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Abstract. Promotion of network services and social service systems, how to recommend appropriate
services to goal users becomes a key problem. This paper clusters users and services in social service system
respectively, achieves social circle and service cluster models, based on, we design service recommendation
mechanism with social bidding decision-making and specific implementation algorithm, constructs service
recommendation process driven by demand preferences. Through the experiment, we can realize accuracy
and effectiveness of decision-making, and improve the efficiency and quality of service recommendation.

Keywords: Service Recommendation, Service Cluster, Social Circle, Bidding Pattern, Decision-making;
Demand Preferences

1. Introduction

The emergence of massive services in internet expands the network functions and potential abilities[1, 2],
and also brings new problems. Social network services (SNS (Social Network Service) is becoming more
and more mature, how to discover, select and use this services in order to cope with the change of demands,
that brings new challengers. The goal of service users is to find and use satisfied services in the shortest
possible time, and to complete the results feedback [3].

Service recommendation is one of the most effective methods to solve overload phenomenon,
collaborative filtering is the most effective method, but it is inefficient for the cold start of services [4]. As is
known to all, in the social network, users selection will be affected by their friends, the occurred interest
preferences and services implementation might bring consideration for references [5]. The implementation of
historical services of social circles achieve decision-making selection and recommendation, which has a
strong research significance and application prospects [6].

Social Recommendation constructs social relationship among users. For one new user, as long as there
are neighbors or friends, we can deduce the potential interest preferences, whose recommendation strategy is
reasonable and effective, which results from the important research results of social network[7, 8].

2. Related Work

Service recommendation selects appropriate services to meet the demand interests of users,
corresponding social information is the important factor, service recommendation with social information
and decision-making ability can help users to discover high quality services. [9] innovated active learning
and decision-making, designed one active learning framework of service decision-making, rated and ranked
service applications of services. [10] designed multi-view deep learning methods of inter domains, by
reducing the number of input dimension and training set, extended user models based on complete features
were achieved. [11] quantified effectiveness of long-term models and short-term adaptive strategies. [12]
analyzed two kinds of machine learning methods to predict the best execution services. The first method
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focused on classification, the second focused on regression and predicted service performances to determine
the best candidate projects. [13] predicted online recommendation performances by offline performances,
constructed performance models, balanced different performances, and adjusted optimal recommendation
performances. [14] proposed Distributed semantic pre-filtering method, built accurate perception rating
prediction models. [15] proposed the latent feature model of multi dimension group based on time perception
to improve the accuracy of recommendation. [16] used machine learning reasoning methods to recommend
services. [17] extended predicted ordering based on hybrid recommendation, designed PGraph to describe
neighbor services. [18] considered time dynamic of QoS and individual factors of users to achieve prediction
about collaborative filtering and time series.

3. Social Demand and Service Clustering

3.1. Social demand

Social recommendation system involves two relationship models: (1) social relationship graph, nodes of
graph represent users, the connections between nodes represent social relationships. We establish evaluation
criteria and reasoning rules to measure the degree of social interactions. (2) user-item rating network
topology. Different recommendation technologies are corresponding to different network graph topology. At
present, network topology is static and single, which rarely involves the dynamic nature of user demands and
multi layer problems of network. Based on the first approach, this paper proposes bidding decision-making
of social relationship topology to achieve the recommended evaluation and reasoning process. Fig. 1 is social
service recommendation architecture.
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Fig. 1. Social service recommendation process

3.2. Service search rules
In social service recommendation system, service satisfaction determines service recommendation and
selection, the relevant rules of service satisfaction are given below.

Definition 1  Supposing T,,T,---T,, are the service list of tag,,tag, tag,
TNT,-T,={<s;,(PyP » P, F<S;, P, >€T,,<S;,p, >€T,,..,<S;,p,, > T, }, if its result is
not null, the elements are atomic services to satisfy tag, ,tag, tag,,.
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Definition 2  Supposing T,,T,---T, are the service list of tag,tag, tag, |
Tl ><-I-Z'“Tm :{<(Sl’32 "“’Sm )’pli p21“" pm >|< Sl’ pl >
eT1a<sza P, >ET2,"',<Sm, P >€Tn }
satisfy tag, ,tag, tag,,, the service cluster can satisfy one or more tag .

, the elements in set is the service cluster to

4. Bidding Decision-Making Principle

Users and services of social network need collaborative decision-making, the bidding process of service
clusters and social circles needs to consider computational complexity, QoS, subjective trust and service
satisfaction, but these factors do not directly for goal bidding and selecting. We define relationship
organization of decision-making goal of service bidding:

Decomposition: according to the functions of service clusters and QoS , g, is decomposed into a set of
sub goals SG* =(g,;,y 1 0y ) SG.g;; o« g;, and there is a “and” relationship between the sub goals.

Substitution: when any goal in SG' =(gi1,gi2,...,gi”) has been completed, g; is realized, that is
expressed as SG.gij = (,, there is “or” relationship between the sub goals.

Atomic: one goal without any sub goals is called an atomic goal.

With the help of “and” and “or” relationship of goals, we can construct the “and tree” or “or tree”
structure of goals, g is root node, the sub goal g; of SG* is the sub node of g, the sub goal g, of SG'
is the brother node of g, , all leaf nodes are all atomic goals.

g can be achieved by service set SG, iff the services corresponding to all leaf nodes of “and tree” of ¢
are all in SG, or can be replaced by the goals in SG.

5. Optimized Recommendation Algorithm Based on Decision-making

We firstly give goal evaluation strategy of social cooperation decision-making bidding, according to
semantic definition of the forth part of this paper, that is mainly related to the two aspects, pre- goal and
need .

According to goal and sTp, The evaluation process of pre- goal is described as Algorithm 1.

Algorithm 1: The evaluation process of pre — goal Algorithm 2: Bidding Decision-making Process of Social Service Recommendation

Get goal.or —tree C=p D =¢ pre— goal//Candidate service set is initialized null, bidding decision-making
If g, € pre— goal Ag, = goal set is initialized null.

Set( pre — goal )//Set initial demand target
Then ul(pre— goal),,, =1 P goal) &

Return 1//end Evaluation For De € Decision — List do

Elscget goal.and — tree 1f |ulde) —u(pre— goal) = & //a € [0.]], Calculate the approximate threshold of target
If pre — goal o goal Then C =C |J{De}.send(Dezender Pr ofile) //Send bidding request
Then u(pre — goal),,, =1 For DecC do
Return 1//end Evaluation If accept tenderPrafile)|

Elsewhile sub— goal; € goal do
Then send(tend Pr ofile, id, Accept)
If (g, € pre — goal) A((sub— goal ; = g;) v (sub— goal ; = g,))
D=Dl) {De}
Then sub— goal. = f.
o Else return//Abandon Bidding
u(pre — goal),,, = Z wyf, //get Evaluation value End

Service recommendation algorithm completes bidding process of demands and service, social circle
invites demands and define decision-making interactive list Decision- List and records interactive historical
information of social circle services. Based on social relationships, we expands the scope of service tender,
the whole process is described as Algorithm 2.

6. Case Analysis and Experimental Results

We statement accuracy of bidding decision-making based on user number=3500 and service
number=17000, clustering users to form social circles, clustering services to form configuration service
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clusters. Setting different conditions, this experiment is divided into three steps, the first step contains the
first group and the forth group, before bidding, we set the most bidding ability. The second step contains
contains the third group and the fifth group, we set the reliable bidding ability and stable historical demand
preferences. The third step contains the third group and the sixth group, it user Algorithm 2, based on social
user cooperation and service clusters, we introduce user attributes and service characters. This experiment
includes two conditions, one is Certainty of current demand goals and stability of service parameters
(corresponding to the first, the second and the third group). Two is uncertainty of current demand goals and
instability of services, including of new users and new services (corresponding to the forth, the fifth and the
sixth group). These two conditions can be achieved by randomly setting the parameters of the users and the
services. The scales of service clusters are set to 10, 20, 30, 40 and 50, the experimental results are as shown
in Fig. 2, we can see, with the increase in the number of unstable factors, all kinds of bidding accuracy rates
decline, the method of this paper can effectively guarantee the bidding accuracy, and the results are relatively
better.
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Fig. 2. Bidding accuracy comparison of service recommendation

Based on accuracy, we verify the validity of bidding decision-making. For 3500 users and 17000
services, we set 350 decision-making tasks, that is divided into three steps, the first step uses the service
recommendation strategy of the first response and the first selection, the second step uses the service
recommendation strategy with the most historical cooperation number, the third step uses Algorithm 3 and 4
of this paper. The experiment analyzes two aspects, (1) determination of current demand goals and stability
of service function parameters(corresponding the first, second and third group); (2) the uncertainty of current
demand goals and instability of service functions, including new users and new services(corresponding to the
forth, fifth and sixth group), the experiment results are shown in (1) and (2) of Fig. 3, in the condition of
ensuring the accuracy of bidding, we can guarantee the high decision evaluation rate.
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Fig. 5 Bidding Effectiveness Comparison of Service Recommendation

7. Conclusion

Whether the function of atomic services or the cooperation of composition services, feedback
information collection is difficult among users and services. In service recommendation, there are no
effective methods to implement about user preference-driven service recommendation. From services and
users, this paper puts forward social service recommendation mechanism based on service clustering and
social cooperation. In recommendation system of massive services, we construct the clustering method of
social circle and composite services, through user cooperation, we get historical demand preferences and
potential demand preferences. Service clusters can achieve more service capabilities to meet more demand
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preferences. We build social bidding decision-making mechanism to achieve service recommendation
between services and users.
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