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Abstract. With the rapid development of the 5G and Internet of Things
(IoT), mobile edge computing has gained considerable popularity in a-
cademic and industrial field, which provides physical resources closer to
end users. Service recommendation in such a distributed environment
is a hot issue. However, the cold-start problem for service recommen-
dation in mobile edge computing is still urgent to be solved. In this
paper, we propose a service recommendation method based on collabo-
rative filtering (CF) and user location, by comprehensively considering
the characteristic of services at the edge and mobility of users. In detail,
we first synthesize the service characteristics of each dimension through
multidimensional weighting method. We further introduce the idea of In-
verse_CF_Rec to the traditional CF and then predict the lost QoS value
to solve the problem of sparse data. Finally, a recommendation algorithm
based on predicted QoS value and user geographic location is proposed to
recommend appropriate services to users. The experimental results show
that our multidimensional inverse similarity recommendation algorithm
based on collaborative filtering(MDICF) outperforms Inverse_CF_Rec in
terms of the accuracy of recommendation.

Keywords: Mobile edge computing - QoS - Service recommendation -
Multiple dimension.

1 Introduction

In recent years, the edge computing paradigm has been widely adopted as a
good complement to cloud computing, which brings the processing to the edge
of the network [1]. And the service recommendation problem is a hot issue in
edge computing. For example, when a mobile user send a service request, edge
servers that have enough resources to process the information will intercept and
respond to the user request [2]. And the recommendation system becomes very
important if there are more than one edge server which can process user requests.
Usually, service recommendation algorithms consider quality of service (QoS) as
the decision variable [3]. So, how to calculate the QoS value of the service more
accurately is one of our key research points.

According to our survey, most service recommendation methods are based
on massive historical data [3,4,6,9,15], such as the memory-based collaborative
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filtering (MCF) [3]. However, the mobility of users may lead to the fluctuation
of QoS value in mobile edge computing [5]. When a mobile user moves from the
wireless coverage range of one edge server to that of another edge server, the
historical QoS value will become invalid and the QoS value on the new edge
server is null [6]. In the field of service recommendation in edge computing, the
data density is generally sparse, that is, there exists the cold start problem. And
our proposed method is based on collaborative filtering. However, it is difficult
to calculate the similarities between object user and other users when the object
user moves to a new edge sever. To solve it, the similarities between the object
user and other users who have data on the object user’s historical edge server
and new edge server is considered. We also calculate the similarities among users
on object user’s new edge server. Because of the sparse data matrix, calculating
the similarities among users directly may lead to imprecise results. So authors in
Ref [7] introduce the sociological theory, namely an enemy’s enemy is a friend,
which represents that the opposite user of a opposite user is likely to be a similar
user of the object user. However, their work only consider user requirements on a
single dimension. In actual decision, considers on multiple dimensions are more
common.

According to aforementioned issues, we propose a multi-dimensional inverse
similarity recommendation algorithm based on collaborative filtering (MDICF).

(1)Considering the multi-dimensionality of user needs and service perfor-
mance at the edge, we adopt a multi-dimensional linear weighting method to
take into account the needs of every dimension. For each mobile user, our weight
coefficients in different dimensions are dynamically adjusted for a more compre-
hensive understanding of user needs.

(2)Aiming at the mobility of users and sparse data of services at the edge, we
use inverse similarity to predict users QoS value based on collaborative filtering
and calculate the distance between the user and the service by obtaining their
latitude and longitude. A MDICF method is proposed to recommend appropriate
services to users within a reasonable range.

The rest of this paper is organized as follows. Section 2 shows the related
work. Section 3 details our prediction recommendation method. Section 4 in-
troduces the design and experimental results of our experiments and Section 5
summarizes our methods and prospects for future work.

2 Related work

Because of high interpretability, collaborative filtering (CF) is widely used in var-
ious recommendation systems. CF is mainly divided into two categories: Model-
based and Memory-based. Memory-based CF is also called Neighborhood-based
CF, which can be divided into user-based similarity CF and content-based sim-
ilarity CF. The basic idea of that method is to find similar user sets or items
based on user or content similarity, and recommend to target users based on rat-
ings of similar users or items. The similarity among users or content is mainly
calculated by using Pearsons Correlation Coefficient and Cosine Similarity. In
addition, hybrid recommendation algorithm contains a mixture of matrix decom-
position and deep learning. This method incorporates different recommendation
algorithms, so it has a powerful feature extraction ability and can automatically
retrieves a deeper representation of data.

In recent years, there have been many researches on CF in the field of rec-
ommendation system. The author of [12] takes into account the number of times
a user calls a service when calculating the historical QoS similarity generated
when a user calls the same service. They improve authenticity and persuasion
of data by using the average of all QoS. The collaborative filtering model based
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on matrix factorization [12,14] has also been widely used in Web service recom-
mendation. As a potential linear model, the performance of matrix factorization
is not good enough when capturing complex interactions. With the rapid de-
velopment of service-oriented computing and cloud computing, many machine
learning and deep learning models are applied to recommendation systems in
combination with traditional collaborative filtering. The authors in [11] propose
a hybrid web recommendation algorithm based on matrix factorization and deep
learning which combines collaborative filtering and text content. The invocation
between mashups and services and their functions are integrated into a deep neu-
ral network to describe the complex interactions between services. Article [12]
proposed a model combined a compressed interaction network and DNN. On the
level of vectorization, the feature interaction was generated in an explicit way.
But they have serious bottlenecks in running efficiency and memory consump-
tion. Such deep learning models can solve many problems, but there are serious
bottlenecks in terms of operating efficiency and memory consumption.

In addition, the exiting recommendation algorithm in edge computing rarely
take into account the location characteristics of users and services. In fact, the
QoS of services in edge computing are usually closely related to the location re-
lationship between users and services. Now that smart phones and other devices
that support GPS navigation are widely used, they can collect more and more lo-
cation information, which also provides reliable conditions for our location-based
recommendations. There have been many researches on location-based service
recommendation before. They usually introduce location information as a new
dimension to recommendation algorithms. The article [16] proposed a location-
aware personalized CF web service recommendation method which select similar
users or services of target users in users and web services at two locations.

3 Motivation

In this section, we illustrate our method through a scenario. Vehicle-road col-
laboration is an important part of smart transportation. As a good complement
to cloud computing, edge computing performs most of the calculations near the
road at the edge. As shown in Fig. 1.

Cloud computing

Nf!tﬁk mﬁ:
edge flode a2 edge noge al
w0 -

oo o

C

Fig. 1. Service recommendation in mobile edge computing

It integrates a local map system, traffic signal information, nearby moving
targets and multiple sensor interfaces [8] at the edge node near the road. A
self-driving vehicle A drives away from the coverage of edge node al and enters
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coverage of edge node a2. It needs to obtain the required services in a2. And we
need to consider the problem of spare data when historical information of A is
little at edge node a2. In addition, since there are many kinds of integrated at
edge nodes near the road, we need to consider multidimensional feature such as
response time, throughput and so on. Therefore, we propose a multi-dimensional
weighted inverse similarity method to predict unknown QoS values and make
recommendations based on geographic location.

4 Multidimensional inverse similarity recommendation
algorithm based on CF

According to the aforementioned analysis, we consider using collaboration fil-
tering with reversed user similarity to predict the unknown QoS values, and the
problem of multi-dimension for the QoS value is also considered. Then we recom-
mend services to object user based on locations of user and services. Specifically,
we adopt linear weighted sum method to integrate QoS in different dimension-
s into one comprehensive QoS. Then the problem is transformed into a linear
programming problem. Our method is mainly divided into two steps:

(1)QoS prediction. This step includes the calculation of user similarity, the
determination of users with similar behaviors and similar users and prediction
of QoS. We predict unknown QoS through the calculation of user similarity and
similar credibility.

(2) Service recommendation. We can get all services within a certain distance
from the user through our calculating. We recommend services for the object user
based on the predicted QoS in the previous step.

The overview of our approach is shown in Fig. 2 as follow.

network 2, ensure similar users

1. calculate similarities

! . l . 3, QoS prediction
Input: users, e l l

services, QoS &« —
Matrix

throughput, 4, service recommendation

response time......

S PP . B P

Fig.2. Overview of MDICF

4.1 QoS prediction

Linear weighted sum method. In mobile edge computing, the focus of
services at different locations may be different. Thus, we consider adopting linear
weighted sum method to integrate different dimension of QoS in one service
with one dimension. This is a method commonly used in the multi-objective
optimization problem which keeps the original data in each dimension. The linear
weighted sum method is formalized in Equation(1):

=S5 (p, 1
(i
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wherein p; €[0,1], z; indicates the weight coefficient and QoS value of each
dimension in one service, respectively.

In this paper, we consider the response time and throughput of services at
edge. So, we transform the Equation(1) into Equation(2):

qik) = @ *tpik) + B* 1l )
a+pf=1

wherein o and 3 are weight coefficients between 0 and 1, tp(; 1) and 7t; ) re-
spectively represent the quality of service in terms of response time and through-
put when servicey is called by user;, q ) represents the weighted quality of

service when servicey is called by user;, which is used when we calculate the
similarities later. The calculation of o and 8 will be introduced later.

Calculate the user similarity. Pearson correlation coefficient (PCC) is wide-
ly used in the similarity calculation because of its simplicity and efficiency.
Thus, we consider using PCC to calculate the similarities of users. We use
U = {u1,us,us, ..., un, } to represent the user set that call for services, E_S =
{es1,es9,€es3,...,es,} to represent the set of services at edge. In our method,
q(i,k) represents the QoS of edge servicey when user; calls for edge servicey and
qi represents the average QoS of user;. simy; ;) is the similarity between user;

and user; which is calculated as Equation (3):
ik) — i) * (Q(ik) — i
Slm(zd) _ ZeskEIN (q( k) aq ) (q( k) q )
\/ZeskGIN(q(ivk) - (jl)z * \/ZeskGIN(q(jvk) - %)2

In this equation, IN is the set of edge services that both user; and user;
have called for. If user; and user; have not called for the same edge service, IN
is equal to Null . We calculated the similarity among all users in the user set. In
addition, in the user similarity matrix, sim; j) is empty when IN is Null (i.e.
simg; ) = Null if IN = Null).

3)

Calculate similar users. We have obtained the similarity matrix of users in
previous sections. Now we define and calculate several key variables. threshold_P
(—1 < threshold_P < 1) denotes pre-defined similarity threshold and is adjusted
in our experiment. potential_similar and potential_opposite represent potential
similar user set and potential opposite user set, respectively. rel_matriz pposite
and rel_matriTgmiler denote the reliability matrix of opposite users and similar
users, respectively. The calculations about them will be introduced in detail
later. rel-matriTopposite is a user set opposite to the object user. As we can
see in Equation(4), users whose similarity with the object user is less than the
threshold are defined as opposite users.

0pposite USETSobject user = LUSET{|SIM (ohject user,i) < threshold_P}  (4)

We determine potential similar users based on the theory that “the enemys
enemy is a possible friend” [18]. The inaccurate results will be obtained if we
directly define the opposite users of opposite_users as the similar users. So we
quote a reliability calculation as Equation(5) [7]. In this equation, user; is the
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opposite user of object user and the usery is the opposite user of user;, that is
user; € opposite_useropject_user and usery, € opposite_user;.
reliability(object user, usery) = siMohjcct_user,j) * SUMN(j k) (5)

For each object user, we establish a credibility matrix for the potentially
similar user set called rel_matriz;. The similar credibility constraints between
each user in the matrix and object user are as shown in Equation(6).

reliabilitysimilar = {k € potential_similar,
reliability(object_user, usery) > —threshold_P} (6)
In addition, we know that the friend of the enemy may be an enemy. There-

fore, we use a opposite credibility constraint to determine the opposite user show
in Equation(7).

reliabilityopposite = {k € potential _opposite,
reliability(object_user, user;) < threshold_P} (7)

wherein user; is the opposite user of object_user and user; is the similar user
of user;, that is, user; € opposite_usersppject_user and user; € similar_user;.

. 2 opposite —_~
[ = T
object user opposite users
prediction ' opposite —
""""""""" potential
opposite users
reliability
Ca> —
S < > -
e -
o potential
similar users

similar users

Fig. 3. QoS prediction in mobile edge computing

We then add the opposite users obtained by above constraints to the opposite
user set. The relationship between users is shown in Fig. 3. We get opposite_users
by calculating user similarities, and the potential similar users of opposite user-
s can be obtained. Then, the similar users of opposite users with reliability
constraint reliabilityopposite can be added into the original opposite user set.
Next we get potential similar users with calculating opposite users of users in
opposite_users. At last, we obtain similar user set similar_users of object user
through the constraint of similar reliability (reliabilitysimiiar)-

QoS prediction. We have obtained the similar users and similar reliability
between all similar users and the object user. Now we regard the reliability as
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the probability of user similarity. So we can predict the missing QoS when the
object user is calling service that has not been called before by Equation(8) and
usery, € similar_users. In this equation, g,y and predict_q(opject _user,i) denote
the QoS when usery, calls service; and the predicted QoS when the object user
is calling service;, respectively.

prediCtedqubject,user,i) =

ZuseTkEsimilariusem reliability(object_user, usery,) * A(k,i) (8)

Zuserk csimilar_users TelIbIlity (object user, usery,)

4.2 Service recommendation

It cannot be ignored in service recommendation that the wireless coverage dis-
tance of the edge server is limited. To solve this problem, we need to calculate the
distance between the object user and the service to ensure that the recommend-
ed service is within the wireless coverage area. As shown in Fig.1 in Section3,
we need to find a service on Edge node a2 that meets the needs of users.

In this paper, we use a general geographic distance calculation method,
Haversine equation, to calculate the distances between users and services accord-
ing to attitude and longitude. Because it uses a sine function, it can maintain
enough significant figures even at small distances.

We use (long, laty) and (long, lats) to represent the longitude and latitude of
the object user and the service, respectively. dis(u, s;) represents the distance
between the object user and the i-th service. The distance calculation is shown
in Equation(9) as follow.

v/ hav(0) )
1—hav(0) (9)

loni—lons )
2

dis(y,s,) = 2R - arctan(
hav(0) = sinz(%) + coslonycoslongsin®(

Wherein 0 represents the center angle between the object user and the service,
and R represents radius of earth. Here we take 6371km.

Based on the calculation of the above equation, we find the recommendable
service set s in the range which is shown in Equation(10). We select the top — K
services from the predicted data to recommend to the object user.

5= {51,582, asc}vdis(u,si) <A (10)

4.3 Algorithm design

Our improved inverse user similarity collaborative filtering algorithm predicts
the QoS value of the unknown service that the object user calls for. And the
recommendation algorithm is based on geographic location. The implementation
of our algorithms is shown as the pseudo-code of Algorithm 1.

Assuming that each QoS matrix includes m users and n service data, and all
of them are in k dimensions. The analysis of our time complexity is as follow:

(1) Linear weighted sum method: The time complexity of QoS linear weight-
ing on k dimensions is O(k *x m xn).

(2) Calculate the user similarity: We calculate the user similarity based on
the existing user and service data offline. Here, it is O(1). If he is a new user,
the time complexity is O(m).
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(3) Calculate similar users: According to the user similarity matrix, we judge
the reliability of indirect friends between users. The maximum number of oppo-
site users is m, and the maximum number of opposite users opposite users is m.
In other words, the time complexity of finding indirect similar users is O(m?)
under the worst possibility.

(4) Distance calculation: The distance between object user and each service
need to be calculated, so the complexity is O(n).

(5) Service recommendation: We maximized the number of indirect friends as
m and the number of edge services in the recommended range as n, so the worst
time complexity of our QoS prediction and service recommendation is O(m n).
Since indirect similar users judgment and geographical location calculation are
conducted at the same time, we assume | = Max(m?,n). Based on the above
analysis, the time complexity of our algorithm is O(l + m * n).

Algorithm 1 MDICF

Input: U ; E_S; tp_Matriz; rt_matriz;

Output: recommendation service

Begin:

1: Initialization: predict_q = ¢;similar_users = ¢; threshold_P
2: for (g k) in QoS Matrix) do:
3 qiik) = @ xtpig) + B* 1l
4: end for

5: for (user; in U) do:
6: for (user; in U) do:

7 calculate sim; jy by Equation(3)

8: end for

9: end for

10: calculate opposite_users by Equation(4)

11: for (usery in potential_similar) do:

12: calculate reliability_similar by Equation(6)
13: update similar_users < — usery,

14: end for

15: for (usery in potential_opposite) do:

16: calculate reliability_opposite by Equation(7)
17: update opposite_users < — usery

18: end for

19: repeat 11-18

20: for (es; in Fg) do:

21: if q(object_user,i) = ¢ then

22: calculate predicted_q(opject_user,iy Dy Equation(8)
23: end if

24: end for

25: for (es; in Eg) do:

26: calculate dis(object,ser, 1)

27: if dis < )\ then:

28: add es; into potential_service

29: end if

30: end for

31: return Top-3 services with predicted_q in potential_service
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5 Experiment

In this section, we first verify the rationality of our experiment, and then we
compare our algorithm with other related algorithms. The results of experiments
is calculated by running an average of 100 times.

5.1 Experiment environment and datasets

Datasets. In our experiment, we adopt the public dataset WSDream of the
Chinese University of Hong Kong. The dataset describes real-world QoS evalua-
tion results including both response time and throughput values, obtained from
339 users on 5825 web services as a user-service matrix. We use the real response
time and throughput in the dataset to simulate the response time and through-
put of the service that the user calls for at the edge. In addition, we calculate
the distance between the user and service through the latitude and longitude of
them in the dataset. Since we mainly consider the case where the data matrix
is sparse, we randomly delete some quality items based on the original data set
and obtain data matrixes with different data density d. In this paper, the data
density d of the nine experimental configurations varies from 5% to 50%, namely
5%, 10%, 15%, 20%, 25%, 30%, 35%, 40% and 50%.

5.2 Experimental design

Our algorithm is an improvement based on the traditional collaborative filter-
ing method. Compared with traditional service recommendation, the mobility of
edge users and the immediacy of demand are the important points that we need
to consider. At the same time, the demand for computing power and through-
put cannot be ignored. Therefore, we comprehensively consider the throughput,
response time of the service and mobility of users and recommend services at
the edge to end users in this paper.

Parametric design. At the beginning of the experiment, we weight the quality

of service in two dimensions. We use the linear weighting sum method in Ref.
[17], where o and 8 are adaptive for different object users. Generally, the most
important demand has the maximum weight coefficient value according to the
user preferences. Since the « and f for each test user in this experiment are
different, no quantitative explanation will be made here.

The threshold of similar user judgement and reliability judgement refer to
the design in Ref. [7], tentatively set threshold_P = —0.6. We also performed
it during the experiment. After verification, we find the results of our algorithm
under this threshold is relatively good.

Since this experiment is based on the WSDream dataset, the geographical
distances between users and services are larger than those in our scenario, so A
should also be relatively large. Through calculation, the distance between the
user and service in the data set ranges from 0 to 50000. In a real scenario at the
edge, the value of A needs to be reset according to the real coverage. Finally, we
recommend the top — 3 services to target users within this geographic range.

5.3 Experiment results

We use Mean Absolute Error (MAE) to measure the error between our predicted
value and the true value, and compare it with other methods.
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In this paper, we adopt Mean Absolute Error (MAE) to measure the error
between our predicted value and the true value.

1 (&
MAE = - - dicted_q; — q; 11
¢+ D lpredicted g, i ()

In Equation(11), ¢ represents the number of prediction services, predict_g;
represents the predicted value, and q_i represents the true value. The smaller
the MAE value, the higher the prediction accuracy.

When the data density d is 5%, the number of edge services es is 1000, and
the number of different users w is varied from 100 to 300, the QoS value that
predicted by our proposed method is shown in Fig. 4(a).

When the data density d is 5%, the number of users u is 100, and the number

of edge services s is varied from 1000 to 3000, the QoS value that predicted by
our proposed method is shown in Fig. 4(b).

3.0

25

100 150 200 250 300 : 1000 1500 2000 2500 3000
user's number service's number

(a) (b)

Fig. 4. Recommendation accuracy

As can be seen in the figure, compared with other methods, our method
performs significantly better on the MAE evaluation index. Among them, the
lowest prediction accuracy is the Inverse_.CF_Rec method when the response
time is the evaluation standard. This method only considers the response time of
the service as the evaluation index. However, the response time is affected by the
distance besides the the service application at edge. Therefore, it is difficult to
make an accurate recommendation based on only one evaluation index. Followed
by SBT-SR, this method only considers the theory that “the enemys enemy
is a friend”, but ignores “the enemys friend may be an enemy”. It take less
consideration about some potential similar users and potential opposite users
which may lead to reduce prediction accuracy. The method our proposed has
the best performing which comprehensively considers the service response time,
throughput and potential similar users. At last, we consider the geographical
location of users to improve the feasibility of recommendation.

In addition, we also made comparisons in different data densities. As shown
in Fig. 5, when the number of edge services s is 1000, the number of users u is
100 and data density d is varied from 5% to 50%, the QoS value that predicted
by our proposed method is significantly smaller than that predicted by other
method in the case of data density.
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In this experiment, we selected object users in the test dataset, and verified
the rationality of taking threshold_P equal to -0.6 as the similar threshold when
the data density is 5% for 100 users and 1000 services. As shown in Fig. 6, we set
as below: threshold_P = -0.4, -0.5, -0.6, -0.7, -0.8. Regardless of the accuracy to
the decimal place, the selected threshold performs well in QoS prediction, and
we can consider our value to be reasonable.

6 Conclusion

In this paper, we combine quality indicators of multiple dimensions into one
comprehensive QoS value and take the geographical location of end users into
consideration. These handling strategies make our method better fit the char-
acteristics of services at edge and end users. To solve the cold start problem
for the service recommendation system in edge computing, we propose a multi-
dimensional inverse user similarity recommendation algorithm based on collabo-
rative filtering(MDICF). The experimental results demonstrate the effectiveness
of our algorithm for service.

In the future, we plan to improve our prediction model through deep learning
when facing sparse data. In addition, how to combine the predicted QoS value
with geographic location information more closely is also the focus of our future
work.
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