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Current recommender systems often take fusion factors into consideration to realize personalize point-of-interest (POI)
recommendation. Historical behavior records and location factors are two kinds of significant features in most of recommendation
scenarios. However, existing approaches usually use the Euclidean distance directly without considering the traffic factors.
Moreover, the timing characteristics of users’ historical behaviors are not fully utilized. In this paper, we took the restaurant
recommendation as an example and proposed a personalized POI recommender system integrating the user profile, restaurant
characteristics, users’ historical behavior features, and subway network features. Specifically, the subway network features such as
the number of passing stations, waiting time, and transfer times are extracted and a recurrent neural network model is employed to
model user behaviors. Experiments were conducted on a real-world dataset and results show that the proposed method significantly
outperforms the baselines on two metrics.

1. Introduction
Recommender system has always been a hot topic and a lot of
approaches have been proposed up to now. Nowadays, there
are varieties of recommender systems in people’s daily life,
providing news, music, video, goods, or other kinds of items
to the users. For example, Netflix is a famous online video
rental provider, which recommends videos to its users based
on historical rating data, and online retailers like Amazon
and Alibaba provide products recommendation services on
their websites and guide the customers’ consumption actions.
In recent years, with the development of mobile Internet,
people get to use mobile APPs to find points of interest
such as restaurants, malls, and view spots. In this situation, a
good POI recommender system could show the most suitable
candidate targets to users, thus helping to save users’ time for
picking and attain higher satisfaction.
Current recommender systems often use fusion factors,
like users’ profile, historical behaviors, and attributes of items,
to calculate the relevance between users and items. Different
from recommender systems for items like news or music, the
location and other geographical factors are more important

in personalized POI recommendation. This is because the
distance between the points of interest and the user mainly
determines the travel time, and people usually have more
activities like eating, shopping, or watching movies in the
region nearby. Some previous work has focused on applying
location features in recommender systems: Natarajan and
Moh [1] added a unique new feature of location preference
to their news recommender system. Liu et al. [2] proposed
a framework to recommend potential customers to vendors
in location-based social network. Lee et al. [3] proposed a
recommender system integrating location context, personal
context, environment context, and user preference. However,
these approaches only consider the geographical distance
provided by location services such as GPS and use the
location features from a single dimension. In fact, locationbased recommendation problem is more complicated and
more factors should be taken into consideration. In the real
world, people cannot reach their destination in a straight line
in most cases; thus the distance calculation should be based
on road network information. In addition, people usually
have to take the transport when they travel at a distance, and
public transports such as bus or subway all have their own

2

Wireless Communications and Mobile Computing

lines and running schedules. In this context, factors such as
station location, waiting time, and transfer times have varying
degrees of impact on users’ selection and should be taken into
account in the POI recommender system. Compared with
the bus system, the subway network is simpler and easier
to analyze. At the same time, the subway is not susceptible
to traffic jams, and the estimation of the time cost is more
accurate. Therefore, our work focused on extracting the
subway network features and using them to enhance the effect
of POI recommendation.
Most recommender systems learn the users’ preferences
from their historical behaviors. For example, movie recommendations often predict users’ preferences for new movies
based on their rating scores on watched ones; the news
recommender systems usually predict the click-through rate
of news by analyzing users’ actions like clicking, commenting,
and sharing. In this context, how to represent and make use
of the user preferences features has become a key issue. The
user-based collaborative filtering algorithm represents user
preferences in the form of vectors and uses them to calculate
the similarity between users. The dimension of the vector
is usually equal to the number of recommended items. The
main disadvantage of this method is that the vector is very
sparse in most cases and the similarity measure may not work.
Matrix Factorization algorithms such as Probabilistic Matrix
Factorization (PMF)[4], Nonnegative Matrix Factorization
(NMF)[5] and Singular Value Decomposition (SVD) overcome this problem by using latent factors to represent user
preferences. These methods consider the different aspects of
user preferences equally but do not reflect the changes in
users’ interests. In fact, users’ interests often change over time.
In order to model the variation trend of user preferences
over time, we trained a recurrent neural network using users’
historical behaviors data and use the state of the units in the
hidden layer to represent the user preferences. In this way, we
took the user preferences as input features and added them
into the ranking model of our POI recommender system.
In summary, the main contributions of our work include
the following:
(1) We proposed a POI recommender system based on
merged features. We took restaurant recommendation as the study case and managed to merge user profile, users’ historical behavior, restaurant information,
and subway network features.
(2) We represented the variation trend of user preferences
over time as a fixed-length vector by employing a
recurrent neural network.
(3) We used the Wide & Deep [6] model to predict the
scores given to the restaurants by users.
(4) We conduct experiments on a real-world dataset to
evaluate the effectiveness of our method. Experimental results show that our method outperforms 4
baseline methods in terms of root mean squared error
(RMSE) and Mean Absolute Error (MAE).
The rest of this paper is organized as follows. Section 2
reviews the related works. Section 3 presents the main
approach of the proposed restaurant recommender system.

Section 4 introduces the conducted experiments and analyzes
the results. Finally, Section 5 concludes the paper.

2. Related Work
In this section, we mainly review the related works from three
aspects, including recommendation approaches, methods
on processing users’ historical behaviors data, and ranking
models commonly used in recommender systems.
2.1. Recommendation Approaches. There are varieties of
recommendation strategies, including collaborative filtering
algorithm, content based recommendation, association rule
based recommendation, and knowledge based recommendation. Collaborative filtering algorithm is one of the most
commonly used methods in recommender systems. The main
idea of collaborative filtering algorithms is to predict the
unknown rating score based on the known ones. Collaborative filtering algorithm can be further divided into user-based
collaborative filtering and item-based collaborative filtering
[7]. The user-based collaborative filtering algorithm supposes
that you may also like the things liked by the people who
have the same preference as you. Therefore, the first step of
the algorithm is to find users’ nearest neighbors according to
the distance metrics such as Pearson correlation coefficient
and cosine similarity. The user-based collaborative filtering
algorithm has a performance bottleneck that the complexity
of finding the nearest neighbors increases substantially as
the number of users growing. In this context, the item-based
method turns to compute the similarity between different
items, which reduces the computation cost and can be done
offline. However, both of these two algorithms have the
disadvantage that the user-item matrix could be so sparse
that the distance metric may not work very well. To overcome
this issue, Matrix Factorization algorithms factorize the useritem matrix and reduce the dimension of the parameters. The
content based recommendation works based on users’ historical behaviors, which is widely employed in information
retrieval. Compared with the collaborative filtering methods,
the content based recommendation models the attributes of
the item and the results are easier to explain. The association
rule based method makes the recommendation by mining the
relevance between different items and has been successfully
applied in retailing. The knowledge based recommendation
utilizes the functional knowledge and makes the inference.
Since the domain knowledge is hard to obtain, the knowledge
based recommendation has greater limitations compared
with other strategies.
Specifically, Wang et al. [8] unified user-based and itembased collaborative filtering approaches by similarity fusion
and made the model more robust to data sparsity. Yao et al.
[9] used a probabilistic generative model to take both the
rating data and the semantic content data into consideration
in web service recommendation. Tewari et al. [10] proposed
a book recommendation system based on combine features
of content based filtering, collaborative filtering, and association rule mining. Zhu et al. [11] take into account the
importance of location and the intragroup influence in POI
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group recommendation and employ distance prefiltering and
distance ranking adjustment to improve recommendation
satisfaction.
Quality-of-service (QoS) of restaurants is an important
factor to be considered when recommending restaurants
to users. Wang and Zheng et al. [12] propose a reputation
measurement approach and a malicious feedback ration
prevention scheme of web services. Wang and Ma et al.
[13] present an integrated QoS prediction approach, which
unifies the modeling of multidimensional QoS data via a
multilinear-algebra based concept of tensor, for web service
recommendations. Wang and Zhao et al. [14] propose a
service recommendation approach based on collaborative
filtering and make QoS prediction using user mobility.
In this paper, we recommend the restaurants to the user
by predicting the user’s rating score on each restaurant.
In this way, the recommendation task is considered as a
regression problem. Multidimensional features, such as user
profile, restaurant attributes, users’ historical behaviors, and
subway network features, are selected as the input of the
model. Compared with other methods, this approach is more
scalable and has higher accuracy. The proposed architecture
will be illustrated in detail in Section 3.
2.2. Processing History Data. Users’ historical behaviors data
are very significant in recommender systems. This kind of
data, such as the list of videos that have been watched,
purchase records, and browser history, reflects the users’
preference to a certain extent and is of great significance
for predicting users’ future actions [15–18]. A simple way
to make use of this kind of data is to concatenate users’
historical behaviors in series and represent these records with
a vector. This method is widely used in recommender systems
of video websites, online shopping, and so on. However, it
has some disadvantages and may have a bad impact on the
prediction model. To be specific, users usually have different
number of historical behavior records, as a result of this the
length of the vector is not fixed and cannot be input into
the prediction model directly. Some techniques are employed
to solve this problem, such as truncation and completion.
As shown in Figure 1, for the user who has few historical
behavior records, the completion processing fills the vacancy
position of the vector by zero. Correspondingly, for the user
who has more historical actions, the truncation processing
abandons the earlier records and just keeps the newer data.
By these means the historical behaviors feature vector of
different users is fixed-length and represented in a unified
form. The truncation and completion processing generate the
fixed-length vector; nevertheless, these operations bring the
problems such as information loss and introduction of noise
at the same time. Moreover, the dimension of the vector may
be so high that influences the efficiency of model training.
Another common method of processing users’ historical
behavior records is employing the embedding technique.
For example, the video recommender system of YouTube
averages the embeddings of the sparse video IDs and the
embeddings of the historical search tokens and then inputs
the watch vector and the search vector to the hidden layers
of the neural network model [19]. Zheng et al. [20] proposed
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Figure 1: Example of historical behavior records processing
method.

a model named DeepCoNN, which utilizes two parallel
convolutional neural networks to model users’ behaviors
and the properties of items from the reviews and designs
a shared layer to couple the two networks together. As
illustrated in Figure 2, this method learns the latent factors
of users’ preferences and the properties of items in a similar
way as the Matrix Factorization algorithms. Actually, the
Matrix Factorization algorithms can also be considered as
a sort of embedding technique, where the matrices after
decomposition represent the embeddings of users and items.
These methods compress the variable sized user behavior
data into a fixed-length vector but do not make the most
of the timing characteristics of the data. The user behavior
sequence reflects the user behavior patterns and the variation
trend of user preferences over time; thus, the sequence order
should be taken into consideration when modeling. The
recurrent neural network is suitable for modeling the time
series data and has been successfully applied in processing
history records in recommender systems. Specifically, Liu
et al. [21] proposed an extension model of recurrent neural
network which outputs the embeddings of the sequential
heterogeneous attributes for item recommendation. Dai et al.
[22] put forward a point of view that user features and item
features may drift, evolve, and coevolve over time due to the
interaction, and they employed a recurrent neural network
to learn the representation of influences automatically and
capture the coevolving nature of both user feature and item
feature. In the news recommendation method introduced
in [23], a recurrent neural network is used to generate the
representation of the user with browsing histories as the
input.
In the proposed recommender system, we use a single
layer recurrent neural network to learn the behavior pattern
and the preference of the user. In the training phase, users’
historical behavior data are organized in sequence and fed
into the model with a sliding window. After the model is well
trained, we input the historical record of the user into the
model and use the final states of the hidden layer as the vector
representation of the user behavior feature.
2.3. Models. Varieties of machine learning models have been
employed for ranking in recommender systems. Logistic
Regression, which is one of the most famous and commonly
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Figure 2: Encode historical behaviors with convolutional neural network.

used algorithm, has been proved to be effective in application
scenarios such as online advertising, recommender systems,
and web search engine. The main advantages of Logistic
Regression algorithm are easy implementation, high computing efficiency, easy to parallelize, and suitable for processing
high dimensional and sparse features. As a generalized linear
model, Logistic Regression algorithm weights and sums the
feature values and maps the result to the interval (0, 1) with
the logistic function. Therefore, the algorithm requires much
manual feature engineering to filter and validate the combined features, which is very complex and lacks efficiency.
In this context, Rendle proposed an advanced model named
Factorization Machines (FMs) [24]. Factorization Machines
add the explicit combined features to the equation and use
factorized parameters to estimate the interactions between
variables. Field-aware Factorization Machines (FFMs) [25]
are variant of FMs, and the model is based on the idea that
features can be grouped into fields for most datasets. Every
variable in FMs has only one parameter vector representing
the latent effect with other variables, but in FFMs, each
variable has several latent vectors to interact with variables
belonging to different fields. Neural networks have a strong
nonlinear approximation ability and have higher prediction
accuracy in most cases. With the development of deep
learning, there have been several approaches to employ deep
neural network to process the ranking task in recommender
systems. Among these approaches, the Wide & Deep model
proposed in [6] joins the generalized linear models and
the deep neural networks and trains the two components
synchronously. In this model, the generalized linear model
(wide component) is designed to learn the memorization
of feature interactions, and the deep neural network (deep
component) can learn the dense embeddings and generalize
to feature combinations. Since the Wide & Deep model
combines the benefits of memorization and generalization

for recommender systems, we select this model to make the
prediction in this paper.

3. System Design
In this section, we introduce the system design of the
proposed restaurant recommender system from four main
aspects. The first part presents the overall architecture of
the recommender system and the major functions of all the
components. Then, the extraction of subway network features
is introduced in the second part. The third part illustrates the
user behaviors modeling method. Finally, the ranking model
of the recommender system is introduced in the fourth part
of this section.
3.1. Architecture. The overall architecture of the proposed
restaurant recommender system is illustrated in Figure 3.
As the figure shows, the recommender system consists of
two main components, implementing the function of ranking
model generation and restaurant recommendation, respectively. The ranking model generation component can further
be divided into three parts: subway network features extraction, user behaviors modeling, and ranking model training.
Concretely, the subway network feature extraction part firstly
attaches the user and candidate restaurants to the nearest
subway stations and then calculate the features such as distance from the station, number of stations passing through,
and transfer times based on the subway network structure.
The user behaviors modeling part learns user preferences
and behavior patterns through the historical visiting records
and generates users’ behavior feature vectors. Finally, these
features are organized as the input and employed to train
the ranking model of the recommender system. As for the
restaurant recommendation component, the system firstly
concatenates users’ basic information, candidate restaurants
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Figure 3: The overall architecture of the proposed restaurant recommender system.

characteristics, subway network features, and user behavior
features together to obtain the input feature vectors. Then,
the well trained ranking model is used to predict users’ rating
scores on each candidate restaurant. Finally, the system will
make the recommendation based on the prediction results.
The subway network features extraction, user behaviors
modeling method, and ranking model design are the focus of
our work. These three aspects will be introduced in detail in
the following subsections.
3.2. Subway Network Feature Extraction. Buses and subways
are two of the most important ways of public transportation.
In this paper, we select the subway network as the study
object because it has some advantages comparing with buses.
Firstly, the subway network is more popular with users when
they travel by public transport. Secondly, the subway has
a more accurate timetable and is not susceptible to traffic
jams, which makes it more accurate to estimate the time
cost. Thirdly, users prefer to take the subway when the
destination is far away. For above-mentioned reasons, we
focus on analyzing the subway network and extract a series
of features. Specifically, we studied the subway network of
Guangzhou City, which includes 13 lines and 205 stations up
to now.
The main steps of subway network features extraction are
as follows:
(1) The first step of subway network features extraction
is finding the nearest stations to the user and the
candidate restaurant. As a nearest neighbor problem,
one possible solution is to calculate the Euclidean distance between the object and every subway stations.
However, this method is so inefficient that is unable
to meet the needs of real-time recommendation. In
our work, we constructed a KD-Tree [26] based on the
latitude and longitude of the subway stations. By this
means, the city map is partitioned into areas and the

lookup complexity is reduced from O(n) to O(√n),
where n represents the number of subway stations.
(2) When the first step is finished, the nearest stations to
the user and candidate restaurant are set as the origin
and the destination respectively and then calculate
the number of stations passing through. This is a
typical shortest path problem and we employ the
Floyd algorithm [27] to calculate the shortest path
between any two stations.
(3) The number of stations passing through reflects the
distance between two subway stations. However, the
distance between adjacent stations is often different,
and it is inaccuracy and insufficient to use only this
feature. Moreover, the travel time is the most intuitive
feeling for users. Thus, we additionally calculate the
travel time after getting the shortest path. The travel
time is calculated according to the subway schedule,
which can be obtained through Internet.
These subway network features improve the locationbased recommendation approach by taking into consideration the transportation conditions. Moreover, measuring the
distance based on the number of stations passing through
and the travel time is more appropriate than calculating the
Euclidean distance on the plane directly.
3.3. Modeling User Behaviors. As discussed in Section 2, we
use a three layers RNN to learn the behavior pattern and the
preference of users. The model structure and the main process
of the method are shown in Figure 4.
The modeling process consists of two stages: model training and feature vector calculation. Firstly, we constructed
the feature vector of every restaurant. There are four parts
in the feature vector: restaurant ID, restaurant type, average consumption, and average rating scores. As categorical
features, the ID and type of the restaurant are transformed
to vector representation by embedding method. Moreover,
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Figure 4: The RNN based user behaviors modeling method.

the other two continuous variables are transformed to the
vector form by using equal-depth discretization. The neural
network model consists of three layers, including input layer,
output layer, and hidden layer. The hidden layer contains m
units where m determines the dimension of users’ preference
feature vector. In the training phase, for each user, the feature
vectors of the visited restaurants are arranged in order and
fed into the model with a sliding window. User’s rating score
on the next restaurant behind the sliding window is set as the
prediction target and the optimization target is square loss.
According to the principle of the recurrent neural network,
the hidden state is updated based on both the current input
and the hidden state of the last time-step. In this context,
we can conclude that the final hidden state contains the
whole context information of the input users’ behaviors.
Furthermore, the final hidden state reflects users’ preferences
and behavior patterns, and it is reasonable to be used as the
behavior feature vector of users.
After the recurrent neural network is well trained, it is
saved and employed to generate the behavior feature vector
of the user. Assuming that the sliding window length is T,
we fed into RNN model the user’s last T visited restaurants
and extract the final state of hidden layer. We regard the
final state of hidden layer as user’s behavior feature vector. In
this approach, the RNN model handles the varieties in user’s
behaviors over time.
There are mainly two key hyperparameters in this user
behaviors modeling method: the units number in the hidden
layer and the size of the sliding window. Both of these
two hyperparameters have a great impact on the modeling
effect. Specifically, the feature vector can hardly express users’
preferences if there are few units in the hidden layer. By
contrast, too many units generate high dimensional feature
vector, which is usually very sparse and fails to compress
users’ historical behavior data. For the size of the sliding
window or the number of time-steps, the model needs

Optimal Point

Figure 5: Prediction deviation with various time-steps.

enough records to learn user characteristics. Theoretically,
more historical records contain more information and can
improve the modeling effect to a certain extent. However, for
ordinary RNN model, later inputs usually have more weight
than previous ones. Therefore, the proposed model pays
more attention to users’ recent behaviors and the long-term
records only have a little influence. Actually, we tested the
modeling effect with various sliding window sizes and found
that the prediction deviation is approximately asymptotically
convergent. The experiment result is shown in Figure 5; it
shows that the sliding window size value has an “optimal
point”. When the size value is in the left interval of the
point, the modeling effect has a significant improvement with
historical records growing. Correspondingly, the modeling
effect is tending to be stable for more input records exceeding
the point. As to the issue of how to determine the optimal
point, we have not come up with effective methods besides
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Figure 6: The Wide & Deep model structure designed for the ranking task of restaurant recommender system.

linear detection at present. We will focus on this question in
our future work.
3.4. Ranking Model. The ranking model is always the core
component of recommender systems. There are several training strategies for the task of learning to rank, including
Pointwise, Pairwise, and Listwise. In this paper, we take the
Pointwise method and solve the ranking task as a regression
problem. Four types of features, including users’ basic information, candidate restaurants characteristics, subway network features, and user behavior features, are concatenated
as the input of the model. Users’ rating scores on restaurants
are set as the learning target and square error is set as the loss
function. As mentioned in Section 2.3, we employed the Wide
& Deep model to predict the scores, and the model structure
is shown in Figure 6.
The model consists of two parts: the wide component
made up of a generalized linear model and the deep component of a deep neural network. According to [6], the wide
component is designed to learn the memorization of feature
interactions and the deep component achieves the generalization. In our model, the cross-production transformation
of binary features and the user historical behavior features
are fed into the wide part. For the deep part of the model,
the categorical features such as the user age and the type
of the restaurant are transformed into embeddings firstly.
Then all the embeddings and dense features are concatenated
together and fed into the network which contains three ReLU
layers. Finally, there is a linear unit output of the regression

prediction result. The prediction result is shown as follows:
𝑇
𝑇
𝑋𝑤𝑖𝑑𝑒 + 𝑊𝑑𝑒𝑒𝑝
𝑎(𝑙) + b
prediction = 𝑊𝑤𝑖𝑑𝑒

(1)

where 𝑋𝑤𝑖𝑑𝑒 is the features fed into the wide part, 𝑎(𝑙) is the
activation of the final ReLU layer, 𝑊𝑤𝑖𝑑𝑒 and 𝑊𝑑𝑒𝑒𝑝 are the
vectors of wide component weights and weights applied on
𝑎(𝑙) , respectively, and b is the bias term.
The Wide & Deep model is trained jointly. The gradients
of the loss function is backpropagated from the output to both
the wide and deep component of the model at the same time.
Specifically, the wide part of the model is optimized using
Adam method.

4. Experiments
In this section, we conduct extensive experiments with a
real-word dataset. First, we present the dataset and the
evaluation metric used in our experiments. Then, we describe
the baseline algorithms selected for comparisons. Then, we
introduce the parameter settings. Finally, we analyze the
results.
4.1. Dataset and Evaluation Metric. In our experiments, we
use a dataset collected from a real APP named Green Travel.
It contains a large number of users, restaurants, and ratings
for restaurant. We choose 1M ratings from 1525 users to 2657
restaurants. Each rating is an integer between 1 and 5.
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Table 1: MAE and RMSE values of baselines and our model.

Model
PMF
NMF
SVD
SVD++
W&D
W&D-his
W&D-sub
W&D-his-sub

MAE
0.6142
0.5863
0.8218
0.8221
0.5532
0.5205
0.5398
0.5148

In this paper, we use the most popular metrics, Root Mean
Square Error (RMSE), and Mean Average Precision (MAE):
2

∑𝑛𝑖=1 (𝑟𝑖 − 𝑟̂𝑖 )
𝑛

𝑛 
∑ 𝑟 − 𝑟̂ 
𝑀𝐴𝐸 = 𝑖=1  𝑖 𝑖 
𝑛

𝑅𝑀𝑆𝐸 = √

(2)

RMSE
0.8176
0.7207
1.0344
0.9352
0.6738
0.6419
0.6638
0.6317

between [-0.1, 0.1]. The network was trained via Adam
optimizer with batch size 64 and learning rate 0.001.
Our models are implemented in Tensorflow, a wellknown Python library for deep learning. Our models are
trained and tested on an NVIDIA GTX1080 TI GPU.

(3)

4.4. Results and Discussion. We tried different feature combinations in our model:

where 𝑟𝑖 denotes the 𝑖th observed rating, 𝑟̂𝑖 denotes the 𝑖th
predicted rating, and 𝑛 is the number of ratings in test set.

(i) W&D: Wide & Deep model only use ratings, user
profile, and restaurant information.

4.2. Baselines. In order to evaluate the performance of our
model, we compare it with the following state-of-the-art
models.

(ii) W&D-his: Wide & Deep model use ratings, user
profile, restaurant information, and user’s historical
behaviors.

(i) NMF: Nonnegative Matrix Factorization. It only uses
the rating matrix as the input.

(iii) W&D-sub: Wide & Deep model use ratings, user
profile, restaurant information, and subway network
feature.

(ii) PMF: Probabilistic Matrix Factorization. It models
latent factors of users and items by Gaussian distributions.

(iv) W&D-his-sub: Wide & Deep model use ratings,
user profile, restaurant information, user’s historical
behaviors, and subway network feature.

(iii) SVD: Singular Value Decomposition. It uses rating
matrix as input and estimates two low-rank matrices.
It also uses bias to reduce the error.
(iv) SVD++. It extends Singular Value Decomposition by
considering implicit feedback information for latent
factor modeling [28].
4.3. Parameter Settings. We divided the dataset into three
subsets: 80% for training set, 10% for validation set, and 10%
for test set. All the hyperparameters of the baselines and our
model are tuned with the validation set.
We used grid search to find the best value for the number
of latent factors and regularization parameters. For NMF,
PMF, SVD, and SVD++, we set the number of latent factors
k = 64, 64, 48, 32, and regularization parameters r = 0.1, 0.1,
0.15, 0.2.
For our model, we use 1-layer RNN to model user’s
historical behaviors. Specifically, we used CuDNNGRU in
order to benefit from its performance. The dimension of the
user’s latent factor is set to 128. We tried different number of
user’s historical behaviors and find 20 is the best. The number
of hidden layers of the deep component in the model is 3.
All the neural matrix parameters in hidden layers and
RNN layers are initialized from a uniform distribution

Table 1 shows the best MAE and RMSE of PMF, NMF,
SVD, SVD++, and our model with different features. We can
observe from Table 1 that our models achieve better performance than all the baselines. It significantly outperforms the
four other baselines in MAE and RMSE, which demonstrates
the effectiveness of our models.
Moreover, W&D-his and W&D-sub outperform W&D,
which shows that user historical behaviors and subway network features are important for restaurant recommendation.
Furthermore, we can see that W&D-his obtains lower MAE
and RMSE than W&D-sub, from Table 1, which validates
user’s historical behaviors, and is more effective than subway
network feature. Finally, we add user’s historical behaviors
and subway network feature into our model, which obtains
the best performance.

5. Conclusions
In this paper, we take the restaurant recommendation as
an example and propose a POI recommender system based
on fusion features. Subway network features, including the
number of passing stations, waiting time, and transfer times,
are extracted to measure the distance between the user and
the restaurant in a more reasonable way than calculating the
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Euclidean distance directly. We employ a recurrent neural
network with one hidden layer to learn the embeddings of
users' historical behaviors. In this way, the time characteristics of behaviors data are captured and user preferences
can be represented with a fixed-length vector. Experiment
results show that both the subway network features and
user historical behavior features are helpful for restaurant
recommendation and can improve the prediction accuracy of
the ranking model.

Data Availability
The authors use a dataset collected from a real APP named
Green Travel. It contains a large number of users, restaurants,
and ratings for restaurant.
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