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Abstract. With the continuous development of smart mobile devices, user check-in
behaviors data has experienced explosive growth. To solve the problem that existing
point-of-interest (POI) recommendation models fail to fully consider the complex
and dynamic changes in user preference behaviors, a POI recommendation model
based on a Bi-directional Long Short-Term Memory recurrent neural network (Bi-
LSTM) and an attention mechanism is proposed. By integrating the time sequence
and spatial location information of user check-in behaviors into Bi-LSTM, the user’s
spatio-temporal feature sequential dependence is established. The attention mech-
anism is utilized to model historical check-in locations, derive a weight sequence,
and recommend the next POI to the user based on the probability distribution
of predicted POIs. Experimental results on two public datasets demonstrate that
the model outperforms previous advanced POI recommendation models in multiple
evaluation metrics and has better recommendation performance.
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1 INTRODUCTION

With the rapid development of information technology, location-based social net-
works (LBSN) have become a milestone in the evolution of the internet. Numerous
services such as Google Maps, Yelp, and Facebook have brought significant conve-
nience to people’s lives, LBSNs bridge the gap between cyberspace and the physical
world. As an important component of LBSN, POI recommendations have garnered
widespread attention from researchers [1, 2]. POI recommendation can uncover
users’ potential personal preferences and lifestyle habits based on their historical
check-in behaviors data, allowing for the recommendation of POIs that meet their
personalized needs. POI recommendations help users search for points of inter-
est more quickly, saving them considerable time. While businesses can use recom-
mendation services to accurately advertise for commercial marketing [3], thereby
increasing their revenue. In practical applications of POI recommendation, users’
preference behaviors will constantly change with the passage of time and changes
in geographical location. For example, on weekdays, User A tends to have lunch
at a restaurant near the company, while on weekends, the user prefers to have
lunch at a restaurant near home. The dynamic changes in user preference be-
haviors become more complex with the significant increase in check-in data vol-
ume, affecting the accuracy and operational efficiency of POI recommendation al-
gorithms.

Early work on Points of Interest (POI) recommendation utilized common meth-
ods from sequential recommendation tasks for prediction, such as Markov chains,
matrix factorization, and metric embedding. With the advancement of information
technology, the volume of user check-in data has significantly increased, resulting in
deep learning-based approaches demonstrating superior performance. Consequently,
an increasing number of POI recommendation methods leverage deep learning to
learn users’ preference behaviors from their check-in records [4, 5]. While these
methods have improved the performance of POI recommendations to some extent,
they have not effectively considered the dynamic changes in user preference behav-
iors and cannot accurately learn users’ preferences. To address the above issues, we
propose a POI recommendation model based on Bi-LSTM and attention mechanism
(PMBAM). The model utilizes Bi-LSTM to deeply mine the dynamic changes in user
preference behaviors. Additionally, it employs an attention mechanism to alleviate
the problems of information forgetting or redundancy that arise when dealing with
long sequences.

The main contributions of our work are summarized as follows:

1. We deeply explore the hidden information within user check-in datasets, utilizing
time intervals, spatial distances, and positional encodings to provide richer fea-
ture representations for user check-in sequences, thereby enhancing the model’s
ability to learn user preferences.

2. To better capture the dynamic changes in user preference behavior, we integrate
the Bi-LSTM with an attention mechanism. This integration models bidirec-
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tional contextual information to learn the complex dynamic changes in user
preference behavior.

3. We conduct experiments and analyses on two publicly available real-world data-
sets, demonstrating that the model proposed in this paper effectively enhances
the accuracy of next POI recommendations.

2 RELATED WORK

In recent years, the successful application of deep learning across various research
fields has led numerous experts and scholars to propose many deep learning-based
POI recommendation models. Most of these models utilize contextual information
for recommendations, including geographical information, temporal information, so-
cial relationship information, textual information, and image information, etc. [6].
How to leverage these contextual information sources to provide more personalized
POI recommendations has been a key focus for researchers.

Zhang et al. [7] considered geographical and temporal information, proposing
a POI recommendation model based on graph neural networks. This model gen-
erates node representations by utilizing both node information and the topological
structure, thereby enhancing the accuracy of POI recommendations. Hu et al. [8]
proposed a POI recommendation model based on network relation representation
learning, which utilizes various contextual information such as social information,
geographical information, and user preferences to generate a social relationship net-
work, uncovering hidden social relationships among users. Xu et al. [9] introduced
a trust relationship measurement method that employs a matrix factorization model
to simultaneously model trust relationships, user preferences, and spatiotemporal
information. They also considered the impacts of item attractiveness and corre-
lations between items on the recommendation algorithm, addressing issues related
to cold start and sparsity in POI recommendation models. Wang et al. [10] em-
ployed a fusion graph convolutional network with an encoder-decoder architecture
to alleviate the cold start problem encountered when utilizing graph structures.
Lan et al. [11] combined various spatiotemporal features by employing location ex-
pansion algorithms and gated deep networks to explore the dependencies of users’
non-continuous points of interest. Yan et al. [12] focused on the collaborative infor-
mation between individual user trajectories and other users’ trajectories, designing
the STHGCN model by integrating hypergraph structure encoding with spatiotem-
poral information.

As user check-in behaviors datasets continue to grow, attention mechanisms have
begun to be applied in POI recommendation. Compared to other traditional deep
learning models, attention mechanisms can effectively filter important data from the
dataset, alleviating issues of information forgetting or redundancy when processing
long sequence data, and capturing the complex preference behaviors reflected in
user check-in records. Liu et al. [1] proposed a POI recommendation model that
integrates attention mechanisms with gated recurrent units, which helps mitigate
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the negative impact of data sparsity on personalized model training. Yang et al. [13]
introduced a graph-enhanced transformer model that utilizes attention mechanisms
to merge factors such as user preference behaviors and spatiotemporal information
for POI recommendations, improving accuracy while addressing cold start issues.
Li et al. [14] considered the spatiotemporal information contained among differ-
ent nodes in the user check-in sequence graph, utilizing attention mechanisms and
gated graph neural networks for POI recommendation. Liu et al. [15] proposed the
ABG-poic model, which utilizes bidirectional gated recurrent units and an attention
mechanism to predict the next category of users’ POIs. Kasgari et al. [16] extracted
users’ latent features by mapping user check-in trajectories into different shapes,
subsequently employing an attention mechanism to recommend points of interest to
users.

In summary of the existing methods, it is evident that the current POI rec-
ommendation approaches mainly utilize users’ historical preference behaviors and
contextual information to model their preferences, improving the performance of
the POI recommendation models to some extent. However, these methods do not
account for the complex dynamic changes in user preference behaviors, and user
preferences can vary due to different factors. Therefore, we propose a POI recom-
mendation model that integrates Bi-LSTM and attention mechanisms. This model
captures the complex dynamic changes in user preference behaviors by utilizing
various contextual information along with the Bi-LSTM module. Additionally, it
employs a ProbSparse attention mechanism to alleviate issues of information for-
getting or redundancy that arise when the Bi-LSTM module processes longer user
check-in sequences. Furthermore, compared to traditional attention mechanisms,
the ProbSparse attention mechanism can focus on the more significant dot-product
pairs during the learning process, which reduces the computation of similarity,
enhances model efficiency, strengthens the model’s ability to capture user prefer-
ence behaviors, and ultimately improves the accuracy of the POI recommendation
model.

3 THE PROPOSED MODEL

3.1 Model Definition

Definition 1. Check-in Records. The user set U = {u1, u2, u3, . . . , ux}, where x
denotes the total number of users in the sequence, and ui (1 ≤ i ≤ x) represents the
ith user in the dataset. The location set P = {p1, p2, p3, . . . , py}, where y denotes
the total number of locations in the sequence, and pi (1 ≤ i ≤ y) represents the ith

location in the dataset. The individual user’s time points set T = {t1, t2, t3, . . . , tz},
where z denotes the total number of check-ins for that user, and ti (1 ≤ i ≤ z)
represents the time point when the user checked in at the ith location. The historical
check-in locations of a user are sorted in chronological order, with the maximum
sequence length denoted as D. The length of the user’s check-in sequence B is
compared with the maximum sequence length D. If B exceeds D, the first D
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check-in records are retained. Conversely, if B is shorter than D, the user’s check-
in sequence is padded with zeros until the lengths of B and D are equal, while
ensuring that the padded zeros are masked in subsequent calculations. Each check-
in record P i

seqa of user ui can be represented as [ui, p
i
a, t

i
a], where pia indicates the

location of the ath check-in by user ui, and tia indicates the time of the ath check-
in by user ui. Therefore, the check-in record sequence of user ui is expressed as
N(ui) =

[︁
P i
seq1

, P i
seq2

, P i
seq3

, . . . , P i
seqD

]︁
, where P i

seq1
and P i

seqD
represent the first and

last check-in records of user ui in chronological order, respectively.

Definition 2. Spatiotemporal Interval. We utilize time intervals and spatial inter-
vals to further capture the dynamic changes in user preference behaviors. The time
interval and spatial interval between the ith and jth check-ins of the same user are
denoted by △t

ij and △d
ij, respectively. The spatial interval is calculated using the

Haversine distance formula [17], as shown in Equations (1) and (2).

△t
ij = |tj − ti|, (1)

△d
ij = Haversine(pi, pj). (2)

The Haversine distance formula can accurately calculate the shortest distance
between two points on a sphere, and its relatively simple computation makes it suit-
able for distance calculations in large-scale datasets, such as user check-in datasets.
The time interval matrix and spatial interval matrix for each check-in record of user
ui with the check-in sequence [P i

seq1
, P i

seq2
, P i

seq3
, . . . , P i

seqD
] are denoted by F (T ) and

F (L), respectively.

Definition 3. Positional Encoding. We use positional encoding to add specific rel-
ative positional information to the check-in sequence, allowing for the identification
and distinction of each different check-in location. This helps the model understand
the relative relationships between check-in locations, thereby enhancing the model’s
ability to capture user preferences. The sine positional encoding for the user’s ith

check-in is denoted as PE(pi,2f), and the cosine positional encoding is denoted as
PE(pi,2f+1), as shown in Equations (3) and (4).

PE(pi,2f) = sin
(︁
pi/10 000

2f/dmodel
)︁
, (3)

PE(pi,2f+1) = cos
(︁
pi/10 000

2f/dmodel
)︁
, (4)

where f is the encoding index dimension, and dmodel is the dimension of the output
embedding space.

Problem Definition 1. POI Recommendation Algorithm. Based on the historical
check-in behavior records of the current user, predict locations that the user may
be interested in next. For example, given the check-in records of user ui ∈ U as
[P i

seq1
, P i

seq2
, P i

seq3
, . . . , P i

seqD
], predict the location that the user is likely to visit at

the next time step.
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3.2 Model Structure

A POI recommendation model that integrates Bi-LSTM and attention mechanisms
is proposed. First, the user check-in record sequence [P i

seq1
, P i

seq2
, P i

seq3
, . . . , P i

seqD
]

undergoes an embedding operation, mapping the check-in sequence into a continu-
ous vector space. Next, the embedded check-in location records, positional encoding
information, and spatiotemporal interval information are fed into the Bi-LSTMmod-
ule. Then, the attention mechanism module is utilized to obtain the weight matrix.
Following that, the interest point matching module is used to acquire the probabil-
ity distribution of the predicted POIs. Finally, the prediction results are obtained
based on the probability distribution. The overall framework of the model is shown
in Figure 1.
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Figure 1. PMBAM model structure
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3.2.1 Embedding Module

The Embedding module utilizes user check-in datasets to obtain various contex-
tual information that includes spatiotemporal relationships. This information is
integrated into subsequent modules to enhance the model’s ability to capture user
preference behaviors and improve the accuracy of the model’s predictions. The Em-
bedding module consists of three parts: location encoding, spatiotemporal intervals,
and the check-in sequence. It combines the positional encoding, spatiotemporal in-
terval information, and user check-in records sequence processed through embedding
operations into a unified feature sequence. For user ui’s mth check-in, the merged

feature is represented as aim =
(︂
lm,△t

m(m−1),△d
m(m−1), tss, PE(pm,2f), PE(pm,2f+1)

)︂
,

where lm is the location of themth check-in,△t
m(m−1) and△d

m(m−1) represent the time

interval and spatial interval between the mth check-in and the (m− 1)th check-in,
respectively. tss indicates whether it is a working day or a rest day, while PE(pm,2f)

and PE(pm,2f+1) denote the sine and cosine positional encodings of the mth check-
in. The feature sequence generated from the previous D check-ins of user ui is
represented as AiD = [ai1, ai2, ai3, . . . , aiD].

3.2.2 Bi-LSTM Module

User preference behaviors are not only related to historical check-in locations but
also have associations with future check-in locations. Bi-LSTM is a bidirectional
RNN model based on LSTM, which contains two LSTM layers that can process
data in both forward and backward directions, utilizing contextual information
from both directions. We use the forward LSTM to establish the relationship
between user check-in locations and historical check-in locations, while the back-
ward LSTM establishes the relationship between user check-in locations and future
check-in locations. By combining bidirectional information, the model can bet-
ter capture the complex dynamic changes in user preference behaviors when the
dataset is large, thereby improving the accuracy of POI recommendations. The
Bi-LSTM module transmits the sequences processed by the Embedding layer to the
two LSTM layers and merges the outputs. The structure of the Bi-LSTM mod-
ule is illustrated in Figure 2, where x1, x2, . . . , xD represent the feature sequence
generated by the user through check-ins from t1 to tD, and Y1, Y2, . . . , YD denote
the corresponding final outputs at each time step, which serve as inputs for the
subsequent model. The Bi-LSTM calculations are shown in Equations (5), (6),
and (7).

ht = LSTM(xt, ht−1) , (5)

h′
t = LSTM′ (︁xt, h

′
t−1

)︁
, (6)

Yt = tanh
(︁
Wyht +W ′

yh
′
t + by

)︁
, (7)
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where ht and h′
t represent the hidden states output by the forward LSTM and the

backward LSTM, respectively. Wy and W ′
y denote the weight matrices, and by is the

bias term.
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Figure 2. Bi-LSTM module structure

The LSTM structure, taking the forward LSTM as an example, is shown in
Figure 3, where it, ot, and ft represent the input gate, output gate, and forget
gate, respectively. C̃t denotes the temporary cell state, while Ct represents the
cell state. The hidden state is denoted as ht, and xt is the feature matrix repre-
senting the user’s check-in behavior at time step t. Wi, Wf , Wc, and Wo are the
weight matrices for the input gate, forget gate, temporary cell state, and output
gate, respectively; these weight matrices are parameters to be learned. Specifically,
the input gate it controls the input of the user’s check-in behavior features, the
output gate ot regulates the output of these features, and the forget gate ft man-
ages retention or forgetting of the user’s check-in behavior features, allowing the
model to learn the dynamic changes in user check-in behaviors through these three
gates.

The forward LSTM calculations are shown in Equations (8), (9), (10), (11), (12),
and (13).

it = σ (Witxt +Wihht−1 + bi) , (8)

ft = σ (Wftxt +Wfhht−1 + bf ) , (9)

C̃t = tanh (Wctxt +Wchht−1 + bc) , (10)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t, (11)

ot = σ (Wotxt +Wohht−1 + bo) , (12)

ht = ot ⊙ tanh (Ct) , (13)
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Figure 3. The Forward LSTM structure

where bi, bf , bc, and bo represent the bias terms for the input gate, forget gate,
temporary cell state, and output gate, respectively. These bias terms are parameters
that need to be learned. σ is the sigmoid activation function, and ⊙ denotes element-
wise multiplication. The structure and notation of the backward LSTM are similar
to those of the forward LSTM and will not be repeated.

3.2.3 Attention Mechanism Module

The gate structure of the Bi-LSTM module selectively saves and forgets user check-
in features. When dealing with long sequences, it is prone to issues such as forgetting
key information or information redundancy. Additionally, since the Bi-LSTM mod-
ule performs two computations at each time step, the model is more susceptible to
problems like gradient explosion or gradient vanishing, which can lead to a decrease
in model accuracy.

The ProbSparse attention mechanism [18] can dynamically allocate weights to
input features, identifying important information and irrelevant data, thereby alle-
viating the problems of key information loss and irrelevant information redundancy.
Furthermore, compared to traditional attention mechanisms, the ProbSparse atten-
tion mechanism is more efficient in filtering information, reducing the amount of
similarity calculations, and mitigating issues related to gradient explosion or gradi-
ent vanishing, improving the operational efficiency of the model.

Therefore, the ProbSparse attention mechanism is introduced to calculate weight
information for different positions based on the importance of various segments of
the user check-in sequence. Accesses with higher weight are given greater attention,
focusing on essential information. The input to the attention mechanism, repre-
sented as Q, K, and V , denotes the query vector, key values, and similarity weights,
respectively, with the calculations shown in Equation (14).
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Q = WQY,

K = WKY,

V = WV Y,

(14)

where Y = [Y1, Y2, . . . , YD] represents the final output of the Bi-LSTM module, WQ,
WK , and WV are the weight parameters.

Utilizing the dot product of Q and K to assign weights to input features is a
core step in the attention mechanism. The dot product reflects the strength of the
correlation between the user’s current preferences and the candidate interest points.
Traditional attention mechanisms require considering all possible dot products for
computation; however, in practice, only a small number of these dot products con-
tribute significantly to the model. Therefore, the traditional attention mechanism
involves a significant amount of redundant computations, which leads to a decrease
in model accuracy and lower efficiency.

The ProbSparse attention mechanism addresses this issue by assessing the con-
tribution size of different dot products during computation. It assigns computa-
tional weights to these dot products, ignoring those with relatively low contribu-
tions, thereby reducing the amount of similarity calculations needed and alleviating
gradient issues. Specifically, the ProbSparse attention mechanism uses the Kullback-
Leibler (KL) divergence to measure the difference between the attention probability
distribution of the vector Q corresponding to the dot products and a uniform distri-
bution. It ignores the dot products where the difference is minimal. The distribution
equations are shown in Equations (15), (16), and (17).

k (qi, kj) = exp

(︄
qik

T
j√
d

)︄
, (15)

p (kj | qi) =
k (qi, kj)∑︁
l k (qi, kl)

, (16)

q (kj | qi) =
1

Lk

, (17)

where p (kj | qi) and q (kj | qi) represent the probability distribution of the attention

mechanism and the uniform distribution, respectively. exp
(︂

qik
T
j√
d

)︂
is the asymmetric

exponential kernel function, Lk denotes the length of vector Q. qi and kj refer to
the ith row of vectors Q and K, respectively. The sparsity measurement equation is
then obtained using KL divergence, as shown in Equation (18).

M (qi, K) = ln

LK∑︂
j=1

e
qik

T
j√
d − 1

LK

LK∑︂
j=1

qik
T
j√
d
. (18)
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If the value of M (qi, K) corresponding to a certain vector Qi is large, it indicates
that Qi contains dot products with greater contributions. The top n = c lnLQ

vectors of Q with the largest values of M are selected for computation, where LQ

is the temporal length of vector Q and c is a constant. The calculation for the
ProbSparse attention mechanism is shown in Equation (19).

A (Q,K, V ) = softmax

(︃
Q̄KT

√
d

)︃
V, (19)

where Q̄ is the sparse matrix formed by the top n vectors of Q with the largest
values of M , and A (Q,K, V ) represents the output of the ProbSparse attention
mechanism.

3.2.4 POI Matching Module

The POI matching module includes a fully connected layer and a Softmax layer. The
outputs from the Bi-LSTM module and the attention mechanism module are fed into
the POI matching module, which then outputs the model’s predicted probability
distribution through the Softmax layer, as shown in Equation (20).

ỹ = softmax
(︁
WyA(Q,K, V )T + F (T ) + F (L)

)︁
, (20)

where A(Q,K, V ) represents the output of the attention mechanism module, F (T )
denotes the time interval matrix, F (L) indicates the spatial interval matrix, and Wy

is a learnable parameter matrix.

3.2.5 Loss Function

The cross-entropy loss function is utilized to optimize the model’s learning perfor-
mance. Nx represents the negative samples, while Ny represents the positive sam-
ples. Given the user check-in sequence N(ui), Nx = [P i

seqD+1
, P i

seqD+2
, . . . , P i

seqD+m
]

represents the randomly selected locations that user ui has not visited in the pre-
diction results, and Ny denotes the correct predicted locations. The calculation for
the cross-entropy loss function is shown in Equation (21).

Loss = −
∑︂
i

∑︂
D

(︄
log σ (Ny) +

∑︂
x̸=y

log (1− σ (Nx))

)︄
. (21)

3.2.6 Algorithm Design

In the PMBAM model that integrates Bi-LSTM and attention mechanism, the orig-
inal data processing and training process is illustrated in Algorithm 1.

User check-in data is first sorted in chronological order. Subsequently, features
for time intervals, spatial intervals, and location encoding are established based on
the time and positional encoding in the dataset. The user check-in feature matrix,
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which contains various contextual information, is then input into the model for train-
ing. The training results are obtained, and the loss function is computed; the Adam
optimizer is used to update the model parameters, optimizing the model training.
Finally, various metrics are used to evaluate the performance of the algorithm.

Algorithm 1 PMBAM Algorithm

Input: POI dataset
Output: The user’s next POI recommendation
// Original Data Processing
for user in (1, user-number):
check-in order by time
N(ui) =

[︁
P i
seq1, P

i
seq2, P

i
seq3, . . . , P

i
seqD

]︁
△t

ij ← Equation (1)

△d
ij ← Equation (2)

tss
PE(pi,2f) ← Equation (3)
PE(pi,2f+1) ← Equation (4)

end
// Model Training
for x in (1, epoch-number):
for y in (1, batch-number):
Model

(︁
N(ui),△t

ij,△d
ij, tss, PE(pi,2f), PE(pi,2f+1)

)︁
select POI from all locations
Loss ← Equation (21)
Recall@K = (POI,Label)← Equation (22)
NDCG@K = (POI,Label)← Equation (23)

end
end

4 EXPERIMENT AND RESULTS ANALYSIS

4.1 Experimental Setup

4.1.1 Dataset

The experiments are conducted using the Gowalla dataset and the Foursquare-
NYC dataset. The Gowalla dataset includes check-in data shared by users on the
Gowalla site from February 2009 to October 2010 in California and Nevada, USA.
The Foursquare-NYC dataset is sourced from the Foursquare website and contains
user check-in records from April 2012 to February 2013 in New York, USA. Each
dataset uses 80% of the data as the training set, 10% as the validation set, and
the remaining 10% as the test set. To reduce the negative impact of abnormal data
on the experimental results, users with fewer than 10 total check-ins and locations
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with fewer than 10 total check-ins are removed from both datasets. Only users and
check-in locations with 10 or more interaction behaviors are retained. The details
of the cleaned dataset are shown in Table 1.

Gowalla Foursquare-NYC

Users 29 858 1 083
Locations 40 981 42 981
Check-ins 1 027 370 227 428

Table 1. Cleaned dataset details

4.1.2 Evaluation Metrics

Model performance is evaluated using mainstream metrics, specifically Recall@K
and Normalized Discounted Cumulative Gain (NDCG)@K, with (K) set to 5 and 10.

Recall@K can measure the overlap between the top-K recommendation results
and the user’s actual check-in locations, which refers to the proportion of the user’s
actual check-in locations present in the model’s predicted results, as shown in Equa-
tion (22).

Recall@K =
|R ∩R1:K̂ |
|R|

, (22)

where |R| represents the set of the user’s actual check-in locations, and |R ∩R1:K̂ |
represents the top-K recommended results generated by the model.

NDCG@K can measure the ranking quality of the predicted results. The closer
the correctly predicted results are to the top of the top-K recommendation results,
the larger the value of NDCG@K , as shown in Equation (23).

NDCG@K =
DCGK

IDCGK

, (23)

where DCGK represents the actual ranking score of the correctly predicted results in
the top-K recommendation results, while IDCGK represents the ranking score when
the correctly predicted results are ranked first among the top-K recommendation
results, which is the ideal ranking score. The calculations for DCGK and IDCGK

are shown in Equations (24) and (25).

DCGK =
K∑︂
j=1

2rel(j) − 1

log2(j + 1)
, (24)

IDCGK =

|REL|∑︂
j=1

2rel(j) − 1

log2(j + 1)
, (25)
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where rel(j) represents the relevance score of the predicted point of interest at
position j. If the point of interest is present at position j, then rel(j) = 1; if the
point of interest is not present at position j, then rel(j) = 0. |REL| denotes the
set of the top-K results from the predictions arranged in descending order of their
relevance scores.

4.1.3 Parameter Settings

The learning rate is set to 0.003, the number of attention heads in the ProbSparse
attention mechanism is set to 4, the batch size is set to 1 024, the number of negative
samples is set to 10, the dropout rate is set to 0.2, and the Adam optimizer is
employed for model training.

4.2 Experimental Analysis

4.2.1 Comparative Experiments

The experiments are conducted based on the open-source model framework of LibC-
ity [19]. LibCity is a standardized traffic prediction framework that includes var-
ious mainstream traffic prediction models and spatiotemporal datasets, utilizing
a unified data format and model interface. The proposed PMBAM model is com-
pared against six mainstream models: FPMC [20], ST-RNN [21], DeepMove [22],
LSTPM [23], GeoSAN [24], as well as four advanced models: STAN [25], EEDN [10],
STSASP [26] and STHGCN [12]. Detailed information about the baseline methods
is provided below:

FPMC [20]: This method combines personalized transition graphs of Markov
chains with matrix factorization to learn user-specific preferences, while also intro-
ducing a Bayesian personalized ranking optimization model for parameter adjust-
ment. It serves as a classic baseline method.

ST-RNN [21]: This method incorporates temporal information and spatial in-
formation into a recurrent neural network (RNN) model to effectively model spa-
tiotemporal features.

DeepMove [22]: This method is based on attention-based recurrent networks,
capturing user preferences through multimodal embedding recurrent neural net-
works, and utilizes historical attention models to capture the periodicity of user
preferences.

LSTPM [23]: This method simultaneously models users’ long-term and short-
term preferences to generate POI recommendation results.

GeoSAN [24]: This method proposes a new loss function that integrates a geog-
raphy encoder based on self-attention mechanisms with a geography-aware negative
sampler to model geographic information.

STAN [25]: This method takes into account the importance of non-continuous
information in user check-in records, employing a dual-layer attention mechanism
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architecture along with the relative spatiotemporal information of user check-ins to
facilitate POI recommendations.

EEDN [10]: This method is based on graph structures, integrating graph con-
volutional networks into the encoder-decoder framework to alleviate the cold start
problem of check-in datasets.

STSASP [26]: This method utilizes various contextual information, integrat-
ing gated recurrent unit networks and self-attention mechanisms to recommend se-
quences of points of interest to users.

STHGCN [12]: This method leverages collaborative information between an
individual user’s trajectory and those of other users to learn user preferences, while
also incorporating a hypergraph transformer that combines hypergraph structural
encoding with contextual information.

The proposed POI recommendation model that integrates an attention mecha-
nism is compared with other models on the Gowalla and Foursquare-NYC datasets.
The evaluation metrics used are Recall@5, Recall@10, NDCG@5, and NDCG@10.
The comparison results are presented in Tables 2 and 3, and the improvements
of PMBAM over the optimal baseline model STHGCN are highlighted in the ta-
bles.

Recall@5 Recall@10 NDCG@5 NDCG@10

FPMC(2010) 0.1824 0.2473 0.1611 0.1762

ST-RNN(2016) 0.2036 0.2589 0.1703 0.1828

STGN(2018) 0.2093 0.2802 0.1986 0.2195

DeepMove(2018) 0.2404 0.3225 0.2365 0.2513

LSTPM(2020) 0.2250 0.3027 0.2489 0.2711

GEOSAN(2020) 0.2912 0.3980 0.2372 0.2865

STAN(2021) 0.3381 0.4296 0.2545 0.3160

EEDN(2023) 0.3477 0.4383 0.2589 0.3241

STSASP(2023) 0.3745 0.4561 0.2693 0.3332

STHGCN(2023) 0.3791 0.4558 0.2734 0.3378

PMBAM 0.4229 0.4922 0.3119 0.3523

Improvements 11.55% 7.98% 14.08% 4.29%

Table 2. Comparison results of different models on Foursquare

The experimental results indicate that FPMC performs the worst across both
datasets. This is attributed to the fact that traditional Markov chain-based POI rec-
ommendation models are inferior in performance compared to deep learning models.
Through the application of deep learning, the model can better handle the nonlin-
ear relationships inherent in check-in sequence, and exhibit enhanced flexibility and
generalization capability.

In the context of deep learning baseline methods, models based on attention
mechanisms (GEOSAN, STAN, STHGCN, STSASP) exhibit superior recommenda-
tion capabilities in most cases compared to recurrent neural network-based models
(ST-RNN, STGN, DeepMove, LSTPM). This enhancement is primarily attributed
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Recall@5 Recall@10 NDCG@5 NDCG@10

FPMC(2010) 0.0923 0.1267 0.0473 0.0523

ST-RNN(2016) 0.1262 0.1674 0.0643 0.0766

STGN(2018) 0.1211 0.1625 0.0639 0.0761

DeepMove(2018) 0.1443 0.1851 0.0792 0.0903

LSTPM(2020) 0.1517 0.1930 0.0875 0.1022

GEOSAN(2020) 0.2225 0.2585 0.1627 0.1799

STAN(2021) 0.2571 0.2783 0.1744 0.1905

EEDN(2023) 0.2594 0.2867 0.1785 0.1961

STSASP(2023) 0.2847 0.3256 0.1979 0.2104

STHGCN(2023) 0.2883 0.3306 0.1998 0.2145

PMBAM 0.3108 0.3437 0.2177 0.2281

Improvements 7.80% 3.96% 8.95% 6.34%

Table 3. Comparison results of different models on Gowalla

to the attention mechanism’s ability to effectively filter important data within
the dataset, thereby demonstrating a stronger capacity for capturing dependen-
cies.

The proposed PMBAM model significantly outperforms other baseline meth-
ods in terms of Recall@K and NDCG@K . Compared to the best baseline method,
STHGCN, which also employs attention mechanism, the PMBAM model achieves
an improvement of 9.60% and 8.67% in Recall@K and NDCG@K , respectively,
on the Foursquare dataset (averaging these two results as a common practice). On
the Gowalla dataset, the improvements are 5.75% and 7.60% for Recall@K and
NDCG@K , respectively. The STHGCN model captures the collaborative infor-
mation between a single user’s trajectory and those of other users using a graph
structure, achieving commendable results in the next point of interest recommenda-
tion task. However, the graph structure fails to learn the sequential dependencies
of user check-in behaviors, which affects the overall recommendation performance
of the model. We employ Bi-LSTM to comprehensively consider both forward and
backward contextual information, establishing connections between a user’s current
check-in location and both historical and future check-in locations. Additionally,
ProbSparse attention mechanism is utilized to alleviate issues of gradient explosion
and vanishing gradients to a certain extent, resulting in improved recommendation
performance.

In summary, the proposed PMBAM model demonstrates superior recommen-
dation performance compared to baseline methods, while also validating the effec-
tiveness of the attention mechanism in point-of-interest recommendations. Further-
more, the PMBAM model shows improvements across various metrics on both the
Foursquare and Gowalla datasets, indicating its robust performance when dealing
with both limited and abundant points of interest.
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4.2.2 Ablation Experiments

By applying various transformations to the PMBAM model, we aim to demonstrate
the effectiveness of each module within the model. The specific variants of the
PMBAM model are as follows:

PMBAM-ST: In the Embedding module, only the check-in record sequence and
positional encoding features are considered, while ignoring the spatial-temporal
interval information.

PMBAM-BI: In the Bi-LSTM module, the bidirectional LSTM, which processes
the check-in sequence in both forward and backward directions, is replaced with
a unidirectional LSTM.

PMBAM-AT: In the attention mechanism module, the ProbSparse attention me-
chanism is replaced with a traditional self-attention mechanism.

Recall@5 Recall@10 NDCG@5 NDCG@10

PMBAM 0.4229 0.4922 0.3119 0.3523

PMBAM-ST 0.3272 0.4051 0.2516 0.3008

PMBAM-BI 0.3685 0.4368 0.2691 0.3202

PMBAM-AT 0.3844 0.4605 0.2873 0.3385

Table 4. Comparison results of the ablation experiments on Foursquare

Recall@5 Recall@10 NDCG@5 NDCG@10

PMBAM 0.3105 0.3437 0.2177 0.2281

PMBAM-ST 0.2463 0.2874 0.1715 0.1943

PMBAM-BI 0.2817 0.3098 0.1986 0.2142

PMBAM-AT 0.2952 0.3213 0.2054 0.2201

Table 5. Comparison results of the ablation experiments on Gowalla

The experimental results are illustrated in Tables 4 and 5. The PMBAM-ST
model, due to the exclusion of spatial-temporal interval information from the user’s
check-in records, fails to effectively capture the dynamic changes in user preference
behavior. This deficiency results in a decrease in Recall@K and NDCG@K by
24.96% and 20.23%, respectively, on the Foursquare dataset, and by 22.63% and
21.86% on the Gowalla dataset.

Similarly, the PMBAM-BI model suffers performance degradation as it does
not effectively integrate bidirectional contextual information. On the Foursquare
dataset, Recall@K and NDCG@K decrease by 13.63% and 12.71%, respectively,
while on the Gowalla dataset, they decline by 10.65% and 7.99%.

Furthermore, the PMBAM-AT model experiences a reduction in performance
due to the replacement of the probabilistic sparse attention mechanism with a tra-
ditional self-attention mechanism. This leads to a decrease in Recall@K and
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NDCG@K by 8.30% and 6.13%, respectively, on the Foursquare dataset, and by
6.16% and 4.77% on the Gowalla dataset.

Through comparative analysis, it is evident that the PMBAM model signifi-
cantly outperforms the PMBAM-ST, PMBAM-BI, and PMBAM-AT models in both
Recall@K and NDCG@K metrics. This validates the positive contributions of the
proposed modules to enhancing the performance of the POI recommendation algo-
rithm. Additionally, it underscores the importance of deeply considering the complex
dynamic changes in user check-in behaviors, which have a substantial impact on the
effectiveness of POI recommendation algorithms.

4.2.3 Hyperparameter Analysis

The dimension of the embedding vector d has a certain impact on the recommen-
dation performance of the model. A dimension that is too small may lead to in-
formation loss, while a dimension that is too large can result in overfitting during
model training. Therefore, both excessively large and excessively small embedding
dimensions can cause a decline in model accuracy.

We test the effect of varying the embedding vector dimension d within the range
of 10 to 60, using a step size of 10, while keeping other hyperparameters constant.
The evaluation metric used is Recall@5 . The testing results are illustrated in Ta-
ble 6, which shows that the evaluation metric reaches its peak when the embedding
vector dimension is set to 50.

Foursquare Gowalla

10 0.4144 0.2916

20 0.4159 0.2985

30 0.4180 0.3028

40 0.4193 0.3060

50 0.4229 0.3108

60 0.4213 0.3096

Table 6. Performance of different embedding vector dimensions on two datasets

Selecting an appropriate dropout rate can effectively alleviate the overfitting
problem that occurs during the training of deep learning models. Under the premise
of keeping other hyperparameters unchanged, we tested the impact of different
dropout rates on the model’s recommendation performance, with Recall@5 as the
evaluation metric. As shown in Table 7, when the dropout rate is set to 0.2, the
proposed PMBAM model achieves better experimental results.

5 CONCLUSIONS

In this paper, we propose a POI recommendation model named PMBAM that in-
tegrates an attention mechanism to deeply explore the contextual information of
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Foursquare Gowalla

0.0 0.2071 0.1628

0.2 0.4229 0.3104

0.4 0.3915 0.2902

0.6 0.4083 0.2994

Table 7. Performance of different dropout on two datasets

user check-in sequence and capture the complex dynamic changes in user preference
behaviors. Firstly, the use of Bi-LSTM allows for processing data in both forward
and backward directions, enabling the integration of various contextual information
to learn the dynamic variations in the user check-in behavior. Secondly, the prob-
abilistic sparse attention mechanism efficiently filters information while alleviating
the issues of key information loss or redundancy that can occur when Bi-LSTM
handles long sequences.

Experimental results on two real-world datasets demonstrate that the PM-
BAM model outperforms previously proposed advanced models in both Recall@K
and NDCG@K metrics, proving the effectiveness and superiority of the proposed
attention-based POI recommendation model. Furthermore, ablation studies validate
the rationality of different modules within the model.

In future work, we will continue to optimize the model structure for the POI
recommendation problem and further uncover hidden information in user check-ins
data. Additionally, we aim to explore how the complex dynamic changes in the user
check-in behavior impacts POI recommendations, thereby enhancing the accuracy
of predicting user preference behaviors.
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