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ARTICLE INFO ABSTRACT

Keywords: Labeled data is widely used in various classification tasks. However, there is a huge challenge that labels are often
Label noise added artificially. Wrong labels added by malicious users will affect the training effect of the model. The unre-
FastText

liability of labeled data has hindered the research. In order to solve the above problems, we propose a framework
of Label Noise Filtering and Missing Label Supplement (LNFS). And we take location labels in Location-Based
Social Networks (LBSN) as an example to implement our framework. For the problem of label noise filtering,
we first use FastText to transform the restaurant's labels into vectors, and then based on the assumption that the
label most similar to all other labels in the location is most representative. We use cosine similarity to judge and
select the most representative label. For the problem of label missing, we use simple common word similarity to
judge the similarity of users' comments, and then use the label of the similar restaurant to supplement the missing
labels. To optimize the performance of the model, we introduce game theory into our model to simulate the game
between the malicious users and the model to improve the reliability of the model. Finally, a case study is given to

Cosine similarity
Game theory
LSTM

illustrate the effectiveness and reliability of LNFS.

1. Introduction

The Internet of things [1], mobile crowdsourcing [2] and other new
technologies have been widely popularized and applied in various in-
dustries, giving birth to massive data. The formation of such data is often
inseparable from the participation of people. The hidden value of such
data is huge. For many industries, how to use the big data is the key to
win the market competition. With the continuous advancement of com-
puter equipment, people have been able to deal with the large-scale data.
However, as most of the data come from the network, its authenticity will
be reduced by people's malicious behaviors. For example, in machine
learning [3], a common work is to use labeled data to train neural net-
works for classification, regression or other purposes [4]. At this time, the
quality of data will directly affect the model performance. The labels are
often assigned by humans, and the task of labeling the data is
time-consuming, laborious, and expensive. Some malicious marking
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behaviors will lead to massive label noise. Therefore, the influence of
noise labels must be considered in practical application. We need a model
that can accurately identify label noise to actively eliminate the impact of
noise data.

Currently, people are happy to mark some popular locations to prove
that they have been there. At the same time, users will leave their com-
ments and label the restaurants where they have been to show how much
they like the restaurants and help others to judge whether the restaurants
are in line with their interests. Then other users can find their preferred
restaurant by searching for different labels. An app such as Dianping [5]
can achieve this function. However, the quality of such labels is uneven
as they are labeled by various people. Some malicious users will add
invalid labels to the location, making some labels accurate and authentic,
some wrong or fuzzy [6]. Therefore, a very huge challenge is how to
select a correct label for the location to help other users with real needs to
search and filter out the inaccurate noise labels. We propose a label noise
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filtering framework to solve the above problems.

First of all, the labels are diverse because they are marked by various
people according to their own understanding. And some malicious users
will deliberately add false labels to competitors to damage the reputation
of other stores. Therefore, we need a model that can identify the incorrect
labels timely and generate the correct label for the location. The most
appropriate label for a location must cover most of the meanings of other
general labels. Therefore, we first assume that the label most similar to all
other labels in the location is the most representative. Secondly, since the
computer cannot process the text directly, we need to take an embedding
method to transform the labels into the form of word vectors. Then an
appropriate label similarity measurement method is adopted to judge the
similarity between each label. And we select the label which is most
similar to all other labels as the unique label of the location. To enhance
the recognition ability, we use the idea of game theory. We first identify
the unique label, then simulate the attacker, actively increase the label
noise to the location, and then use the model to identify the unique label.
It is worth mentioning that while there are many labels for some places,
which need to filter the label noise, there are still some places still lack
labels. For the location without a label, we consider the similarity of
locations to make an appropriate label supplement. Finally, we find the
best label for each location so that the data can play the maximum value
in practical application. The main thrust of our research is as follows.

(1) We propose a label noise filtering and missing label supplement
model. We use FastText to train appropriate word vectors for all
user text labels, and use cosine similarity to calculate the simi-
larity between the labels. Then, the label most similar to all other
labels is selected as the unique label of the location, and the noise
of other labels is deleted. For locations without labels, we can find
similar places through users' comments. The label of the similar
place is used as the label of that place.

In order to continuously optimize the performance of our pro-

posed model, we apply the evolutionary game theory to the pro-

cess of location label filtering and discuss the detailed simulation
scenarios of game modeling.

(3) We apply our evolutionary game method to a location labels noise
filtering scheme and make a case study. The results show that our
method can describe a detailed evolution process, and our model
can achieve better performance.

(2)

The rest of this paper is arranged as follows. Section 2 introduces the
research work related to game theory and label noise filtering. Section 3
introduces the research motivation of our work. Then Section 4 in-
troduces the related knowledge involved in this study, and Section 5
introduces the label noise filtering method we propose. Finally, Section 6
and Section 7 present a case study and conclusions of the proposed
method respectively.

2. Related work
2.1. Game theory

Game theory is a new branch of modern mathematics. It is a mathe-
matical theory and method for studying phenomena with struggle or
competition. At present, the combination of game theory and various
applications has made great contributions to social progress [7,8]. He
et al. [9] proposed to introduce game theory into an integrated energy
system. It can solve problems in the energy supply side, distribution
network, demand side and common planning and dispatching problems
in integrated energy systems. Game theory is also used in solving power
system problems. Abapour et al. [10] made a systematic summary of the
application of game theory in power systems. In addition, to improve the
performance of radar, it is necessary to control the polarization state of
transmit waveforms. Zhang et al. [11] proposed a framework to find the
optimal transmit polarizations. The polarization problem of the radar
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system is transformed into a zero-sum game between the radar and the
jammer, so as to improve the anti-jamming performance of the system.
Traditional game theory assumes that all players are absolutely rational,
which is difficult to guarantee in most cases. Therefore, the evolutionary
game theory provides new ideas to solve this problem [12]. At this time,
people are no longer absolutely rational players, and the evolutionary
game has begun to develop rapidly. Lin et al. [13] proposed to use the
evolutionary game theory to study long-term green behavior. They have
fully considered the price elasticity, market competition, green invest-
ment and green relevance to formulate a price decision model. Shipping
companies can maximize their profits while reducing environmental
pollution. However, the evolutionary game theory has not been applied
to noise filtering of location labels. This will be an appropriate strategy to
optimize the noise filtering model.

2.2. Problems in label noise filtering

Data with label noise will affect the performance of many tasks, such
as prediction [14-17], security [18,19] and privacy protection [20] [-]
[22]. Datasets with label noise have many negative effects on classifiers.
At present, there have been many studies focusing on mitigating the
negative effects of label noise. Some studies focus on establishing a
robust model to achieve better model performance in the data with label
noise [23,24]. Some research aims to distinguish the label noise from the
real labels in the dataset and to get a better dataset for model training.
Next, this section will introduce the research progress on label noise.

Label noise has hindered some sampling techniques [25,26]. Re-
searchers often use the Synthetic Minority Over-sampling Technique
(SMOTE) method when they achieve unbalanced classification tasks. In
the process of data sampling, once the collected data contains too much
label noise, it is difficult for SMOTE to achieve the desired effect. Chen
et al. [27] proposed an adaptive robust SMOTE, which uses relative
density to measure the local density of a small number of samples, and
then distinguishes features according to the relative density for imbal-
anced classification of label noise. Establishing a model in the presence of
label noise, Huang et al. [28] predicted the fault of rolling bearing in the
wind turbine gearbox. They faced the problem of insufficient data and
excessive noise labels and used an improved label-noise robust Auxiliary
Classifier Generative Adversarial Network (rAC-GAN) driven by the
limited data. This method improved the generalization ability of the
model in practical operation and had good robustness. In addition to
some text label noises, there are also image label noises [29]. It is a
difficult task to extract information from the image and then label the
image. For example, extracting buildings from satellite images requires
extensive accurate data to train the deep neural network and to realize
the automatic generation of building labels. But the model training needs
a lot of accurate data, and the image label noises will hinder the model
training. To cope with this challenge, Zhang et al. [30] proposed a gen-
eral label noise adaptive neural network framework to judge the rela-
tionship between real labels and noise labels. This framework helps to
automatically generate image labels and reduce manual annotation. In
addition, Cai et al. [31] proposed a method of uploading data efficiently
under the condition of privacy protection, and Qi et al. [32] proposed a
model of data fusion in the smart city scene. Zhang et al. [33] proposed
an improved noise loss correction algorithm for learning from noise
labels.

As for the distinction of label noise, there are also diverse studies. In
industrial informatics, data is high-dimensional, noisy and easily mis-
labeled. Guan et al. [34] integrated the traditional two-step method, and
then proposed a Sequential Ensemble Noise Filter (SENF) to generate
noise fractions for each feature instance, so as to identify the noise label.
In terms of classification technology, Quadratic Discriminant Analysis
(QDA) is often used. However, label noise and measurement noise will
seriously damage the prediction ability of the model. Vrankx et al. [35]
proposed a new real-time robust QDA method which takes the most
atypical observation as label noise. This method can not only distinguish
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Fig. 1. Multiuser dynamic: an example.

label noise, but also recognize the label noise in real time. However, the
above methods are less effective when faced with complex
multi-classification problems. To make up for this shortcoming, Xia et al.
[36] proposed a label noise filtering framework for multi-classification.
In the multi-class environment, the filtering method of multiclass Com-
plete Random Forest (mCRF) and multi-class relative density is adopted.
Considering the parameter optimization, a parameter optimization
method using the 2-means clustering algorithm is proposed. This
framework can not only filter label noise, but also deal with the problem
of data imbalance in multi-classification. In addition, Feng et al. [37]
specially proposed a label noise cleaning technology. This technique used
three different classifiers (bagging, AdaBoost and k-Nearest Neighbor
(k-NN)) to recognize label noise.

In a word, the research on label noise, whether it is text label noise or
image label noise, will have a negative impact on the actual model
application. At present, the research on label noise has made some
progress. However, the accuracy of identifying labels from massive labels
is still not high enough in various industries. In addition, the conditions
of different scenarios are different, and it is difficult to have a perfect
framework to achieve label noise filtering in all scenarios [38]. In order
to meet this challenge, we propose a noise filtering framework for text
labels. This framework can not only filter out the redundant label noises,
but also supplement the missing labels. To introduce our framework in
more details, we select a scene of location label selection to describe the
noise filtering framework of text labels in detail.
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Fig. 2. Label noise and label missing.

3. Motivation

In the Location-Based Social Network (LBSN), users often check in at
different locations. For example, users will mark the restaurant they have
been to, and leave their comments about the restaurant. As shown in
Fig. 1, user 1 gives a comment “Try the taro flavor, it's refreshing way to
end a meal; Super delicious” after eating in an English restaurant, while
user 2 who likes lounge bar gives a comment like “Preferably at the back
corner of the bar where you can have a good view of the entire room”. In
addition to leaving comments on the restaurant, LBSN also provides the
function to give labels on restaurants to facilitate the user retrieval. In
Fig. 1, the location accessed by user 2 has four labels, while the location
accessed by user 4 has no label. Users can take the initiative to label the
restaurant as they think, therefore location labels are subjectively added
by a variety of users and there may be malicious users who deliberately
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add wrong labels. We take a real application as an example to illustrate
the influence of noise labels on the performance of the model as shown in
Fig. 2. It can be seen from the figure that location 1 has three different
labels. If user 2 adds an erroneous label “happy hour” to location 1, other
users may not be satisfied when searching for location 1 according to the
erroneous label. And location 2 has no user to add labels. This situation
will lead to the situation that some labels are accurate, while some labels
are redundant or inappropriate. There are also some locations that are
not labeled by users. It is a serious obstacle for users to search a location
accurately. At present, there are few studies on location label noise
filtering in LBSN.

To solve the above problems, we propose a framework of label noise
filtering and missing label supplement. (1) We assume that the label most
similar to all other labels in the location is the most representative. For
each location with redundant labels, cosine similarity is used to calculate
the similarity between each label and all other labels, and then the sum of
similarity is used as the feature of the keyword. Finally, the largest label
of all features is taken as the label of the location. (2) For locations
missing the label, we use the user's comments to find a similar location by
judging the similarity of comments, and then use the label of the similar
location to assign a label to the location. (3) To optimize the perfor-
mance, we apply the evolutionary game theory to our scheme. By
continuously increasing the label noise and performing corresponding
noise filtering, the proposed model is optimized.

4. Preliminaries
4.1. Problem formulation

Users U = {uy, uy, ..., Uy} will visit different locations V = {vy, vo, ...,
vy} and post their comments Cy = {cy, C, ..., co} € C. The comments
often imply the users' attitude towards the locations. For different loca-
tions v; € V, users will label them subjectively with Ly = {I;, I, ..., lo} € L.
In particular, M, N, O and Q refer to the total number of users, locations,
comments and labels respectively. However, the user's subjective label-
ing of locations leads to the decrease of the reliability of labels. Some
location labels are accurate, which is conducive to other users' retrieval.
Meanwhile, some labels are added by users arbitrarily, which will
mislead users' search results. Still, some locations have not been labeled
by any users, which is also not conducive to being retrieved by other
users.

Definition 1. Label noise filtering: We need to select a unique label for
each location v; € V(1 <j <N), i.e., for each label [y € L(1 <k < Q), ifk >
2, it is proved that there is label noise. We need to identify and delete the
location labels.

Definition 2. Label supplement: For locations without labels, i.e., Ix €
L(k = 0), we need to find similar locations according to the users' com-
ments between locations, and use the labels of similar locations to sup-
plement the label for locations without labels.

4.2. FastText

Informal discussions on social platforms have accumulated a large
body of knowledge in the form of natural language text [39]. For
example, text descriptions can be used to mine and create compatible
mashups [40]. There are many ways to represent the text, such as Term
Frequency-Inverse Document Frequency (TF-IDF) and TextRank based on
one-hot encoding [41], Latent Semantic Analysis (LSA) and Latent
Dirichlet Allocation (LDA) based on the topic model [42], and fixed
representation based on word vectors, such as world2vec [43] and
FastText [44]. One-hot coding is a waste of memory and cannot capture
the relationship between words. LDA is suitable for topic modeling and
infers the subject topic distribution of the document from the text.
Obviously, it needs a lot of information to train the document topics
which are not suitable for labeled data. Word2vec does not share any
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Fig. 3. The structure of LSTM.

parameters. Every word is learned according to the context. Word2vec
can't deal with any word haven't been met in training. For example,
word2vec cannot find the connection between words with the same root,
such as “eat” and “eaten”. But FastText can deal with such problems. Its
key idea is to use the internal structure of words to obtain the vector
representation of words. When each location contains too many labels or
lacks a label, we need to find the most appropriate label for the location,
so that users can accurately retrieve it. Since the computer cannot deal
with the text information directly, the first step we consider is to train a
certain word vector for each label. FastText is a tool for the word vector
calculation and text classification, and its advantages are also obvious. In
text classification tasks, FastText can often achieve the same accuracy as
a deep network, but the training time is much faster than a deep network.

4.3. Long short-term Memory(LSTM)

The Long Short-Term Memory (LSTM) model is a special kind of
Recurrent Neural Network (RNN) [45]. This model can better realize the
function of memory and forgetting, and can capture the long-term and
short-term dependence between input data. The following Fig. 3 shows
the structure of the LSTM gate. And the LSTM is calculated as follows:

fi=o(Wy-[hr,x] + by) &)
i = o(W; -[hy_1,x] +b;) (&)
C, = tanh(We -[h_y, x] + bc ) 3)
C =f*Cy +i*C, @
0, = 0(W[h1,x] +b,) )
I, = o,*tanh(C,) (6)

5. Framework for label noise filtering and missing label
supplement:LNFS

This section will introduce the implementation process of our pro-
posed label noise filtering and missing label supplement framework in
detail.

5.1. Training the word vector of labels

Since our model cannot process the text-type label data directly, the
first step we need to do is to transform the text-type label into vector. At
present, there are many methods for representing word vectors, such as
one-hot encoding. However, this method requires high-dimensional
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space in the case of too many words, which will slow down the patrol
speed of our model [46]. Moreover, the word vectors trained by one-hot
encoding method are not related to each other, so we do not use one-hot
encoding in this framework. FastText is used to train the word vector of
the label. There are some advantages to use FastText. First, FastText
training is fast, and it can achieve the same training results as the neural
networks. Second, the word vectors trained by FastText are related to
each other, and the word vectors of similar words are often more similar.
Thirdly, FastText adds the n-gram feature, which can be used for char-
acter level training. For example, in the case of “apple” and “apples”,
other word embedding methods cannot find the relationship between the
two words, but FastText can do well.

5.2. Label noise filtering
Some locations are labeled randomly by users, or labeled intention-

ally by malicious users, and such unreliable labels will have a bad impact
on the reputation of the place. Therefore, we propose the assumption that

label 1 label 2 label 3 label 4 sum
o 0 0.27 | 0.09 | 0.092 0.452
label 2 | 027 0 0.03 | 0.04 0.34
label 3 | 0.09 | 0.03 0 0.97 1.09
label4 1 0,002 | 0.04 | 097 | © 1.102

Fig. 5. Location containing four labels for noise filtering: an example.
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itecture of our LNFS.

the labels most similar to all other labels of the location are the most
representative. Many users have added labels to the site, so the most
appropriate label is often a collection of public opinions. Choosing a
unique label is also to represent a location as accurately as possible. In the
subsequent user interest mining, the unique label can be used as the user's
interest. When multiple labels are retained, there may have some
duplicate labels, or there may have some labels that do not match the
location very well. This will lead to information redundancy. But it
doesn't mean that selecting multiple labels is unreasonable. A location
with multiple labels is easier to be searched. Therefore, different number
of labels can be reserved according to different scenarios. In our research
scenario, the label most similar to all other labels of the site is selected as
the only label. Next, take a specific location and its labels as an example
to introduce our method. Suppose a place contains four labels. First, we
extract the word vectors of the four labels. Then, we use cosine similarity
[47] to calculate the similarity between the four labels. The calculation
formula of cosine similarity is shown in (7) and (8).

= iy @
[X[*[ 5
cos 0 = Z?:] (Xiy,') ©
S () )

where X represents the target label vector and X; represents the vector
elements. y represents other label vectors of the location and y; repre-
sents the vector elements. Furthermore, we get the similarity matrix of
the location, take the sum of the similarity between each label and other
labels as the feature of the label, and get the feature vector of the loca-
tion. Among them, the label with the largest eigenvalue is most similar to
other locations, and this label is selected as the unique label of the
location. The process is shown in Fig. 4 step 1-3. First, we get the label
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vector through FastText, and then we use cosine similarity to calculate
the eigenvalue of all label vectors in each location. Finally, the label with
the largest eigenvalue is selected. As shown in Fig. 5, there are four labels
for a location. After the similarity between labels is obtained by using
cosine similarity, the similarity matrix is obtained. By summing the
similarity matrix of each location, we get the eigenvalues of the four
labels. It can be seen that the feature value of label 4 is the largest, so we
choose label 4 as the label of the location. In addition, the specific
experimental process is shown in Algorithm 1.

Algorithm 1 Label noise filtering

Require: Locations V and their labels L

Ensure: Unique label {/;} for each location v

//Select a location with labels > 3

V=0

: for each location v in V do

if LV = {l|, 12, N lQ}, Q > 3 then
Addvin V;

end if

. end for

// Establishing similarity matrix

: Training label vectors with FastText

8: for each location v in V; do

9: Calculate F'(v) by (7)

Sum each line v/; of F(v)

Find the max vi;

: end for

. return label {/;}

AN e

=

However, the label noise filtering model requires optimization. Locations
in LBSN constantly receive labels added by users, including incorrect
labels added by malicious users. Therefore, in order to make our model
have a better noise recognition ability, we simulate a group of users to
add labels. The users include ordinary users and attackers. The ordinary
users add normal labels, and the attackers add wrong labels. The model is
used to recognize label noise again. Through many times of gaming, the
model can achieve the purpose of model optimization.

5.3. Missing label supplement

In the LBSN, many locations are still not labeled by users. These lo-
cations may be rarely visited by people, or they may be newly built, or
users are too reluctant to add labels. In any case, the lack of labels will
make it difficult for other users to search these restaurants, which is not
conducive to the development of restaurants. Although these restaurants
lack labels, they collect users’ comments. Since the restaurants that users
leave comments often have the same type of location, our proposed
method is to add a label for the location by judging a labeled location
similar to it. The process is shown in Fig. 4 step 4-6. This involves how to
judge the similarity between user comments. Due to the large number of
user comments, we choose a more complex method which is time-
consuming and labor-consuming. Therefore, we choose the simple
common word similarity method. Intuitively, we first count the total
number of characters of the two locations under comparison, then count
the total number of characters of the common words about the location,
and finally divide the common words by the number of characters in the
longest document to get the similarity measurement value.

Suppose that for location A = {cy, ca, ..., ¢g} € C without a label, we
compare it with other locations with a unique label to find a similar
location. Let's assume there is a location B = {c1, ca, ..., cp} € C, then the
text similarity of location A and B is calculated by the following equations
(9) and (10).

_ANB

9
0 9

Q=rP)

S(vi)
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A% q<p)

S(vy) = (10)

Where A represents the comments words about location A, B represents
the words about location B, Q represents the total number of words about
location A, and P represents the total number of words about location B.
By judging the similarity between the comments on different locations,
we can find the label of locations which are similar to the location
without a label and then add the label to the location. In addition, the
specific experimental process is shown in Algorithm 2.

Algorithm 2 Missing label supplement

Require: Users U, locations V, labels L and com-
ments C
Ensure: Unique label {/;,} for every missing location
v
//Select a location without label
V=0
. for each location v in V do
if Ly = @ then
Addvin V;
end if
: end for
//Finding similar locations
: Training label vectors with FastText
8: for each location v in V; do
9: for each comments ¢ in C do
Calculate S (v;;) by (9) (10)
[, =1,_sim,
end for
: end for
. return label {/;,}

e A R ol s e

~

Finally, we summarize the proposed label noise filtering and missing
label supplement framework. For a location with only one label, we
default that this label is the only label of the location. For locations with
three or more labels, we assume that the label most similar to other labels
about the location is the most representative, and then we use cosine
similarity to calculate the similarity matrix of each location, and sum up
the eigenvalues of each label. The label with the largest eigenvalue is
taken as the unique label of the location. For the location with missing
label, we use the simple common word similarity method to find a similar
location with a unique label, and make its label as the label of the loca-
tion. In particular, the above solution cannot be used for locations with
two labels. Therefore, we first find a similar location according to the
common word similarity method. At this time, the location has three
labels, and finally determine the unique label according to the label noise
filtering method.

5.4. Application of location label

After choosing the right label for each location, we need to prove the
performance of the LNFS framework. Because location labels are added
by network users, there is no fixed standard for location labels. There is
no way to compare the noise filtered labels with the standard location
labels. We can measure the practicability of our method from the
perspective of application. We first select the LBSN location related
scenes, in which the users will check in. Therefore, being able to predict
the locations that users may visit next and recommend them to users in a
timely manner is very helpful to the development of the smart city in-
dustry [48,49]. But it is very difficult to find the user's check-in prefer-
ence only according to the specific location. Therefore, we choose the
location label as the user, preference to predict the user, check-in
behavior.

We input the check-in information of users who have performed label
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Table 1
User check-in data.
Users Location
35443 899
24973 42 406
14 860 177
133970 41 096
Table 2
Location-label data.
Location Labels
15
20 bakery,bar,barbeque,bbg,bistro, boutique,
bravo, bravoandy, celebrity sighting, coffee
25 colombian, cupcake, fish tacos, grilled corn,

long wait, pork, rice and beans

558 276 donut shop

Table 3

Labels: vectorization implementation.
Label Vector
bakery [0,0,1,0,1,1,1,0,1, 1]
bbq [1,0,0,0,0,1,1,1,0,0]
barbeque [1,1,0,1,0,1,1,0,0,0]
133970 [1,0,0,0,0,1,1,1,0,0]

noise filtering and missing label supplement into LSTM for training ac-
cording to the time sequence so as to predict the label categories that
users may visit next. Then, the check-in information of users who do not
perform label noise filtering and missing label supplement is input into
an LSTM model for training, and the label categories that users may visit
next are predicted. Comparing the performance of these two LSTM
models, we can well prove the advantages of our proposed LNFS
framework.

[0,1,1,0,1,0,0,0, 1,
1,0, 1

/(lb(f/\‘ [0: Oﬁ 07 07 lﬂ I,‘r s Vs 7."70]@ 002 0

[17 ]707 17 07 07 17 07 05 ...7 ]]

s
/

Comment: [make your own sandwich:
tuna salad on country white bread,
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5.5. A case study

In this section, we use a specific case study to demonstrate the reli-
ability of the LNFS framework.

5.5.1. Step 1: embedding

The label data of the location is processed into a word vector. The
data we use includes the user-location data pairs shown in Table 1, and
each data pair indicates that a user has checked in once at a certain
location. And the users will leave comments in their check-in positions.
The location-labels data is shown in Table 2, which represents all user-
added labels received at each location. We transform all label informa-
tion into a 300-dimension vector through FastText for subsequent pro-
cessing, which is shown in Table 3.

5.5.2. Step 2: label noise filtering

For the location v; with more than 3 labels, we need to select the most
representative label. Therefore, we use (1) to find the similarity between
all the label vectors of v;. The similarity matrix of v; can be obtained.
Then, each row of the similarity matrix is added to get the eigenvalue of
each label, and the label with the largest eigenvalue is the unique label of
v;. Finally, Fig. 6 shows the label noise filtering process. Then, the at-
tackers add malicious labels, and the LNFS model performs label noise
filtering. The performance of the model is optimized by the game be-
tween the model and the attackers.

5.5.3. Step 3: missing label supplement

Each location contains comments left by users. For location v; without
a label, we find a similar location by judging the similarity of comments,
and use the label of the similar location to supplement the location
without a label. In addition, for the location with two labels, the simi-
larity between the two labels is the same, so a unique label cannot be
found by calculating the eigenvalue. We first use the similarity of com-
ments to find a label of the similar location, and then use the label
filtering method to select a unique label. Finally, Fig. 7 shows the missing
label supplement process.

5.5.4. Step 4: user check-in location prediction

Through the previous stepl-3, we have been able to select a unique
label for each location. We need to verify the performance of our pro-
posed LNFS framework. As the labels are added by different people, no

0 10.02 0.65 suml
- l ]

0.21 I sum?

0.10
0.65(0.21|0.10| 0O sumn

Fig. 6. Label noise filtering process.
[The calamari as an appetizer and the quail.
Pretty good, if a bit rich. The berry and creme
desert thing was really, really good! > bakery

cheddar, lettuce, tomato, cucumber,
mayo| )
~

N\
N

[Not for the faint of heart.]

Be careful with the napkins on your pants.

i They leave remnants behind. As in lint.]

[Huevos con chorizo is finger lickin good!!] —  breakfast shop
[It's just so incredibly cute.] —> hamburger

— sandwich

Fig. 7. Missing label supplement.
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Table 4

Comparison between predicted labels and actual labels.

User Predicted labels Actual labels After_Accuracy
1 coffee, bbq, bar, coffee Coffee, barbeque, bar, 75%
coffee
2 bistro, brunch, vegan college, brunch, burger, 50%
friendly, beer beer,
3 crunk, chicken, crunk, black tea, balls, 25%
vegetarian, burger hot dog
133970  private dining, bakery, record shop, beer, 50%
beer, soups paella, bakery
User Predicted labels Actual labels Before_Accuracy
1 bbq, haunted, brunch, Coffee, barbeque, pizza, 0%
beer coffee
2 coffee, diner, vegan college, brunch, burger, 0%
friendly, french bbq
3 crepes, boy, ice cream, black tea, art galleries, 25%
balls balls, hot dog
133970 cookies, tapas, cozy, record shop, beer, 0%

tacos paella, bakery

standard can directly prove the performance of our framework. To meet
this challenge, we use a specific application: we input the data before and
after noise filtering into the LSTM model for training, then we use the
trained model to predict the user, check-in behavior and predict the la-
bels of the places they may visit next. The prediction results of the model
are shown in Table 4. The case study also proves that our LNFS frame-
work is effective and reliable.

6. Conclusions

Aiming at solving the problem of unreliable labels in LBSN, we pro-
pose a framework of label noise filtering and missing label supplement.
To solve the problem of label noise filtering, we first use FastText to
convert the restaurant's labels into the vector form, and then use cosine
similarity to get the label which is most similar to other labels of the
location. To solve the problem of label missing, we use the simple com-
mon word similarity to judge the similarity of users' comments, and then
use the label of the similar restaurant to supplement the missing labels. In
order to increase the reliability of the model and protect the reputation of
the location from being affected by malicious labels, game theory is used
to simulate malicious users adding wrong labels, and LNFS model is
constantly used to identify label noise. Finally, we apply a case study to
demonstrate the effectiveness and reliability of our method.

In future work, we will apply this research to point-of-interest
recommendation. According to the unique label of the location, the
users’ interest preference for the locations can be mined. Then we can
recommend interesting locations to users.
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