial value ℎ𝑡𝑡1 is the hidden state at the last time step from the encoder, and 𝑍𝑍(𝑋𝑋𝑢𝑢 , 𝐴𝐴𝑢𝑢 ) is the
graph convolution process of 𝐺𝐺𝑢𝑢 . 𝑐𝑐𝑡𝑡1 is the initial updated cell state vector, and Eq. (17)
denotes the prediction process in the decoder. 𝑓𝑓 and 𝑔𝑔 denote the activate function. The next
𝑡𝑡
location 𝑙𝑙𝑢𝑢𝑇𝑇 corresponds to the historical information, and recent information.
In our model, we consider the prediction process as a classification problem. The output of
the decoder classifies the predicted locations, and the number of categories is the number of
locations that all users visited. We take a negative log-likelihood loss as the loss function of
the model in the training process. Furthermore, we add an 𝐿𝐿2 regularization term 𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟 to the
loss function, which can effectively avoid overfitting problems. The calculation of the loss
function is given below:
1
𝑀𝑀

𝐾𝐾𝑖𝑖
𝐿𝐿 = − ∑𝑀𝑀
𝑖𝑖=1 ∑𝑘𝑘=1

1
𝑙𝑙[𝑦𝑦𝑘𝑘 ] +
𝐾𝐾𝑖𝑖

𝜆𝜆𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟

(18)

where 𝑀𝑀 is the sample of the training dataset, 𝐾𝐾𝑖𝑖 is the length of the current trajectory of the
𝑖𝑖 𝑡𝑡ℎ sample, 𝑦𝑦𝑘𝑘 is the index of the target location in the training dataset, and 𝐿𝐿[𝑦𝑦𝑘𝑘 ] denotes the
value of 𝑦𝑦𝑘𝑘 in the output vector 𝑙𝑙 of the decoder. 𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟 contains all the parameters to be
learned.

4. Experiments
In this section, we evaluate our model on two real-world datasets. We first describe the two
datasets and the method of data processing, coupled with the detail of the parameter settings
and evaluate the metrics of our experiment. Finally, our experimental results are discussed.
4.1 Data Description
We use Foursquare and Gowalla as two real-world datasets to evaluate our model. These two
datasets are all check-in datasets collected from users. These two datasets contain the user id,
location id, latitude and longitude, and check-in time. We take their location id as the
prediction task. The following shows the information of the two datasets:
(1) Foursquare [45] is a location technology company that provides many services, such as
city guides based on user location information. This dataset was collected in New York from
April 3, 2012, to March 16, 2013, which includes approximately one thousand users and forty
thousand locations.
(2) Gowalla [46] is a location-based social network similar to Foursquare; users can share
places, events and travel routes between friends. This dataset contains ten thousand users and
one million locations from all around the world, and it was collected mainly from January
2009 to October 2010.
The basic information of the two datasets is illustrated in Table 1, and more details of the
two datasets are shown in Fig. 4 and Fig. 5. Two figures show the cumulative distribution
function (CDF) and probability mass function (PMF) of the two datasets. The CDF curve of
the Foursquare dataset denotes the probability distribution of location visits, which means that
90% of location visits are fewer than 20, and the PMF curve denotes that the locations with
more than 20 visits are rare. Our data processing corresponds to the data information from two
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curves.
Dataset
City
Duration
Users
Locations
Records

Table 1. Data information
Foursquare
Gowalla
New York
Null
11 months
About 2 years
1083
107092
38333
1280969
227427
6442892

Fig. 4. The CDF and PMF of Foursquare dataset

Fig. 5. The CDF and PMF of Gowalla dataset

4.2 Data processing and making training sets
We clean the two datasets, to include the following: the minimum length of each user’s
trajectory is 20; the minimum value of a location’s visits is 10 and is set by the analysis of two
figures, which can obtain a good training dataset; the minimum and maximum number of
trajectory sequences is 10 and 20, respectively, which limits the length of 𝑆𝑆𝑢𝑢𝑡𝑡 ; and the
minimum number of the sub-trajectories is 5, which limits the number of 𝑡𝑡.
Our training dataset corresponds to our model, and our model is based on the seq2seq
framework. With reference to the machine translation problem, we transform our training
dataset into data pairs. We consider 𝑢𝑢 again, and its data pairs are {(𝑆𝑆𝑢𝑢1 , 𝑆𝑆𝑢𝑢2),(𝑆𝑆𝑢𝑢1 + 𝑆𝑆𝑢𝑢2, 𝑆𝑆𝑢𝑢3 ),…},
which show the historical trajectory and the current trajectory. Every data pair is a sample, and
we repeat the same operation on all users to generate our training dataset. Furthermore, we
take 80% of the data pairs of every user as the training set and the remaining 20% of data pairs
as the test set.
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4.3 Parameter setting and evaluation metrics
In this section, we introduce the parameter settings and evaluation metrics of our model. To
evaluate the prediction performance of our model, we use two metrics to evaluate the
difference between the predicted location and the actual location. Specifically, we set the
prediction accuracy 𝐴𝐴𝐴𝐴𝑎𝑎𝑎𝑎 and log perplexity score as our evaluation metrics. However,
because our dataset contains many different users, we choose the average value of the metrics
for these users to evaluate our model. The calculation formulas are as follows:
𝐴𝐴𝐴𝐴𝑎𝑎𝑎𝑎 =

𝑁𝑁

𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑎𝑎𝑎𝑎𝑎𝑎
∑𝑖𝑖=1
𝑖𝑖

𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖 =

𝑁𝑁𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
𝑖𝑖
𝑇𝑇𝑙𝑙𝑙𝑙𝑙𝑙

(19)
(20)

𝐿𝐿𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡

where 𝑇𝑇𝑙𝑙𝑙𝑙𝑙𝑙 is the number of corrected locations that the model predicted, and 𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡 is the length
of the target trajectories. 𝑁𝑁𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 denotes the number of users, and 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖 represents the prediction
accuracy of 𝑢𝑢𝑖𝑖 . 𝐴𝐴𝐴𝐴𝑎𝑎𝑎𝑎 is used to measure our model’s prediction precision; the higher the value
is, the better the performance.
𝐴𝐴𝐴𝐴𝑝𝑝𝑝𝑝𝑝𝑝 =

𝑁𝑁

𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑝𝑝𝑝𝑝𝑝𝑝
∑𝑖𝑖=1
𝑖𝑖

𝑁𝑁𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢

−∑

(21)

1

𝑙𝑙𝑙𝑙𝑙𝑙(𝐸𝐸)
𝐸𝐸𝐸𝐸𝜀𝜀𝑖𝑖𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖 = 𝑙𝑙𝑙𝑙𝑒𝑒
(22)
𝑡𝑡𝑇𝑇 𝑡𝑡1 𝑡𝑡2 𝑡𝑡3
𝑡𝑡𝑇𝑇−1
𝑇𝑇
∏
𝑝𝑝(𝐸𝐸) = 𝑗𝑗=1 𝑝𝑝(𝑙𝑙𝑢𝑢𝑖𝑖 |𝑙𝑙𝑢𝑢𝑖𝑖 , 𝑙𝑙𝑢𝑢𝑖𝑖 𝑙𝑙𝑢𝑢𝑖𝑖 , … , 𝑙𝑙𝑢𝑢𝑖𝑖 )
(23)
where 𝐴𝐴𝐴𝐴𝑝𝑝𝑝𝑝𝑝𝑝 is the average perplexity of users, 𝑝𝑝(𝐸𝐸) is our prediction process of the decoder
𝑖𝑖
is the test dataset’s current trajectory of 𝑢𝑢𝑖𝑖 . Here, we use the
in the test dataset, and 𝜀𝜀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
base-10 logarithm as the default logarithm to calculate the perplexity, which is used to
measure the quality of a sample predicted by our model. The smaller the value is, the better the
prediction performance.
In this paper, we train three models at the same time. Specifically, we set the Bi-LSTM as
the architecture of the encoder, and we then set two LSTM layers on the decoder. Finally, we
only set one graph convolutional network layer to capture spatial dependence. To avoid
overfitting, we set a regularization parameter 𝜆𝜆. The value of 𝜆𝜆 is different for the two datasets,
and we provide a reference value, as shown in Table 2. To avoid the training difficulty of the
neural network, we set a small number of hidden units. Therefore, we set the size of hidden
units and location embedding to 400 and 300, respectively, and the value of every parameter is
not unique. Table 2 shows the experimental parameters in detail.
Table 2. Experiment parameters
Parameters
Foursquare
Gowalla
Hidden layers
300
400
L2 regularization
1e-7
1e-6
Learning rate
5e-5
1e-4
Location embedding
400
300
Graph embedding
300
400
Gradient clip
3.0
2.0

4.4 Experiment results
In this section, we compare our model with baseline models and several updated neural
network-based methods. (1) The Markov model is widely used to predict human trajectories
for a long time, and it builds a transition matrix according to the historical trajectory to
generate future location probabilities. (2) The general RNN model is a neural network-based
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model, and it performs well on time-series data. Here, we use the LSTM as the basic
architecture of the RNN. (3) The variant of the RNN model is one module of our model
without the GCN model. We use the seq2seq framework to compare the performance with our
model, and we change the architecture of the encoder. In the experiment, we take the
Bi-LSTM and LSTM architecture as the comparison object. (4) SERM is an RNN model that
models a semantic-aware spatial-temporal context. (5) ST-RNN is an RNN model that
incorporates the spatial and temporal contexts. (6) DeepMove is an RNN model that models
the heterogeneous periodicity with an attentional mechanism. In this paper, we set the
Bi-LSTM-LSTM as a basic architecture of the seq2seq framework in our model.
We compare our model with these traditional and updated methods. Here, we choose two
common metrics including Top@1 and Top@5 accuracy, which means that whether the actual
location equals the location with the highest probability or appears in the candidate’s first five
locations ranked by probabilities. Additionally, we calculate the average perplexity of such
models. All compared methods have been conducted three times, we choose the max value of
results, and the accuracy results are presented in Fig. 6 and Fig. 7.

Fig. 6. Top@1 and Top@5 results on Foursquare dataset

Fig. 7. Top@1 and Top@5 results on Gowalla dataset
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Due to the similarity of two datasets, we mainly analyze the Foursquare dataset in this paper.
As shown in Fig. 6 and Fig. 7, we can observe that the traditional Markov model has the worst
performance because it only considers the last location of the user, which results in low
accuracy with little information on the transition matrix. Then, the general RNN model has a
better performance compared with the Markov model, and it has a strong sequence model
ability with its unique gate architecture. Subsequently, we evaluated two different variants of
the RNN seq2seq framework on this dataset. The prediction accuracy is greater than 30%
better than the simple RNN. The seq2seq framework has a better sequence model ability due to
the LSTM with limited length. In addition, we can see that Bi-LSTM architecture helps us
improve prediction accuracy compared with a general seq2seq framework. The Bi-LSTM
combines the historical trajectory and future trajectory together to influence the present
trajectory and generate the cell state. The information of the cell state contains more context of
the historical trajectory, which helps improve the prediction accuracy. Finally, our model has
the best performance compared with the above models.
These updated neural network methods (ST-RNN, SERM, and DeepMove) all exhibit
higher accuracy than the simple RNN models and the Markov-based methods. SERM and
ST-RNN cannot handle the sequential transition regularities well with a long trajectory, which
leads to low accuracy of the Top@1 result. DeepMove has the best accuracy among the three
methods due to its ability to exploit historical trajectories with attentional mechanisms.
However, it cannot capture the spatial dependence of the historical trajectory. With the use of
BLSTM, we can capture the long-term dependency of the historical trajectory. Then, with the
use of the GCN, our model captures the topological architecture between locations. Compared
with DeepMove, our model shows an increase of 7% and 15% in the Top@1 and Top@5
results, respectively.
We also calculate the perplexity of every model, as shown in Fig. 8. We introduced the
perplexity above, and the low-perplexity probability model can better predict future locations.
We can see that our model has the lowest perplexity from the results. The perplexity results
can better prove the efficiency of our prediction model.

Fig. 8. PPL results on two datasets
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Here, we note that the Top@1 result does not have large changes. However, the Top@5
result has better performance. We determined that this is because the GCN captured the spatial
dependence of the historical trajectory, and our model deeply explored the correlation between
the historical trajectory. Thus, our model has more precision on the prediction of candidate
locations, and it has less influence on locations with the highest probability. In other words,
our aggregating method with spatial and temporal dependence is effective, but the structural
learning and temporal dependence are not learned well. In addition, we build our model based
on the seq2seq framework, which increases the difficulty of training. Therefore, we obtained
the same results on the Top@1 result compared with the seq2seq framework on the Top@1
result. Furthermore, we created a change chart of the loss curve and test accuracy of two
datasets in Fig. 9 and Fig. 10. From the two figures, we can see that our model has better
performance. The BLSTM_LSTM and LSTM_LSTM in figures are variants of our model
without GCN. It can be observed that the GCN architecture has a certain promotion of
accuracy for the prediction task. In addition, our model quickly obtains the optimal value,
which denotes that our model is feasible. However, the loss and accuracy curves tend to be
smooth early, which means that our model cannot learn mobility patterns deeply in the
following epoches. In other words, our model is hard to train. The reason for that includes our
inefficient aggregating method, complex model architecture and more parameters. The
adjustment of model structures, such as integrating GCN with LSTM, may be efficient.

Fig. 9. The curves of test accuracy and test loss in Gowalla

Fig. 10. The curves of test accuracy and test loss in Foursquare
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5. Conclusion
In this paper, we proposed a neural network-based deep learning method to predict the next
location that a person will go, which can capture the spatial dependence and time dynamics
with GCN based on the seq2seq framework. We evaluated our model on two real-world
datasets and then compared our model with the traditional model and updated deep learning
methods. The experimental results indicate that our model has a better performance compared
with other models. There are some disadvantages and future directions for our work. First,
although our model has the best performance in this paper, the method of aggregating
spatial-temporal dependence needs to be improved. Second, the low accuracy of our model on
two datasets mainly ascribes to the sparsity of data. In the future, we will consider more
features (such as the semantic context) to augment the richness of the data, and improve our
model architecture to learn mobility patterns deeply. In this way, we can not only predict the
next location where humans will go but also explore the deeper meaning of the human
movement.
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