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Abstract—Point-of-interest (POI) recommendation can help 
providing better user experience, and provide users with third-
party information about restaurant or entertainment. There are 
several studies to predict the next POI where the user will go so 
as to recommend appropriate services. They use additional 
information such as text or location for more precise prediction, 
or manually define user patterns. However, it is costly to collect 
and analyze large amounts of data for POI recommendation. In 
this paper, we propose a novel method to recommend POI by 
extracting the personalized movement pattern only from the 
POI data without any additional information. We collected POI 
data of 1.5M users for six months from smart card, and produce 
personalized POI and user embedding. Since it is hard to 
construct one POI recommendation model for 1.5 million people, 
we divide them to several groups according to their simple 
mobility pattern. Given a previous POI sequence, user and 
group id, the proposed model is trained to maximize the 
probability of the next POI. Although the learning method of the 
proposed model is simple, even if the given POI sequence is the 
same, successive POI can be predicted differently according to 
the user, resulting in personalized POI recommendation. The 
proposed model achieves 73.64%, 88.65%, and 91.54% in top-1, 
3 and 5 accuracies which are higher than the performance of the 
baseline model (59.48%, 75.85%, and 80.1%, respectively). 
Besides, we verify the embedding performance of the proposed 
model through arithmetic operations between POI vectors. 

Keywords—personalized POI embedding, mobility pattern 
clustering, successive POI recommendation 

I. INTRODUCTION 

 The Point-of-interest (POI) recommendation system 
predicts the next activity and place where a user will go by 
using the trip chain history of the user. Predicting the 
following destinations leads to the possibility of a variety of 
services. For example, if the model predicts the user’s next 
place as a restaurant, the service can provide some information 
such as coupons, hours of operation, or menu. When designing 
the system, it requires a large amount of data such as location 
based social networks (LBSN), public transportation usage 
information, GPS, text, etc. Several studies have been 
conducted to predict successive POI by mining the data 
effectively [1], [2], [3]. 

 Research about the POI recommendation system has been 
actively studied with various methods from simple rule-based 
models to complex models to interpret diverse characteristics 
of POI sequence or user’s mobility pattern. Matrix 
factorization method is one of the popular solutions in 
recommendation system [4], [5]. But it fails to catch the 
sequential information of trip chain and hence achieves 
incomplete optimal performance. To solve these problems, 

some researchers have tried to consider temporal features of 
POI sequence using deep learning model based on recurrent 
neural network (RNN) [1], [2], [6], [7]. It can extract a deep 
feature of the trip chain composed of sequence including 
visiting place for the POI prediction. While it achieved better 
performance, they have a problem of vanishing gradient as the 
length of POI sequence is longer [8]. Others have tried to catch 
personal information in trip chain using user’s preferences 
such as frequently visiting place [9], [10], [11], [12], [13]. 
They just used personalization method as additive information 
for predicting the next POI. They focused on specific 
information like time resolution. They succeeded in 
improving prediction accuracy, but there is a limit to collect 
or analyze data additionally. Besides, they personalized the 
POI recommendation system just with each user’s preference.  

 Since POIs have different meaning to each person, 
personalization is important task in the POI recommendation 
system. Each POI should be treated according to the 
characteristics of individual. Otherwise, the system will 
predict the next location for a given POI sequence as the same 
for any user, depending on the data distribution. For example, 
as shown in Figure 1, if a lot of people depart from station A 
and go to station B, a few opinions from station A to station C 
will be ignored, resulting in serious problem in POI 
recommendation. The existing studies designed models 
without considering these issues. Besides, even the research 
using personalization approach cannot solve the problem 
because their POI prediction model is based on user 
preference. In the real dataset we collected, the destination for 
the same departure varies greatly according to the user, and 
the place where the user leaves for the same arrival also varied. 
Therefore, there is a need for a model that embeds the user’s 
movement pattern and the POI-specific characteristics of each 
user rather than the user’s preference. 

Personalized recommendations are easily accessible by 
creating models only with individual data, but there are the 
following big problems: tremendous amounts of models, 
small amounts of data per individual, and low robustness. If 
we build a POI recommendation model for each individual, 
we have to design the model for the number of users, which 
requires time, high resource consumption, and has low 
scalability. Besides, to train each model, it is necessary to 
collect individual data sufficiently, which causes lots of cost. 
Finally, it has low robustness because the prediction range is 
narrow. However, building a single prediction model for all 
users is inefficient since the range of the target locations is 
very large. In this paper, to solve problems, we propose a 
novel method consisting of two main parts: clustering and POI 
embedding to recommend successive POI.  By grouping the 
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users into the appropriate number of groups through the 
clustering method based on the mobility pattern, we can 
construct only the group-specific prediction models efficiently. 
It can reduce the number of models compared to creating a 
model for each individual. At the same time, in order to utilize 
the personal information lost in the process of clustering, we 
personalize the POI embedding so as to express the 
characteristics of the user as a latent variable by using only 
trip chain data itself. We formulate the personalized POI 
embedding as a dual objective optimization problem of 
maximizing the similarity of POI vectors of the same users 
while minimizing that of POI vectors of the different users. 
Unlike the previous POI embedding studies, the user vector 
representing the sequence of POI (i.e., trip chain) is optimized 
while training the POI vectors. 

We collected the real-world data, not the data from 
laboratory, to verify the proposed method. About 100M large-
scale smart card data were collected for six months. The data 
consist of the log records such as time, user id, and departure 
station id when smart card is used.  There are about 1.5M users 
and 16K POIs. The size of the collected data after 
preprocessing is much larger than the data used in the existing 
POI recommendation research [1], [3], [4], [5], [10] as shown 
in Table I.  The embedded POI vector can be verified by 
simple arithmetic operations to show the characteristics of 
user and POI. In the experiment to predict successive POI, 
there is a performance increase of about 14% at the top-1 
accuracy and 11% at the top-5 accuracy. In the real-world data, 
the accuracy of 91.54% at the top-5 is much higher than the 
previous works [1],[8],[9],[10]. The main contribution of this 
paper is as follows. 

 Our method improves the prediction performance even 
with massive real-world data consisting of 1.5M users, 
0.1B trip chains, and 16K POIs, compared to baseline 

model. The proposed model which achieves more than 
90% prediction accuracy can be used in practice. 

 Unlike other research that proposed a personalized POI 
recommendation system, we propose user and POI 
embedding method from the user’s tip chain data at the 
same time without analyzing data manually or 
collecting additional information such as frequency of 
visits per POI and geographic information.  

 The paper is organized as follows. Section Ⅱ introduces 
several studies for next POI recommendation and raises the 
limitations. In Section Ⅲ, we propose and explain our method 
to solve the limitations described above. Its performance is 
verified in Section Ⅳ. Lastly, we discuss conclusions and 
future works in Section Ⅴ.  

TABLE I.  COMPARISON OF THE DATA SPECIFICATION WITH EXISTING 
DATASETS. 

Dataset # Users # Trip chain # POI Period 

NYC [1] 975 64,702 4,722 10 months 

Yelp [3] 11,564 11,564 18,683 - 

Forsqiare1 [4] 3,571 744,055 28,754 4 months 

Gowalla [5] 3,420 556,453 33,578 7 months 

Forsquare2 [9] 2,321 194,108 5,596 4 months 

Ours 74,241 18,536,898 16,080 6 months 

 
Fig. 1. The effect of difference in amount of data with an example of data 

and concept of the embedding result. 

II. RELATED WORKS 

Various attempts for POI prediction and recommendation 
have been conducted. Most studies have attempted to extract 
temporal and geographical influences at the user’s trip chains. 
They generally used recurrent neural network (RNN). It can 
model serial data, and POI prediction has to catch some 
information in serial trip chains [8]. Zhao et al. modeled using 
the three pairs, user-POI, POI-time, POI-POI, and used it to 
find the interaction relationship using pairwise tensor 
factorizing framework [5]. Cheng et al. proposed factorization 
method personalized with Markov chain (FPMC) [4]. They 
used personalized Markov chain in the model, but some 
limitations existed since they just used only the relationship 
with the previous POI and strong assumption of the factors. 
Zhao et al. and Cheng et al. caught the relationship between 
the user and the POI, but did not consider that a small number 
of data could be ignored when training the model, which 
means that they did not take into account the individual POI 
characteristics of the users [4], [5]. Liu et al. pointed out the 
limitations of the strong assumption of the Markov chain 
(independent), and mentioned the cold start problem of [4] and 
[5]. They were vulnerable to modeling continuous time and 
geographic impacts [4], [5]. To overcome this problem, they 
proposed their models based on spatial temporal recurrent 
neural network (ST-RNN). The model could reflect 
continuous temporal and geographical sequence [6]. It can 
reflect the sequence of the entire data, but requires additional 
temporal and geographical information, and still cannot reflect 
the individual characteristics.  

Some approaches used a way to express the characteristics of 
a trip chain in latent space. Word2vec is widely used among 
many embedding methods [9], [14]. The performance of the 
word embedding method has been proven in the area of 
natural language processing. Liu et al. saw the trip chain as a 
sentence and embedded each POI as a word. It learned 
embedding vectors using skip gram [6]. Liu et al. used the 
information of user preference [6]. However, it reflects only 
part of the user information, because they reflect only top-n 
preferred POI information to catch the personal information. 
Feng et al.  noted that previous studies failed to incorporate 
geographic influences [10]. They proposed a new embedding 
method of considering geographical influence. Although they 
successfully incorporated geographical influences, there was 
still only a preference for reflecting personal characteristics 
[10]. Kang et al. expressed the characteristics of POI in latent 
space in the same way as [14]. The point of Kang’s method is 
that it embeds the text information gathered form SNS 
together [14]. The text information is used POI characteristics, 
but it is also an additional information, resulting in the 
overhead to collect data.  
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Other researchers tried to catch more information in user’s 
trip chains themselves for improving the performance [1], [15]. 
Yao et al. used temporal popularity of POI and human 
behavior patterns over time [1]. They focused on the fact that 
there is a difference between the behaviors on weekday and 
weekend, which can reflect user’s mobility pattern, but not 
personal information. Unlike the previous studies, our method 
can reflect the personal information by using personal POI 
labels for clustering. Zhao et al. tried to figure out the 
characteristics by raising the time resolution in the trip chain 
[15]. They analyzed the pattern for each day of the week, and 
used preferred ranking information too. But the target of the 
pattern analysis was the entire user of the dataset so as to lose 
the specific characteristics of an individual. Compared to it, as 
we said before, our method does not lose any specific 
information while maintaining the general features.  

TABLE II.  RRELATED WORK OF POI RECOMMENDATION 

 The previous works are summarized in Table Ⅱ. Some of 
them focused on temporal or geographical information in 
user’s  trip chains. For the more detailed features, some 
researchers tried to conduct personalized recommendation 

using user’s preferences or added deeper or additive 
information. However, they did not consider that the meaning 
of POI might be different for each user. One of them analyzed 
the mobility pattern for prediction, but did not reflect the 
personal effect on the pattern. In this paper, we propose a 
novel method consisting of two parts for personalized POI 
embedding and mobility-based clustering to predict next POI. 
Personalized embedding is a vectorization that reflects the 
individual characteristics and is used as information for 
prediction. Clustering based on user’s mobility pattern is used 
to create models that reflect the individual characteristics.  

III. METHOD 

For personalized embedding, we make special sequence 
for each user in Section A. By using this sequence, we present 
an adversarial learning process for the user-aware POI 
embedding model in Section B. The embedded vector 
representing the characteristics of POI for a specific user (i.e., 
personalized POI vector) can be obtained from the model. 
Before predicting the next POI with a given POI sequence and 
the personalized POI vector, we clusters the users as some 
groups based on their mobility patterns to reduce the cost and 
achieve higher scalability. The details of them are introduced 
in Section C. In Section D, we show how to construct the POI 
recommendation system. 

A. Personalized POI sequnece  

In order to train a personalized POI embedding, we make 
trip chain sequence before proceeding the embedding process. 
We make personalized POI sequence using departure and 
arrival stations with time order in the collected dataset. The 
trip chain is made every month, and each user has six trip 
chains at maximum, i.e., the trip chain is created in units of 
months. We make a station ID which exists in one user’s trip 
chain but does not appear other users’ trip chain. It means that 
each POI is separated as several embedding vectors as many 
as the number of users who have been visited it. Therefore, we 
can make perfectly personalized POI embedding vector. It 
will be verified in Section Ⅳ.  

B. Personalized POI embedding via dual optimization 

As we mentioned in Section I, POI recommendation 
system using a personalized embedding model is more 
efficient to predict next POI with a given POI sequence and 
user’s history. Each user’s trip chain sequence is used to learn 
embedding vector. Before the embedding process, we make 
one basis vector representing the trip chain itself. It is defined 
as a user vector. If the user has one or more trip chains, the 
trip chains of the user share the same user vector. In the 
training process of the proposed method, the current POI 

Category Author Description 

Factional spatio-
temporal 
modeling 

Cheng [4] 
Factorization personalized Markov 
chain. 

Zhao [5] 
Pairwise tensor factorizing 
framework 

Continuous 
spatio-temporal 
modeling 

Yao [1] 
Using temporal popularity and 
spatio-temporal human mobility.  

Zhao [2] 
Hierarchical geographical matrix 
factorization model 

Liu [6] 
Spatial-temporal recurrent neural 
network 

Adding 
personalized 
information 

Liu [9] 
Using skip gram method and user’s 
top-n preferred information 

Feng [10] 
Incorporated geographical influence 
Proposed new method: POI2vec 

Baral [11] 
Contextual POI sequence modeling 
using RNN 

Using specific 
information 

Li [3] 
Long short-term memory (LSTM)-
based encoder-decoder framework 

Kang [14] 
Embedding with POI sequence and 
text information 

Zhao [15] 
Raising the time resolution for 
catching more specific  temporal 
characteristic from trip chain  

Fig. 2. Conceptual diagram illustrates the process to learn embedding vector. AVG  means average, and black circle represents inner product 
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vector is trained to be similar to the embedding vector of the 
previous, next POI and user vector as shown in equation (1).  

Let 𝑆 ,  be the kth place in the jth trip chain of the user 𝐴. 

Since we have trip chains for up to six months, the maximum 
value of  𝑗 is six. Let 𝑈  be a user vector for user 𝐴 in (1). 

 ℒ = 𝑃 𝑆 , 𝑆 , , 𝑆 , , 𝑈  

= exp 𝑣 𝑆 , , 𝑆 , , 𝑈  ⋅ 𝑠 ,  
(1) 

𝑣 𝑆 , , 𝑆 , , 𝑈  =
𝑆 , + 𝑆 , + 𝑈

3
  (2) 

Our goal is to find an optimal vector for 𝑆 ,  maximizing 

the equation (1). The POI embedding vector is trained so that 
the probability of the target with a given POI vector sequence 
and user vector will be maximized. Equations (1) and (2) 
show how to calculate the probability. By adding the user 
vector, the POI embedding vector is trained to be associative 
with the given user. Equation (1) is also used to the user 
vector 𝑈  while the personalized POI vector for user 𝐴  is 
being trained. We use exponential function to quantify for 
probabilistic modeling as shown in equation (1). As a result 
of this training process, POI embedding vectors that are 
related to each other are optimized to have a high probability 
of appearing together (i.e., high cosine similarity). 

To train the personalized POI embedding and user vectors, 
we minimize the equation (3) while maximizing the equation 
(1). If the POI embedding and user vectors for user 𝐵  are 
given, the probability of 𝑆 ,  with them should be low. 
Therefore, POI embedding vectors of different user become 
far from each other. Equation (4) is the whole objective 
function to train not only the personalized embedding vector 
but also user vector. 𝑋 is given information of other users’ 
trip chain data. As the numerator is maximized and the 
denominator minimizes in equation (4), the probability of the 
desired target will be trained with the best efficiency. 

 ℒ = 𝑃(𝑆 , |𝑆 , , 𝑆 , , 𝑈 ) (3) 

max 𝑃 𝑆 , 𝑋 =
max ℒ

min ℒ
  (4) 

C. Clustering based on mobility pattern 

User clustering is required to reduce the model size and 
avoid low scalability. As we mentioned in Section I, if we use 
just individual data for the personalized recommendation, it 
would cause three problems: tremendous amounts of models, 
small amounts of data per individual, and low robustness. In 
other words, one user has acceptable number of target station, 
but all the users in total have over 15K targets. It results in the 
curse of dimensionality to predict next POI. Therefore, we 
propose a clustering method based on user’s mobility pattern 
to solve this problem.  

We separate the characteristics of the POI as five classes: 
‘home’, ‘workplace’, ‘third point’, ‘fourth point’, and ‘fifth 
point’ using the previous statistical studies and mobility 
pattern analysis [16], [17], [18], [19], [20], [21]. The classes 
of ‘third point’, ‘fourth point’, and ‘fifth point’ are the most 
visited places where the user stayed for more than one hour. 

Based on them, we propose to cluster mobility patterns. Time 
is divided into four parts, and we check the number of 
departure POI classes. We assign the most frequent POI class 
as the representative class in the part. For example, user 𝐴’s 
representative class is home in the first part, and workplace 
in third part, no information in the second and last parts. The 
cluster identification code of user 𝐴  is ‘home-other-work 
place-other’. Algorithm 1 shows the process of creating a 
cluster ID. 

Fig. 2.  

D. Personalized POI rcommendation model 

The proposed POI recommendation system predicts next 
POI using embedding vectors and other information. It is 
composed of fully connected layer (FCN) with activation 
function of LeakyReLU as shown in equation (5), and the last 
layer of it is Softmax layer as shown in equation (6). For each 
group, we construct FCN and set the size of the last layer as 
the number of candidate POIs. The proposed model learns to 
output confidence scores of candidates and choose the POI 
with the highest value. 

 f (x) =
𝑥        𝑖𝑓 𝑥 ≥ 0    
𝛼𝑥     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (5) 

 f(𝑡𝑎𝑟𝑔𝑒𝑡 ) =
𝑒

Σ 𝑒
 (6) 

We use categorical cross entropy as the loss function. It will 
be calculated by equation (7). 𝑝(𝑗)  is the true probability 
distribution and 𝑞(𝑗) is the predicted probability distribution.  

𝐻(𝑝, 𝑞) = − 𝑝(𝑗)𝑙𝑜𝑔 (𝑞(𝑗)) (7) 

In this paper, our key idea lies in personalized embedding 
and clustering based on mobility patterns. We do not use 
complex models for the POI recommendation. We 
demonstrate that our method improves the performance 
without complicated model in the following section.  

IV. EXPERIMENTS 

Several experiments are conducted to demonstrate the 
proposed embedding and clustering method. Experiments are 
consist of next POI prediction using the proposed model and 
validation of embedding vectors. We compare the prediction 
result of ten repeated experiments according to the pair of 
methods (embedding and clustering). There are two clustering 
methods and three embedding methods. Random embedding, 

Algorithm 1. Generate cluster ID 
Input: 𝐷 , 𝑃𝑂𝐼 , 𝐿𝑖𝑠𝑡     
Output: 𝑐𝑙𝑢𝑠𝑡𝑒𝑟   

for 𝑗 = 𝑖𝑑 ,  … , 𝑖𝑑  do 
   for 𝑐ℎ𝑒𝑐𝑘 𝑖𝑛 , , … , 𝑐ℎ𝑒𝑐𝑘 𝑖𝑛 ,  do 
      for 𝑖 = 𝑡𝑖𝑚𝑒 𝑠𝑒𝑡 do 
         if 𝑖 < 𝐷 < 𝑖 + 𝛼  then 
            𝐶  = 𝐶𝑜𝑢𝑛𝑡(𝑃𝑂𝐼 ) 
         end if 

       𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 + 𝐵(𝐶 ) 

end for 
end for 

end for 
return 𝑐𝑙𝑢𝑠𝑡𝑒𝑟  
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no personalized embedding and random clustering are used 
for base line. Top-k accuracy metric is used to evaluate the 
methods. 

A. Dataset 

The dataset is a collection of public transportation usage 
information in Seoul, South Korea. There are about 1.5M 
people’s data for six months (January 2018 to June 2018). 
There are 0.1B trip chains with user privacy information. We 
try to obtain valuable information so that there are 74,241 
users and 18M trip chains. As we mentioned earlier, each trip 
chain has basic features such as user identification, birthday, 
gender, departure station, arrival station, departure time, and 
departure station label by user. We use all these attributes for 
prediction and randomly split the data set into 8: 2 for training 
and testing data. 

In the embedding process, we have addressed the problem 
that a specific location with low visiting frequency might be 
ignored. For example, as shown in Figures 3a and 3b, the start 
location with id ‘2517’ has two arrival stations with high 
visiting frequency. If we use a simple model, it maps from 
departure to only two stations with a given any user. Our 
method can handle this problem. It will be demonstrated with 
the following experiments and results.  

B. Experiment metric 

Our objective is to construct a POI recommendation 
system to predict next POI with a given POI sequence and user. 
In order to evaluate the performance of our model, we use top-
k accuracy for 𝑘 = 1, 3, and 5. Mean reciprocal rank (MRR) 
is used to verify the personalized embedding vector. MRR 
evaluates how close the output is to the target, ordered by 
probability of correctness as follows [22].  

 𝑀𝑅𝑅 =
1

|𝑄|

1

𝑟𝑎𝑛𝑘

| |

 (8) 

where 𝑄 is the number of candidates about target, and rank  
indicates the rank of target in the output sample. In other 
words, the higher the rank, the higher the MRR value.  

C. Next POI prediction 

We have conducted 10-fold cross-validation to elaborate 
the performance of the proposed model. We use basic features 
and personalized embedding and user vectors for next POI 
prediction.  

Fig. 3.    The number of data accoding to station that can be reached from the departure station. (a) is about departure station 2517, (b) is about  station 
2527. Y-axis means the visiting frequency. 

Fig. 4.    The reuslt of 10 cross validation for verifying the performances of 
proposed method and base method. Y-axis indicates accuracy. 

Fig. 6.  The number of targets of the model according to top-1 accuracy. 

Fig. 5.  The number of targets of the model according to top-1 accuracy. 
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TABLE III.  ACCURACY AND STANDARD DEVIATION OF EACH      
METHOD. 

TABLE IV.  TEST RESULTS OF THE PROPOESD METHOD AND 
BASE    METHOD. 

Accuracy 
type 

Content 
Proposed 
method 

Base 

Top-1 

Mean 0.7376 0.5948 

Variance 0.0171 0.0001 

p-value < 0.05 

Top-3 

Mean 0.8869 0.7585 

Variance 0.0062 0.0001 

p-value < 0.05 

Top-5 

Mean 0.9154 0.8055 

Variance 0.0044 0.00007 

p-value < 0.05 

When random embedding is fixed to verify that our 
proposed clustering method works well with any embedding 
model, its top-1 accuracy is 59.48% in random clustering 
while 70.43% in mobility based clustering. At top-3 and top-
5 accuracies, similar results are shown, which proves that our 
clustering method is effective. Figure 8 shows the distribution 
of accuracies as the box plot by repeating the experiments ten 
times. Figure 5 shows that the proposed method has the  
highest accuracy. Two key components of our proposed 
method can improve the prediction accuracy of the model, and 
it has a better effect when used together. In Figure 6 we 
analyze the number of targets according to accuracy. 
Although there are clusters with more than 3,000 targets and 
hundreds of people, our method can predict accurately the 
next POI to be an accuracy of 82%. This result means that a 
small number of data is not ignored in the cluster, and the 
characteristics of the individual are well reflected in our 
embedding vectors and mobility pattern. 

In Table Ⅲ, we compare the result of any pairs of 
clustering and embedding methods. These results show that all 
our methods reflect personal characteristics well so as to 
achieve higher performance. The experimental results show 

that there is a significant improvement in prediction 
performance when one of our methods is used. To verify that 

there is a statistically meaningful difference, we summarize 
the results of t-test between the baseline model and the 
proposed method in Table Ⅳ. The results of the verification 
show that it is statistically significant. 

D. Validation of embedding vectors 

We also validate the information in the trained vectors as well 
as the prediction accuracy. Equations (9) and (10) can show 
whether the personalized POI features are well reflected in 
the embedding vector. Subtract mechanism eliminates the 
same information, and add mechanism attaches some 
information in the vector. In equation (9), the first operation 
subtracts ‘home’ feature in the first operand. The second 
operation adds ‘work’ feature in result of the first operation 
and the user B information is offset, resulting in the vector 
with user A and ‘work’ information. We verify the POI label 
feature using equation (9). The similar result is shown with 
equation (10) that verifies the user information. As Mikolov 
et al., and Le did, we can compute the similarity between 
properties of vectors using equations (9) and (10) [23], [24]. 

We randomly sampled 1,000 people from 74,241, and 
then test 990,000 cases of user combination. We set the Q in 
equation (8) as ten. Figure 7a shows the results of similarity 
test with equation (9). For more than 80%, the similarity of 
the desired target is located in the first and second. But when 
we use non-personalized embedding vector, only a few 
thousand outputs are located in the first and second. The 
result demonstrates that our embedding vector is valuable and 
reflects personal features well. Similar results are shown in 
Figure 7b with equation (10). To show the result 
quantitatively, we compute MRR value of results shown in 
Figures 7 and 8. While personalized embedding MRR result 
is 0.759, the non-personalized method is 0.349 with equation 
(9). The result shows an improvement of over 100%. 
Likewise, the results of equation (10) show a big 
improvement from 0.352 to 0.776. 

𝑈𝑠𝑒𝑟 , − 𝑈𝑠𝑒𝑟 , + 𝑈𝑠𝑒𝑟 , = 𝑈𝑠𝑒𝑟 ,  

𝑈𝑠𝑒𝑟 , − 𝑈𝑠𝑒𝑟 , + 𝑈𝑠𝑒𝑟 , = 𝑈𝑠𝑒𝑟 ,  

Clustering 
method 

Embedding 
method 

Top-1 Top-3 Top-5 

Mobility 
pattern 

clustering 

Personal 
73.76
± 0.131 

88.69
± 0.079 

91.54
± 0.066 

Non personal 
[6] + our 
clustering 
method 

73.68
± 0.13 

88.14
± 0.087 

90.96
± 0.074 

Random 
70.43
± 0.146 

85.91
± 0.103 

89.37
± 0.087 

Random 
clustering 

Personal  
[6] + our 

personalizing 
method 

75.62
± 0.01 

87.83
± 0.005 

90.14
± 0.005 

Non personal 
[6] 

68.42
± 0.009 

82.13
± 0.007 

85.3
± 0.006 

Random 
59.48
± 0.013 

74.85
± 0.01 

80.55
± 0.008 

Fig. 7.   Ranking result of the target in the candidate for the target in each 
embedding method with equation (9). 

Fig. 8.   Ranking result of the target in the candidate for the target in each 
embedding method with equation (10). 
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As a result, the vectors trained with the proposed model can 
give much information to the prediction model. And that is 
proved in the experiment we have discussed earlier.  

TABLE V.  MRR VALUES TO VERIFY THE INFORMATION IN POI  
EMBEDDING AND USER VECTOR. 

 Proposed method Base 

POI feature 0.759 0.349 

User feature 0.776 0.352 

V. CONCLUSIONS 

We proposed a novel method consisting of two main 
components (personalized POI embedding and clustering 
based on mobility pattern) for predicting next POI. They are 
verified using collected massive real-word dataset. Our 
dataset has 118M trip chains and 1.5M users. It has more than 
15,000 target stations. In this data, we found there was an 
imbalance of data distribution with respect to target places 
and noted that it was disadvantageous to users who had small 
amount of data. To solve this problem, we proposed a new 
personalized embedding and it was verified by a similarity 
test. The result shows that it has useful meta-information to 
predict successive POI. Prediction result shows that our 
method improves the performance and reflects trip chains 
features well. 

Since we cannot make models as many as users for 
personalized recommendation, we propose a clustering 
method based on mobility pattern as well as personalized 
embedding model. That pattern can cluster similar users and 
represent individual characteristics. Experimental results 
prove that our clustering approach is useful to improve the 
prediction performance. Our experiments show that it is 
effective to reflect the individual information on POI 
embedding vector in predicting next POI. Even using a 
simple model, it showed a high accuracy of 91.54%. The 
result of t-test show that our method is statistically significant. 
In the future, we will use more sophisticated models to 
effectively use our embedding vectors and mobility pattern. 
We will compare the proposed methods with other POI 
prediction models. Besides, since our model's performance is 
as high as 90%, we will build a standalone system that can be 
used in the real-world. 
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