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Abstract: Finding similar users in a community network is a very important part of the recommendation
system. Traditionally, algorithms of this kind are based on a single condition to search for similar users. In
recent years, some scholars have proposed the popular multi-criteria algorithm Skyline Query to search for
similar users. However, their proposed methods might have found users not similar to the target user and
are subject to the problem of slow execution. To solve these issues, this paper introduces the concepts of
neural-based skyline region and neural network. The simulation results have verified the effectiveness and
execution efficiency of the target method.
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1. Introduction

In recent years, the personalized recommendation system [1]-[5] has gradually become an issue of
concern for researchers. The system can provide customized suggestions for different users. The first step in
most personalized recommendation systems is to find similar friends or users for the target user. Further,
the information found from these users are provided as suggestions for the target user. For instance, the
preference scores of five users A, B, C, D and E on different types of attractions are listed in Table 1. If we
want to recommend A some places he may interest in. The first step of the recommendation system is to find
out who has similar preferences with A among the rest of the users. User B, C and A all like knowledge-
intensive attractions and dislike shopping and natural attractions. On the contrary, User D and E do not like
knowledge attractions but like shopping and natural attractions. Apparently, User B and C would be more
similar to A than D and E. After identifying the similarities, the recommendation system will provide A with a
proposal based on the scores of B and C given to the three attractions. Since B and C like museums and
dislike supermarkets and nature parks, eventually, the recommendation system will recommend A to visit
the museums.

To find out similar users, the traditional recommendation system will take into account multiple
dimensions of users. For instance, to find out who are similar to A in Table 1, the traditional recommendation
system may use cosine similarity [2] or k-means algorithm [6], [7] to do the calculations. However, Finding
similar users of this kind has its shortcomings. The information of users in different dimensions are usually
independent and uncorrelated. They should not be considered together. This reasoning highlights the



shortcoming of the current approach to searching for similar users.

Table 1. Example of the Recommendation System

User nowledge-intensive shopping natural
A 9.5 1.1 1.5
B 8.7 2.0 0.4
C 9.9 0.7 2.1
D 0.1 8.9 9.5
E 0.8 9.9 9.1
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Fig. 1. An example of depth-k skyline query.

In recent years, a new multi-criteria searching algorithm named Skyline Query [8]-[12] has been
proposed to solve similar issues. This kind of query and its extended algorithms can separately evaluate the
database information under different conditions. Chiu et al. [13] use the concept of depth-k skyline query to
find similar users and effectively solve the disadvantages that the traditional recommendation system met.
Figure 1 shows an inquiry example proposed by Chiu et al [13], where X-axis and Y-axis are the differences
in preference score for knowledge-intensive attractions and shopping attractions between User A and other
users, respectively. In this example, we can see that User B is more similar to User A than User E. Regardless
of the type of attractions, knowledge-intensive or shopping, the differences in preferences scores of user B
are smaller than user E. Under this circumstance, B dominates E. The depth-k skyline query is able to find out
the user who is dominated by a maximum of k users among all users. The black dots in Fig. 1 are the results
of depth-2 skyline query. Obviously, the preference scores of these information points are similar to User A in
knowledge-intensive attractions or shopping attractions. However, the method proposed by Chiu et al has
two fatal shortcomings. Firstly, the depth-k skyline query only counts how many times information points are
dominated, without using the values in each user dimension for evaluation. Some very similar points might
be deleted by the algorithm simply because they are dominated by merely one more time. Secondly, the
execution time of the method will increase exponentially with data size. Hence some alternative algorithms
should be proposed to effectively address these shortcomings.

This paper presents the concept of skyline region to solve the disadvantages of [13]. The so-called skyline
region is shown in Fig. 2. First, assume that the target user is A. Starting from A's friends (i.e., users in Fig.
2(a)), the proposed algorithm finds the skyline friends B and C. Next, from the two points B and C, we
extend an «a value to the X-axis and Y-axis directions respectively, thus forming two virtual points B' and C'.
The lower left corner area surrounded by these two virtual points is the skyline region area and can be
used to find the similar users in the entire social network. For example, Fig. 2(b) includes all users of the
social networks and tells us that the black points are similar to user A, as these points are located in the



skyline region. Since this region only considers the value of each dimension, without considering how many
times the information points are dominated, we have solved the first disadvantage of [13]. However, we
still need to resolve the second disadvantage of [13]. To check whether a point has fallen into the skyline
region, this point must do domination comparison with all the virtual points that form the skyline region.
The execution of the algorithm might take up a lot of time, especially when virtual points are excessive.

Neural network is used in this paper to simulate the skyline region in Fig. 2(b); and the neural-based
skyline region as shown in the curve line of Fig. 2(b) is derived. This region is very similar to the skyline
region in Fig. 2(b). It does not affect our searching for similar users in a community network. Meanwhile, it
is quite simple to inspect whether an information point has fallen into the neural-based skyline region: we
only need to input the information point into the neural network for inspection. Such a linear time
processing will solve the second disadvantage of [13].
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Fig. 2. An example of neural-based skyline region. (a) Find virtual points, (b) Construct the neural-based
skyline region.

The remainder of this paper is organized as follows. Section 2 will introduce how to find out skyline
friends from the user's friends. Section 3 will explain how to establish a neural-based skyline region with a
neural network. Section 4 deals with experimental simulation. Section 5 is for conclusions.

2. Sorted First Skyline Algorithm

Sorted First Skyline (SFS) Algorithm [14] is one of well-known skyline algorithms. With a small amount
of data which make it inconvenient to establish an R-tree, SFS algorithm can get the skyline result in a
shorter time. The user data in the community network that this paper is going to process just meet these
conditions. Hence this paper directly employs this method. This method is mainly designed based on the
following core law, in which Manhattan distance refers to the sum of different dimensional values for an
information point.

Lemma 1 The Manhattan distance of smaller information point p will not be dominated by Manhattan
distance of larger information point q.

Proof We use reductio ad absurdum (contradiction method) to prove this law. Suppose that g dominates
p and the Manhattan distance of g is greater than p. First of all, according to the definition of domination, if
q dominates p, the values of g in all dimensions are all lower than p. It means that the sum of all
dimensional values of g (i.e, Manhattan distance) must be smaller than p. It contradicts with our
hypothesis. Hence our proof is valid.

According to this law, if we first sort all users in the community network based on their Manhattan



distances, starting from User p with the smallest Manhattan distance, and we sequentially conduct

domination comparison with User g with a larger Manhattan distance. In each comparison, there are

possibilities as follows.

e pand g are incomparable: Under this condition, ¢ may become a skyline friend and will be retained for
subsequent inspection.

e p dominates q: Under this condition, q is no longer eligible to become a skyline friend and will be
removed directly from the data set.

3. Math Neural-Based Skyline Region
3.1. Training Data of the Proposed Neural Network

Training data in this paper will come from the data of the target user's friends, and training inputs will be
the coordinate locations of the friends’ data. For instance, in Fig. 2(b), the training inputs of Point B and F
will be (5, 1) and (7, 7). The training output will be the result of whether the friend falls into the skyline
region. In Fig. 2(b), training outputs of Point B and F will be 1 and -1; 1 means that A falls into the skyline
region. While -1 means that F does not fall into the region.

3.2. Structure of the Proposed Neural Network

The neural network to be used in this paper including input layer, one hidden layer, and output layer, as
shown in Fig. 3. The node count of input layer and hidden layer will be equal to the dimension count of
information points. The output layer only has a node. It is responsible for outputting the result of
information point Q falling into the neural-based skyline region. First, we analyze the input layer. Since the
input layer has no action, its output will be directly designated as the input:

outiV=u;. (1

Next, in the hidden layer, the input will be calculated by tangent sigmoid. The equation of this layer can
be written as:

d d
exp(>_whout!” +h) - exp(—Z; whout® +b,)
=
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where w is the weight value between layers; b is the bias value; exp(+ ) is the exponential function. Finally,
we look at the output layer. The information in this layer integrates the data values from the
aforementioned hidden layer; and outputs the final result. The formula is:

d
y =out® =>"w*out®?. (3)
=

3.3. Training Algorithm of the Proposed Neural Network

This paper is expected to use back propagation algorithm [15], [17] to train the neural network. Suppose
that the target function that the training network is required to attain is:

Error(w,i) = % (y, () - y(i)* = %error(i)*, (4)

where error(i) is the error value between ideal output and network output. Next, we can derive the



following equation from this error value:

aw(i) = —£(&- Ew"or Y+ aAw(i—1), (5)
w(i) = w(i —1) + Aw(i), (6)

where £ is the training ratio used to adjust the magnitude of parameters in each modification and to
complete the back propagation algorithm. The neural network referred to in this plan can be optimized
through adjusting the parameters of this algorithm. Firstly, the update rule for w2 is

E (i)

w (i) = w (i -1) + &(- "

), (7)
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exp(s, (1)) —exp(=si (i)

OE/ow? = —error (i)x = : e 8
/ = expts, () exp(s, ) ©)
5,(1) = S wu() b, 9)
Secondly, the update rule for w! is
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Next, the parameter b can be updated by the following equations.
N :=0)
b(i) =b(i-1)+&( b ). (12)
E_ .o, 4
" e e (13)

With these three phases, we are able to construct the proposed Neural-Based Skyline Region.

4. Simulation

In this section, we used the benchmark data sets commonly used in tourist-attraction recommendation
system — Gowalla Dataset [18] for simulation. The data set contains 196,591 users, 1280969 check-in
locations, and a check-in count of 6,442,890. Since the check-in locations in this data set are not marked by
category (e.g. restaurants, parks, shops, etc.), we used a random way to generate the categories for these
locations. Besides, since skyline related algorithms are strongly affected by the data dimension count [8],
[9], this paper mainly verified the computing speed of our proposed algorithm for different dimensional



counts. The comparison object was the depth-k skyline algorithm proposed by Chiu et al. All of the
experiments were performed on a computer running Microsoft Windows XP on an Intel i7-3770 CPU at
3.40GHz with 4 GB main memory. All programs were written in MATLAB®.
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Fig. 3. The time cost considering the effect of number of data dimensions.

Fig. 3 shows our simulation results. This diagram clearly indicates that our proposed algorithms (i.e.,
neural-based skyline region) are much faster than the depth-k skyline (i.e.,, SFDS) algorithm proposed by
Chiu et al. Besides, in Fig. 3, we also observed that the required searching time of this algorithm would grow
with data dimensions. This is because the higher the dimensional number, the greater the number of
skyline information points (i.e., users). The algorithm needs to spend more time finding all the hits.

5. Conclusions

This paper introduces the concept of neural-based skyline region to search for users similar to a specific
user in the community network. This new approach overcomes the shortcomings of the depth-k skyline
algorithm proposed by Chiu et al.. Its shortcomings are: (1) it merely considers the number of dominated
information points, without judging the similarity based on the dimensional values of information points;
and (2) it does not use the neural network to speed up the search of similar users. Ultimately, the
Simulation section verified the effectiveness and efficiency of our approach.
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