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Abstract: Point-of-interest (POI) recommendation is one of the fundamental tasks for location-based
social networks (LBSNs). Some existing methods are mostly based on collaborative filtering (CF),
Markov chain (MC) and recurrent neural network (RNN). However, it is difficult to capture dynamic
user’s preferences using CF based methods. MC based methods suffer from strong independence
assumptions. RNN based methods are still in the early stage of incorporating spatiotemporal context
information, and the user’s main behavioral intention in the current sequence is not emphasized.
To solve these problems, we proposed an attention-based spatiotemporal gated recurrent unit
(ATST-GRU) network model for POI recommendation in this paper. We first designed a novel variant
of GRU, which acquired the user’s sequential preference and spatiotemporal preference by feeding
the continuous geographical distance and time interval information into the GRU network in each
time step. Then, we integrated an attention model into our network, which is a personalized process
and can capture the user’s main behavioral intention in the user’s check-in history. Moreover, we
conducted an extensive performance evaluation on two real-world datasets: Foursquare and Gowalla.
The experimental results demonstrated that the proposed ATST-GRU network outperforms the
existing state-of-the-art POI recommendation methods significantly regarding two commonly-used
evaluation metrics.
Keywords: point-of-interest recommendation; spatiotemporal context; recurrent neural networks;
gated recurrent unit; attention model

1. Introduction
With the prevalence of smart devices and location-based social networks (LBSNs) services, people
can easily share their locations and check-in information with others in LBSNs [1,2]. The huge volume
of users’ history check-in data brings opportunities for researching human mobility behavior, and
point-of-interest (POI) recommendation become one of the important tasks in LBSNs. As shown in
Figure 1, POI recommendation may help a user find a place of interest after dinner, or provide a user
with discount information about nearby shopping malls. Therefore, POI recommendation can not only
meet user’s personalized preferences for visiting new places but also help LBSNs service providers
implement intelligent location-aware online advertising services [3,4].
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The rest of this paper is organized as follows: the related methods are briefly reviewed in Section 2.
The details of our ATST-GRU network are described in Section 3. Experiments and results of the
proposed method are illustrated in Section 4. Finally, conclusions are summarized in Section 5.
2. Related Work
In this section, we review several methods for POI recommendation, including CF based methods,
MC based methods and deep learning (DL) based methods.
2.1. Collaborative Filtering Based Methods
Personalized POI recommendation has been extensively studied in the related research field. CF is
one of the widely used technique [28]. some previous POI recommendation methods are user-based CF
or item-based CF, which take advantage of check-ins of similar users or POIs [2,3,5,29]. A cutting-edge
CF method is matrix factorization (MF) [4,6,12,30], which mining potential location preferences of a user
by factorizing the observed user-POI matrix. To the best of our knowledge, many POI recommender
systems integrate the geographical information [4–6,12,31], temporal information [2,32–35], social
information [1,4,36] or other POI characteristic information (reviews, categories, labels, etc.) [37–40]
into traditional recommendation algorithms.
Geographical influence is one of the important factors for POI recommendation. Most researchers
have modeled the geographical influences by considering distance as a penalty [41] or building a distance
distribution model, such as power-law distribution [2,42], multi-center Gaussian distribution [4] or
personalized nonparametric distribution [43]. Ye et al. [5] proposed a user-based CF framework for
POI recommendation which models geographical influence by power law distribution. Cheng et al. [4]
proposed a multi-center Gaussian model to capture the spatial clustering phenomenon. In addition,
Zhang et al. [44] developed a kernel density estimation approach to capture the personalized
geographical influence. Lian et al. [12] proposed MF-based POI recommendation method which
captures the spatial clustering phenomenon from the aspect of two-dimensional kernel density
estimation. Li et al. [35] proposed a ranking based geographical factorization method, which exploits
both geographical and temporal contexts for POI recommendation.
Temporal information has been proved as another important type of context for POI
recommendation and has attracted significant attention from some researchers. For example,
Yuan et al. [2] incorporated temporal information into a user-based CF recommender by dividing
time into 24 time slots. Furthermore, Gao et al. [32] proposed MF-based location recommendation
framework which investigated the temporal properties of users’ check-in behavior.
Besides, social information and other POI characteristic information have also been studied for
POI recommendation. For instance, Gao et al. [1] proposed a social-historical model which integrated
the social and historical effects and assessed the role of social correlation in user’s check-in behavior.
Yang et al. [37] fused the spatial and social information, and user tips with a location-based social
matrix factorization algorithm.
However, most of these methods fail to study the spatiotemporal sequential influence of the user’s
check-ins history, which are very important for mining dynamic user’s behavior and preferences.
2.2. Markov Chain Based Methods
Since historical check-in information in different time periods and spatial locations have different
effects on users’ behavior, sequential influence should be considered for POI recommendation. Most
of the existing studies usually employ the properties of a Markov chain to model the sequential
influence [45–51]. For instance, Rendle et al. [45] first proposed a state-of-the-art personalized
Markov chain model, namely FPMC, which implemented the recommended task for sequence data
in an MF-based approach. Rather than merely modeling temporal information, Cheng et al. [3]
employed FPMC to model the personalized POI transition and considers users’ movement constraint.
Mathew et al. [46] proposed a hybrid method to predict human movement by a hidden Markov model

ISPRS Int. J. Geo-Inf. 2019, 8, 355

5 of 18

(HMM). Chen et al. [47] proposed a POI recommendation with Markov modeling, which considered
both individual and collective movement patterns in making prediction. Ye et al. [16] attempted to
model the underlying user movement pattern by using check-in category information and proposed a
mixed hidden Markov model to predict the most likely next location. Zhang et al. [48] proposed a novel
HMM based group-level mobility modeling framework. Similarly, some other POI recommendation
methods based on Markov chain have also been proposed [49–51]. However, the drawbacks of MC
based methods are there strong Markov assumptions among different components, and they are
challenging to model long-term dependency. Although Personalized Ranking Metric Embedding
(PRME) method [52] learns a personalized metric embedding and models the sequential POI transition,
it merely models short-term transition patterns within users’ movements.
2.3. Deep Learning Based Methods
Deep learning has been successfully applied to the POI recommendation system in recent years.
Many such methods have been introduced or used in POI recommendation, such as Word2vec [53],
multilayer perceptron (MLP) [54,55], convolutional neural network (CNN) [56,57] and deep neural
network (DNN) [58]. Zhao et al. [34] proposed a temporal POI embedding model by introducing the
word2vec framework, which incorporated both sequential and spatial-temporal context influence.
Yang et al. [54] developed a deep neural architecture called Preference and Context Embedding
(PACE) to bridge collaborative filtering and semi-supervised learning for POI recommendation.
Wang et al. [56] proposed a novel POI recommender system, which used CNN to learn user and POI
latent features from images. Ding et al. [58] proposed a DNN-based POI recommendation framework,
and incorporated co-visiting pattern, geographical influence, and categorical correlation to alleviate
the data sparsity issue.
Recently, recurrent neural networks (RNNs) [17] have become more and more powerful in modeling
sequential history and transition of the user’s movement. Moreover, they have been successfully applied
to many fields like sequential click prediction [59], session-based recommendation [23] and mobility
prediction [8], and so on. With the help of gated activation function like gated recurrent unit (GRU) [19]
and long-short term memory (LSTM) [18], they can better capture the long-term dependencies.
Hidasi et al. [23] first applied recurrent neural network with GRU for sequence recommendation, and
their experimental results have shown a significant improvement over traditional methods. Spatial
and temporal contextual information has shown its importance on different tasks. Liu et al. [8]
employed a spatial and temporal recurrent neural network (ST-RNN) to model spatiotemporal
contextual information with continuous values for location prediction. However, it ignores long-term
dependencies, and the standard RNN method may suffer from the exploding or vanishing gradients
problem. Zhao et al. [60] proposed a new variant of LSTM, which implemented time gates and distance
gates into LSTM to capture the spatiotemporal relation between successive check-ins. Cui et al. [22]
proposed a Distance-to-Preference (Distance2Pre) network for the next POI prediction, which modeled
check-in sequences and successive distances to acquire the user’s sequential preference and spatial
preference. However, the above methods were unable to capture different contributions of each POIs
in the history check-in sequence. In other words, it is difficult for them to extract the user’s main
intentions in the current sequence.
A large amount of research has benefited from the attention mechanism model in recent
years [61–63], which does not only enhance the ability of the neural network to capture long-term
dependencies but also enhances the interpretability of neural networks. Based on the seq2seq model [64],
Bahdanau et al. [65] introduced an attention mechanism into the neural machine translation task.
Vaswani et al. [61] proposed a new simple network architecture to encode an input sequence into
an output sequence using the attention mechanism. Feng et al. [66] proposed an attentional GRU
network for user’s movement prediction from sparse data. Unlike existing studies, our work combines
geographical distances and time intervals contextual information into a more robust GRU network to
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capture user’s sequential preference and spatiotemporal preference. Besides, an attention model is
introduced to capture the user’s main intentions.
3. Proposed ATST-GRU Model
In this section, we first address the problem and introduce the basic GRU model. Then we present
proposed ST-GRU and ATST-GRU network. Finally, we train our model with the BPR framework and
the BPTT algorithm.
3.1. Problem Statement
For convenience of expression, we give several important definitions, and the essential notations
are listed in Table 1.
Definition 1. POI. A point-of-interest (POI) is a uniquely identified spatial location. In this paper, we use v
to represent a POI and Q = {v1 , v2 , , · · ·} represents the set of POIs. Each POI v has a unique identifier and
geographical coordinates, which include geographical latitude and geographical longitude.
Definition 2. Check-in sequence. A check-in
sequenceo represents that a user’s history check-ins are arranged in
n
u
u
chronological order, denoted by Cu = ct , ct , · · · , cut .
1

2

N

Definition 3. POI recommendation. Given a set of users’ check-in sequences CU and a set of POIs Q, the POI
recommendation task is to recommend top-k POIs that user u would be interested in.
Table 1. Notations in this paper.
Notation

Explanation

u, v, l, t
P, Q, L
pu
vut
k
hutk

user, POI, location, time
set of users, set of POIs, set of locations
latent representation of user u
POI visited by user u at time point tk
the hidden vector of GRU units

htk
rut ,zut

candidate state of GRU units

~u

n k k
o
Cu = cut1 , cut2 , · · · , cutN
{U}, {W}
{b}
ou,tN+1 ,vk
σ
αtN tk
sut , gut
k

k

reset gate vector and update gate vector of GRU units
check-in sequence of user u
set of weight matrices for a GRU network
set of bias vectors for a GRU network
predicted probability that u visits POI vk at tN+1
sigmoid function
attention weight factors
vector representations of spatial and temporal intervals

3.2. Gated Recurrent Unit
The primary challenge of the POI recommendation task is modelling the user’s sequential
preference and the spatiotemporal preference, this can be considered as a sequence modelling problem.
As we know, a good choice is RNN architectures. In this paper, we choose the GRU rather than a standard
RNN because it can work better to deal with the gradient vanishing and gradient exploding problem.
Hidasi et al. [23] demonstrate that GRU outperformed LSTM in the sequence-based recommendation.
The hidden unit of GRU contains a reset gate rut and an update gate zut to control the flow of information.
k
k
The formulas are as follows:
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zut = σ Uz vut + Wz hutk−1 + bz
k
k


rut = σ Ur vut + Wr hutk−1 + br
k
k




~u
htk = tanh Uc vut + Wc rut hutk−1 + bc
k
k


~u
u
u
htk = 1 − zut
htk−1 + zut htk−1
k

(1)

k

where Uz , Ur , Uc , Wz , Wr , Wc are transition matrices and bz , br , bc are the biases. vut ∈ Rd is the input
k

~u

vector of user u, and tk is the time step. htk is the candidate state activated by element-wise tanh(·), hutk
is the hidden vector. σ denotes the sigmoid function σ(x) = 1/(1 + e−x ) represents the element-wise
multiplication between two vectors.
In GRU network, the prediction of next POI can be calculated the inner product of user and POI
representations. In our network, we regard the last hidden vectors hutN as the representation of the user.
Like MF-based POI recommendation approaches [4,12,35], a user’s preference for a POI by considering
sequential preference is denoted as:
 T
ou,tN+1 ,vk = hutN vk
(2)
where ou,tN+1 ,vk represents the predicted probability that user u visits POI vk at time point tN+1 .
3.3. Spatiotemporal GRU Network
Spatial and temporal contextual information are the basis for mining user movement behavior
patterns, which help us to understand the behavior background more precisely to improve user
behavior modeling. General sequence modeling only considers the order relationship between check-in
behavior, ignoring the continuous geographical distances and time intervals information. However,
these continuous time intervals and geographical distance values are crucial for modeling user behavior
and mining user’s preference in personalized POI recommendation systems.
We argue that spatial and temporal context can work as implicit information to guide the learning
of gate mechanism. We propose to add the continuous geographical distances and time intervals
information into the basic GRU network, which more naturally captures personalized spatiotemporal
preferences for POI recommendation. Figure 3 illustrates the architecture of ST-GRU network, at each
time step, each ST-GRU unit takes an embedded vector vut , a spatial contexts vector sut and a temporal
k
k
contexts vector gut as inputs. In this way, the output of ST-GRU is a hidden layer vector hutk , which
k
indicates the combined influence of POIs and spatiotemporal contexts information. The formulas are:


zut = σ Uz vut + Wz hutk−1 + Wsz sut + W gz gut + bz
k
k
k
k


rut = σ Ur vut + Wr hutk−1 + Wsr sut + W gr gut + br
k
k
k
k




~u
u
u
u
htk = tanh Uc vt + Wsh st + W gh gt + Wc rut hutk−1 + bc
k
k
k
k


~u
hutk = 1 − zut
hutk−1 + zut htk−1
k

(3)

k

where sut and gut denote the vector representations of geographical distances and time intervals between
k
k
vut and vut . Wsz , Wsr , Wsh and W gz , W gr , W gh are transition matrices for sut and gut , respectively.
k−1
k
k
k
Therefore, hutk contains not only information of original input vut but also important information
k
of spatial contexts sut and temporal contexts gut . The user’s preferences in each hidden state are
k
k
greatly enhanced.
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T
u
u
u
o
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W
c
+
W
p
W
v
+
W
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W
g
(10)
u,t
,v
p
v
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g
N
N +the
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3.5. Network Learning
framework, at each sequential position k, the objective of ATST-GRU is to maximize the following
In this subsection, we train our ATST-GRU network under the Bayesian Personalized Ranking
probability:
(BPR) framework by using the backpropagation through time (BPTT) algorithm. These methods
p ( u, training
t , v v) =ofg RNN
ou ,t ,v ) recommendation models [8,22].(11)
(ou,t ,v −based
have been successfully used for network
BPR
is a pairwise ranking framework that is widely used to process implicit feedback data. The basic
where v and v denote a positive location and a negative location, respectively. Additionally, a
assumption of BPR is that a user prefers previously visited POIs than negative ones. In the BPR
negative location is randomly chosen from location sets that users have not visited. g () is a
framework, at each sequential position k, the objective of ATST-GRU is to maximize the following
nonlinear
sigmoid function g ( x ) = 1/ 1 + e− x .
probability:
p(u, t, v  v0 ) = g(ou,t,v − ou,t,v0 )
(11)

(

)

where v and v0 denote a positive location and a negative location, respectively. Additionally, a negative
location is randomly chosen from location sets that users have not visited. g(·) is a nonlinear sigmoid
function g(x) = 1/(1 + e−x ).
Finally, by incorporating the negative log-likelihood, we can solve the objective function for POI
recommendation as follows:
P
J = − p(u, t, v  v0 ) + λ2 kΘk2

(12)
P 
= In 1 + e−(ou,t,v −ou,t,v0 ) + λ2 kΘk2
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where Θ = {U, W, b, A0 , A1 , A2 } is the set of parameters, U represent the set of weight matrices which
include Uz , Ur and Uc , which is similar to W and b. λ is the regularization parameter. Then, we
use stochastic gradient descent (SGD) and BPTT to optimize the network parameters in this study.
Additionally, the range of initialization parameters was (−0.5 to 0.5). The size of each batch was set to
100. The regularization and the initial learning rate were set to 0.001 and 0.01, respectively. Moreover,
our model is trained on a GeForce GTX TitanX GPU, the code used in our experiments was written by
using Theano and Python 3.5. The learning algorithm of ATST-GRU is summarized in Algorithm 1.
Algorithm 1: ATST-GRU
Input: historical check-in sequences Cu .
Output: model parameters Θ.
//construct training instances
D←φ
For each user u in P do
n
o
For each check-in sequence Cu = cut1 , cut2 , · · · , cutN do
Get the set of negative samples v0 ;
For each check-in activity in Cu do
Compute the embedded vector vut ;
k
Compute the spatial contexts vector sut ;
k
Compute the temporal contexts vector gut ;
k
End for
o

n
Add a training instance (vut , sut , gut ) , {v0 } into D;
k
k
k
End for
End for
Initialize the parameter set Θ;
repeat
For each user u in P do
Randomly select a batch of instances Dum from D;
Update Θ by minimizing the object with Dum
End for
until convergence;
return Θ = {U, W, b, A0 , A1 , A2 }

4. Experimental Results and Analysis
In this section, we conduct empirical experiments on two publicly-available datasets to validate
the effectiveness of the proposed method. First, we introduce the datasets, baseline methods and
evaluation metrics. Then we compare ATST-GRU with some state-of-the-art POI recommendation
methods. Finally, we study the effects of different model parameters.
4.1. Experimental Settings
4.1.1. Datasets
We applied two widely-used publicly-available LBSNs datasets called Foursquare and Gowalla
to evaluate the performance of different methods, and the datasets were preprocessed in [2]. In
the Foursquare dataset, all check-ins data were collected at Singapore, from August 2010–July 2011.
In the Gowalla dataset, all check-ins data were collected in California and Nevada, from February
2019–October 2010. Figure 5 presents the check-in distribution in the Foursquare and Gowalla
datasets, where the locations are concentrated in some geographical regions. Moreover, we randomly
selected several different user’s check-in sequences on the two datasets and visualized them on the
map. As shown in Figure 6, the results of map visualization have shown that people prefer to visit
nearby POIs and the visited POIs often form spatial clusters. In particular, we can observe that
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test data and the remaining
POI as
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PRME-G [52]. This method is a state-of-the-art metric embedding method for POI
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Baseline Methods
•
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We compared the effectiveness of our proposed ST-GRU and ATST-GRU model with the following
recommendation, which incorporates the geographical influence and temporal influence;
state-of-the-art POI recommendation approaches.
•
ST-RNN [8]. This is a state-of-the-art RNN-based model for successive POI recommendation. It
incorporates both local temporal and spatial transition context within the RNN architecture;
•
DeepMove [67]: It is a state-of-the-art attentional RNN model which capture the sequential
transitions by jointly embedding the multiple factors.
4.1.3. Evaluation Metrics
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BPR [26]. This method is a generic optimization criterion and learning algorithm for personalized
ranking, and we applied BPR in POI recommendation;
GRU [19]. GRU network is a more robust variant of RNN which work better in capturing long
term dependencies, and we applied GRU in POI recommendation;
FPMC-LR [3]. This method is a state-of-the-art Markov chain method that models personalized
sequential transitions for POI recommendation;
PRME-G [52]. This method is a state-of-the-art metric embedding method for POI recommendation,
which integrates geographical influence and sequential information;
Rank-GeoFM [35].
It is a state-of-the-art ranking-based factorization model for POI
recommendation, which incorporates the geographical influence and temporal influence;
ST-RNN [8]. This is a state-of-the-art RNN-based model for successive POI recommendation. It
incorporates both local temporal and spatial transition context within the RNN architecture;
DeepMove [66]: It is a state-of-the-art attentional RNN model which capture the sequential
transitions by jointly embedding the multiple factors.

4.1.3. Evaluation Metrics
To evaluate the performance of the above methods, we applied two popular evaluation metrics
called Recall@k and F1 -score@k as follows:
R@k =

1 XN R ( u ) ∩ T ( u )
u=1
N
T (u)


 

1 XN 2 · R(u) ∩ T (u) /k · R(u) ∩ T (u) /T (u)

 

F1 @k =
u=1
N
R(u) ∩ T (u) /k + R(u) ∩ T (u) /T (u)

(13)

(14)

where k indicates the number of POIs recommended to the user, we reported R@k and F1 @k with
k = 5, 10, 15 and 20 in our experiments. R(u) indicates the Top-k list recommended to the user. T (u)
represents the number of POIs the user actually visited.
4.2. Comparison and Results
Figure 7 shows the performance of all methods on the Foursquare and the Gowalla datasets. We
made the following observations:
First, we explored traditional baselines BPR, GRU, FPMC-LR, PRME-G and Rank-GeoFM. For
both the two datasets, we can see that BPR and GRU dropped behind other algorithms since they
did not take into account other useful information such as geographical influence and temporal
information. Besides, GRU performed slightly better than BPR, indicating that modeling sequential
influence is effective for POI recommendation. Compared with BPR and GRU, FPMC-LR and PRME-G
employed both geographical and sequential information in LBSNs, and their performance on two
datasets were better. Specifically, we observed that Rank-GeoFM performed obviously better than
FPMC-LR and PRME-G. There are two possible reasons for this result: Rank-GeoFM incorporated
both geographical influence and temporal context which could work better to capture spatiotemporal
preference and to deal with the data sparsity problems. Therefore, the above analysis also supports
that spatial influence, temporal influence, and sequential influence are critical factors in improving
POI recommendation performance.
In the following, we compare the above traditional methods with RNN-based methods (i.e.,
ST-RNN, ST-GRU, DeepMove). Firstly, compared with the above traditional methods, ST-RNN
and ST-GRU outperformed them significantly, this was because the RNN-based structure combined
with spatiotemporal context information can better capture the user’s sequence preferences and
spatiotemporal behavior preferences. We can see that ST-GRU greatly outperformed GRU, indicating
that ST-GRU benefits from considering the spatiotemporal features. Besides, we observe that the
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ST-GRU outperformed the ST-RNN, which may be due to the advantage of GRUs over RNNs, i.e.,
GRU is a more robust network structure which works better in capturing long term dependencies
and alleviating the exploding or vanishing gradients problem. Specifically, DeepMove obtained
much better performance than ST-RNN and ST-GRU as it introduces the attention mechanisms and
considers period influence. The above discussion indicates that using RNN-based network structure
and attention model can effectively improve the performance of POI recommendation.
Finally, we find that the proposed ATST-GRU model performed significantly better than all existing
state-of-the-art methods evaluated here on the two datasets. Specifically, ATST-GRU outperformed
the conventional matrix factorization methods significantly by a large margin. For instance, on the
two datasets, compared with Rank-GeoFM, the ATST-GRU improved R@5, R@10, R@15, R@20, F1 @5,
F1 @10, F1 @15 and F1 @20 by 35.25%, 33.58%, 42.04%, 52.61%, 35.20%, 33.76%, 42.08% and 52.70%
on average, respectively. Moreover, ATST-GRU consistently outperforms three RNN-based methods:
ST-RNN, ST-GRU and DeepMove. For example, on the two datasets, compared with DeepMove, the
ATST-GRU improved R@5, R@10, R@15, R@20, F1 @5, F1 @10, F1 @15 and F1 @20 by 8.07%, 7.55%,
6.70%, 9.12%, 8.10%, 7.58%, 6.78%, 9.19% on average, respectively.
In summary, the experimental results suggest that the proposed ATST-GRU can successfully
capture the user’s sequential preference, spatiotemporal preference, and main behavioral intention,
ISPRS Int. J. Geo-Inf. 2019, 8, x FOR PEER REVIEW
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leading to a superior performance for POI recommendation.
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First, we explored traditional baselines BPR, GRU, FPMC-LR, PRME-G and Rank-GeoFM. For
both the two datasets, we can see that BPR and GRU dropped behind other algorithms since they did
not take into account other useful information such as geographical influence and temporal
information. Besides, GRU performed slightly better than BPR, indicating that modeling sequential
influence is effective for POI recommendation. Compared with BPR and GRU, FPMC-LR and PRMEG employed both geographical and sequential information in LBSNs, and their performance on two
datasets were better. Specifically, we observed that Rank-GeoFM performed obviously better than

DeepMove, the ATST-GRU improved R@5, R@10, R@15, R@20, F1 @5, F1 @10, F1 @15 and F1 @20 by
8.07%, 7.55%, 6.70%, 9.12%, 8.10%, 7.58%, 6.78%, 9.19% on average, respectively.
In summary, the experimental results suggest that the proposed ATST-GRU can successfully
capture the user’s sequential preference, spatiotemporal preference, and main behavioral intention,
leading to a superior performance for POI recommendation.
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4.4. Influence of Different Spatial and Temporal Window Widths
Spatial and temporal window widths are essential factors to affect the performance of ATST-GRU,
and we also did a batch of experiments on the two datasets with different spatial and temporal
window width settings. Table 3 illustrates the performance of ATST-GRU evaluated by Recall@20
with varying window widths. On the Foursquare dataset, we can observe that we achieved best
prediction performance when using a spatial window width of 0.3 km and temporal window width
of 12 h. On the Gowalla dataset, the best prediction performance of recall@20 was obtained with a
spatial window width of 0.1 km and temporal window width of 48 h. Moreover, we observe that
ATAT-GRU outperformed state-of-the-art methods even when the spatial and temporal window’s
width were not optimal. The results further suggest the superiority of the proposed ATST-GRU for
POI recommendation.
Table 3. Performance of AST-GRU with varying window width by Recall@20.
Dataset

Window

6h

12 h

24 h

48 h

60 h

Foursquare

0.1 km
0.3 km
0.5 km

0.3215
0.3201
0.3126

0.3205
0.3247
0.3133

0.3106
0.3009
0.3211

0.3032
0.3105
0.3119

0.3011
0.3093
0.3042

Gowalla

0.1 km
0.3 km
0.5 km

0.3158
0.3192
0.3204

0.3301
0.3215
0.3287

0.3325
0.3298
0.3153

0.3471
0.3392
0.3266

0.3412
0.3317
0.3255

5. Conclusions
In recent years, POI recommendation based on deep learning has widely attracted attention
in academia and industry. Compared to general POI recommendation, we focus on next POI
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recommendation task in this work, and comprehensively utilize user’s check-in sequence information
and spatiotemporal information to mine user’s movement behavior rules and preferences. Hence, an
innovative attention-based spatiotemporal GRU (ATST-GRU) network is proposed to tackle the POI
recommendation problem in this paper. ATST-GRU introduces spatial-temporal factors into the gate
mechanism of GRU to model the spatiotemporal contextual information and sequential nature. Such a
network structure can better capture the user’s spatiotemporal preferences and alleviate the sparsity
of the data. More specifically, the contextual attention-based modeling can capture the important
information of the user’s historical behavior, and this greatly enhances the modeling of user’s main
interest. Besides, we validate the effectiveness of ATST-GRU by using two real-life mobility datasets
(i.e., Foursquare and Gowalla). The experimental results show that ATST-GRU outperforms other
state-of-the-art methods for POI recommendation.
In the future, we will focus on extending the current study by considering other check-in features
(e.g., the semantic context of POI, user comments, social relations) or other more advanced neural
networks (e.g., graph neural networks). These may motivate the model to improve performance of
POI recommendation.
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