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(57) Abstract: A device of performing social prediction in a social network may include a processor and a memory. In an example,
instructions stored in the memory and executable by the processor may classity connections of user pairs within the social network
into weak ties and strong ties according to tie strength of the connections. During the generation of a social network model, a first
o model may be set for the weak ties, and a second model may be set for the strong ties. The social network model may be trained to
obtain model parameters, and social data of a user may be predicted by using the model parameters and the social network model.



WO 2016/165058 PCT/CN2015/076453

SOCIAL PREDICTION
BACKGROUND
16661 Generally, online social networks may be formed by nodes and connections, and the

Internet or other telecommunication networks formed by computers, servers, routers, switches,
etc., may be used for running the online social networks. The nodes in a web-based social
network may be users of the social network such as individuals or organizations, and the
connections may be relationships, ties, or links between the nodes.

BRIEF DESCRIPTION OF THE DRAWINGS
(6662} For a better understanding of the present disclosure, reference should be made to the
Detailed Description below, in conjunction with the following drawings in which like reference

numerals refer to corresponding parts throughout the figures.

16663} FIG. 1 15 a block diagram illustrating the structare of a device for performing social
prediction within a social network in accordance with an example of the present disclosure,
[6004] FIG. 2 is a block diagram illustrating the structure of a device for performing social
prediction in accordance with an example of the preseunt disclosure.

10665] FIG. 3a is an illustrative example of social prediction including predicting social
actions and labeling social ties.

16686} FIG. 3b is a schematic diagram illustrating a weak tic aware social prediction (WTSP)
model according to an example of the present disclosure.

[6667] FIG. 4 is a flowchart of learning model parameters for the WTSP model in
accordance with an example of the present disclosure.

10068] FIG. § is a flowchart illustrating a method of performing social prediction according
to an example of the present disclosure.

10609 FIG. 6 illustrates a procedure of obtaining a weak tie influence result according to an
example of the present disclosure.

[6610] FIG. 7 illustrates a procedure of obtaining a strong tie influence result according to an
example of the present disclosure.

10611} FIG. 8 lustrates a procedure of training a social network model to obtain model
parameters according to an example of the present disclosure.

10612} FIG. 9 illustrates a procedure of predicting social data of a user according to an

example of the present disclosure.
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18613] FIG. 10 illustrates a procedure of setting a first model for weak ties and setting a
sccond model for strong tics to gencrate a social network model according to an example of the

present disclosure.

[6614] FI1G. 11 tllustrates a procedure of setting a first model for weak ties and setting a
second model for strong ties to generate a social network model according to an example of the
present disclosure.

[0615] FiG. 12 illustrates a procedure of setting a first model for weak ties and setting a
second model for strong ties to generate a social network model according to an example of the
present disclosure.

[6616] FIG. 13 illustrates a non-transitory computer readable medinm storing instructions

executable by a processor according to an example of the present disclosure.

18617] FIG. 14 illustrates an impact of weak ties for predicting social actions on a mobile
dataset.
10018} FIG. 15 illustrates an impact of weak ties for inferring social ties on a mobile dataset.

DBETAILED DESCRIPTION
16619 Reference will now be made in detail to examples, which are illustrated in the
accompanying drawings. In the following detatled description, numerous specific details are set
forth in order to provide a thorough understanding of the present disclosure. Also, the figures are
ilhustrations of an example, in which modules or procedures shown in the figures are not
necessarily essential for implementing the present disclosure. In other tnstances, well-known
methods, procedures, components, and circuits have not been described in detail so as not to

unnecessarily obscure aspects of the examples.

[6620] Social prediction may involve social network analysis including operations to extract
characteristics of network nodes, or to find out social relation or social interaction between two
or more network nodes. ln an example, the social prediction may include operations selected
from the group including: predicting social actions, and labeling or discovering social ties, In an
example, predicting the social actions may include prediction of users’ characteristics, such as
users’ activities, behaviors, etc., and labeling the social ties may include determination of
attributes of user-user connections, The user-user connection may refer to a connection between
a pair of users connected. In an example, a device of performing social prediction is provided in
the present disclosure. The device may utilize weak ties of the social network together with
strong ties during the social prediction in order to discover users’ characteristics for social action
prediction and infer attributes of user-user connections for social tie labeling. Examples of the

2
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users’ characteristics may include activities, behaviors, opinions, emotions, or interests of the
users. The social actions may be the users’ characteristics in connected social networks. For
example, a social action can be “posting a tweet” or a “check-in” behavior on the World Wide
Web, In another example, the social action may be the status of a user, such as idle, busy, active,
etc. The social ties may be the attributes of the user-user connections. Examples of the attributes
of the user-user connections may include social relation between two connected users in a social
network. In an example, the social relation may include such as {riend, family, frenemy, and
colleague relationships. Weak ties may refer to contacts of a user with less interaction, while
strong ties may refer to contacts the user communicates with frequently. Tn an example, ¢
threshold may be set for classifying tie strength of a connection between a user pair. Accordingly,
a user-uscr connection having the tie strength under the threshold may be determined as a weak
tie, and the user-user connection having the tie strength above the threshold may be considered
as a strong tie. As used hercin, the tie strength may refer to the degree of intensity of a user-user
connection, and the user pair may refer to a pair of users having a user-user connection. In an

example, a user pair having a strong tic may be close friends.

16621} In an cxample, both the weak tics and the strong ties arc used for generalized social
prediction in a single coherent framework. The strong ties may heavily affect emotion of users,
and the users having the strong ties may often join together to form dense clusters or
organizations, thereby causing the phenomenon of homophily. Homophily may refer to the
tendency of users to associate and bond with similar others. Users in homophilic relationships
share common characteristics (sach as beliefs, values, education, etc.) that make communication
and relationship formation casier. For example, users share information on social media sites
with their close friends who share the same ambitions and goals. Also, due to the diversity of
information spreading and the variance of link information, current popular and predominant
online social networks often include weak ties, which reach far across networks with infrequent
commmunications. The weak ties (e.g., loose acquaintances) are crucial in expediting the transfer
of knowledge across dense clusters characterized by the strong ties. The strength of weak tics is
implied in the heterophily phenomenon. For example, compared to strong ties, users are more
likely to obtain information about job openings and opportunities from weak tics. In an example,

heterophily is the opposite of homophily, and provides variety for asers.

16622} FIG. 1 shows the structure of a device 100 for performing social prediction within a
social network, In an example, the device 100 may include a processor 101 and a memory 102,
The memory 102 may be non-transitory machine-readable medium that may store instructions

executable by the processor 101, In an example, the instructions may include: instructions to
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classify connections of user pairs within the social network into weak ties and strong ties 112;
instructions to set a first model for the weak ties and set a second model for the strong ties to
generate a social network model 122; instructions to train the social network model to obtain
model parameters 132; and instructions to predict social data of a user by using the model
parameters and the social network model 142, In one implementation, the instructions stored in

the memory 102 may implement the techniques described in Figures 2-13.

106234 In an example, the first model may refer to an impact of weak ties during the social
prediction. In an example, the first model may be calculated by multiplying first functions, first
model parameters, and a weighting factor for the weak ties, wherein the first functions may be
properties of social prediction features related to the weak tics. The social prediction features
may be selected from the group including social actions and social ties. Examples of the first

o4 2}; A&, x,)

kT (u; )

model may inchude a first tie model in Formula (4), and/or a first

[); z Q"hr (U, o ”?zj)

action model ") in Formula (6). In an cxample, the weighting factor for the
weak ties may refer to « , the first model parameters may refer to A4, , and the first functions may
referto g, (u,,u,,x,}. In another example, the weighting factor for the weak ties may refer to 7,
the first model parameters may refer to €., and the first functions may refer to /2. (u,,m;} Jn an

example, the second model may refer to an impact of strong ties during the social prediction. In
an example, the second model may be calculated by multiplying second functions, second model
parameters, and a weighting factor for the strong ties, wherein the second functions may be

properties of the social prediction features related to the strong ties. Examples of the second

o) 3 Az,
18T {u; ,u,j}

model may inchide a second tie model in Formula (4), and/or a

=5 > Ba(u.w)

T
VESE -\.,{!-;

second action model in Formula (6). In an example, the weighting
factor for the strong ties may refer to (1 —¢«), the second model parameters may refer to A, and
the second functions may refer to (w4 ,,2, ). In another example, the weighting factor for the
strong ties may refer to (1 £), the second model parameters may refer to 6, and the second

functions may refer to g,{z,, w, ). The social network model may refer to a model for expressing

the social prediction tasks such as social action prediction and social tic labeling. Examiples of
the social network model may be iHustrated in such as Formulas (8), (23), (25), and (31). The

model parameters may be a set of parameters for defining the social network model. The social
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data may refer to a class of social action of a user, and/or a class of social tie of a user pair. In an
example, the class may be a type of the social action, such as idle, busy, and active; or the class

may be a label of the social tie, such as family, friend, and acquaintance.

[6624] FIG. 2 is a block diagram illustrating the structure of a device 20 for performing
social prediction in accordance with an example of the present disclosure. Tn an example, the
instructions 112 may be implemented via a tie classifving module 21. That is, the tie classifying
module 21 may be set for implementing functions of the instructions 112, Similarly, the
instructions 122 may be implemented via a model generating module 22, the instructions 132
may be implemented via a training module 23, and the instructions 142 may be implemented via

a predicting module 24,

18625} Each of the modules may include, for example, at least one hardware device
including electronic circuitry for immplementing the functionality described in FIG. 1, such as
contro} logic and/or memory. In addition or as an alternative, the modules may be implemented
as any combination of hardware and software to implement the functionalitics of the modules.
For example, the hardware may be a processor and the software may be a series of instructions or
microcode encoded on a machine-readable storage medium and executable by the processor.
Therefore, as used herein, a module may include program code, e.g., computer executable
instructions, hardware, firmware, and/or logic, or combination thereof to perform particular

actions, tasks, and functions described 1n more detail herein in reference to Figores 3-13.

10626} In an example, the device 100 as shown in FIG, 1 can be used to track users’
behaviors, infer labels of social tics, and model users” interests for recommendation. The device
100 may be a server for operating the soctal network, a computing device for providing access to
the social network for a user, or an application instalied in a user terminal. In an implementation
where the device 100 may be a server for operating a social network, social prediction may
enhance the attractiveness of the social network to users, thereby boosting the revenue of social
network services. As to the computing device for accessing the social network, such as a mobile
terminal, a smart electronic device, a camera, etc., social prediction may help the user of the
computing device acquire useful information within the social network.

106271 In an exarople, the social network may be expressed by Formula (1), That is, by use
of information of users and information of user-user connections, social actions of the users and

social ties of user pairs may be deducted.

(0028] MD: G ={U,E) >ly,§}ﬂ)
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[0029]  In Formula (1), MD refers to a social prediction model, O refers to a social network,
wherein €=U, £) represents that there are NV users, and M connections or dyads really

- N -
- -
U= \{ui}i:[ (. e U)

existed among the N users in the social network O . § ecifically, , and
v

y M .
£= {ey} (e, € £}

 In Formula (1), ¥ represents the social actions of the Y users, and 8
~inl i ~ M ot A N jieare acificall y=1y u— (y I
social ties of the M connections among the /¥ users. Specifically, , wherein
Yt is characteristics of a user, such as the user’s statuses, behaviors, opinions, emotions, interests,

. . v,
etc. In an example, the social action -/ may have three classes, i.¢., idle, busy, and active,

M
8= {Sij}i,j (S;; €8)

respectively, representing different statuses of users. Specifically, ¥ 777 wherein 7

) ) . , . {u.,u.) . . . .
is a relationship between a pair of users 77/ ) in the social network O . That is, 8 is formed by

asetof” and % is an element of the set 3. In reality, user-aser connections in a social media
are much richer, and relationships between users can be either directed or undirected. Therefore,

the social prediction task may not been himited to binary social tie labeling, e.g., positive and

negative labeling. 1n an example, the social tie ™7 may have four classes, i.c., family, friend,
acquaintance, and colleague. During the social prediction, a unified model MO may be obtained

to enable that ¥ and $ are optimized.

[0030] FIG. 3a s an tHlustrative example of the result of social prediction in the present
disclosure. In the exaruple, the social actions may include statuses of users, ¢.g., idle, active and
busy, and the social ties may include relationships among users, e.g., friend, family and
acquaintance. In FIG. 3a, there are 8 users, and 8 user pairs in the social network. That is, ¥V =8
and M =8 The 8 users may include users 201, 202, 203, 204, 205, 206, 207, 208, Among the
eight users, the social actions of the users may be idle, active, idle, idle, busy, busy, active, and
idle, respectively. According to Formula (1), the social actions illustrated in FIG. 3a may be

{11 Vs Vs Vis Ver Yer Vo Ve | s {ni g,active,idle,idle busy,busy, acilvk,ldie} i an

expressed as 3
example, user 201 and user 202 shown in FIG. 3a may form a user pair. The 8 connections may
include connections 211-218. Among the 8 connections, social ties of the connections may be
friend, family, family, friend, acquaintance, acquaintance, acquaintance, and family, respectively.
According to Formula (1), the social ties ilhustrated in FI1G. 3a may be expressed as

8 = {5120 51355145 S150 16> 5175 S0 S | =

1 friend.,family,f:imiiyﬂﬁ"i,end,acquaintmce,acquainmncc.,acquaini;anceﬂfamﬂy} Difforent from the



WO 2016/165058 PCT/CN2015/076453
coarse representation of relationship nature in the binary relation tie labeling, there are three
classes of social tics in FIG. 3a, which may be scalable to more classes based on real-world

applications.

[6031] in FIG. 3a, user 201 has four strong tie contacts 202-205 (shown in solid lines), and
three weak tie contacts 206-208 (shown in dashed lines). In an example, strong ties and weak ties
may be classified by a contact frequency of user pairs. In one implementation, a threshold for
differentiating strong ties and weak tics may be a contact frequency of 6 times a month, When a
user pair has the contact frequency of 10 times a month, the user pair may have a strong tie.
When a user pair has the contact frequency of 2 times a month, the user pair may have a weak tie.
Usually, if the social tie of a connection is friend or family, the corresponding user pair roay have
a strong tie. In an example, since the social ties of connections 211-214 are friend, family, family,
friend, respectively, these user pairs may have a strong tie. In another example, since the social

tics of connections 215-217 are acquaintances, these user pairs may have a weak tie.

(8632} The social network of FIG. 3a may be illustrated in another form in FIG. 3b.
Specifically, FIG. 3b is a graphical representation of a WTSP model in accordance with an
example of the present disclosure. In FIG. 3b, there are 8 users (ul-u8), § connections, 5 strong
ties {in solid lines), and 3 weak ties (in dashed lines). The 8 users have 3 social action classes,
which are active, idle, and busy, respectively. The 8 connections are e12, €16, 17, el8, 31, e41,
e51, ¢34, respectively.

r

16633 in an example, a social action <! may be associated with cach user ™ ,and a

s
ey &

social tic "7 may be used as a relationship label assigned with a connection 7 between

i, i, . . i ~ . . . .. )
users ¢ and  in the social network ¢ . Instead of performing single prediction task, mutual
P . - . . . . v . - -
bidirectional interactions and deep dependencies between social actions ¥ and social ties $ are
modeled in an example of the present disclosure, which are consistent with the real-world

scenarios and may likely raise the degree of accuracy in performance. In an example, Bayesian

e : .. e s P(9,8G .
rule may be applied for the calculation of a joint probability distribution G E ) of the social

actions ¥ and the social ties 8, That is, Ply ’§lG> equals to Plsi G)P(YES’G), Accordingly,
P86 can be decomposed as Formula (2).
. - M N
P(y.s|G) = PO|G)PGs. G =[] PG, |G ] POs,. & = [T PGy |0 [ P, 6)
10634} ek el i =1 (2)
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. PG ‘ e g eiq s . oy
), ( | 7 represents a probability distribution of the social ties $

P(yls,G)

[G035] In Formula (2

conditioned on the social network @, represents a probability distribution of the

social actions ¥ given the social ties 8 and the social network @ . NV is the number of users, and
. . ‘ AT U,
M is the number of connections among the V' users. In an example,  represents the user, and

7 represents the user-user connection. It can be seen that the modeling in Formula (2} considers
the joint probability distribution of the social actions ¥ and the social tics ¥, and provides a

mutual prediction to integrate a variety of distributions.

P s =t
16G36] In an example, the relationship between the joint probability distribution £ (‘y,sl o)

and a sct of model parameters of the joint probability distribution may be found gradually via the
deduction of Formulas (3)~(8). Thereafter, the model parameters may be determined via a
learning procedure, in order to determine the joint probability distribution of the social actions ¥
and the social ties ¥, The learning procedure may be a machine learning operated by building a
model based on inputs and using the model to make predictions or decisions, rather than

following only explicitly programmed instructions.

10637} In an example, the learning procedure may be implemented based on Formulas (9)-
(15). The class of the social action i and the class of the social tie ¥ of a user may be
calculated according to Formula (16). Eventually, most likely types of social actions y and
corresponding labels of social ties s may be determined according to Formula (17).

[6638] In an example, in order to learn the characteristics or features of users and user-user

connections for social prediction, a Gaussian distribution may be employed to model conditional

PEGY P(yls,G)

probabilities ittustrated in Formula (2). In an example, other appropriate

distributions, such as Factor Graph, may be adopted for calculating the conditional probabilities

P(s|) and Py

s, 7)

P(s]

7 for modeling the social ties 8, it is assumed that

(”i’ Mj) 1

[0039] In an example, to specity

both weak tics and strong ties of a user pair have coniribution to the social ties. Inan

example, the probability distribution of P(sl &) may be defined in Formulas (3) and (4).

-P(ng I G') o KV(SU E :‘Ug k] O'fi) %

10046} (3
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Ho=a Z A& G0, 2+ (- ) Z A S, 2,)
Eﬁﬁ‘ii; KT (it i ) (ST (u;,08;) (4)

\

K(z[,u oD | is used, wherein # is the

(0042} In Formula (3), a probability density function
mean, and @1 is the variance. In probability theory, the probability density function may be a

function that describes the relative likelihood for a random variable to take on a given value. In

exol |

2er

exp { s 7 1

an cxample K@{mo™D eqguals to J , wherein refers to an

N

exponential function. Specifically, is the variance for the social tics in the Gaussian

distribution,

Wriu, u; )

. N . . . {uu. L.
16343} In Formula (4}, represents a weak tie set of a user pair (bipp10,) ,and £ is

{u,,0,) ST{u, 1)

an index in the weak tie set for the user pair . In Formula (4}, 7777 represents a

. . . Auu P . . ;. . .
strong tie set of the user pair (o1, ,and  is an index in the strong tie set for the user pair

{u,,u

i . During the social prediction, a first tie factor & is introduced to weight the probability
or degree of the influence and contribution of the weak ties on social tic labeling. In an example,
O<a <l Accordin gly, a second tie factor I=a 5 the degree of the contribution of the strong
tics on social tic labeling. That way, both the strength of the weak tics and the strong ties are

gy, u;)

incorporated into social tie labeling, In an example, © represents a first tie function for

repre& nts a second tie

g, 1)

function capturing characteristics or featurcs of the strong tie set. In an example, 77 may

capturing characteristics or features of the weak tie set, an

U, i .,
be the frequency of calls within a month between ' and /. The value of ©¢ maybe 0 or 1,

. e . . IS
wherein 1 represents high frequency while 0 represents low frequency. A weight vector ¢ may

(Ao

(4sern ) L) . In an example, 2""«; is a reai-

be expressed as and b1 may be expressed as

. . . . . . {1, 4.
valued weight vector associated with the first tie function gl u)) , and A is a real-valued
. . ) N A O
weight vector associated with the second tie function 7 7
[6G44] With continued reference to Formulas (3) and (4), in order to increase the accuracy of

social prediction, a set of auxiliary, hidden, or latent attributes or properties may be introduced to
capture the interactions from social actions on social tie labeling. Although such interactions are

implicit and unobservable in real-world social networks, they may play an importance role for
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social prediction. In an example, these latent attributes may be differentiated between the weak

: . ~ y X, s
tics and the strong ties. In an example, a first latent attribute "7 represents a set of hidden

properties of the social ties influenced by the social actions on the weak tie set, and a second

latent attribute ~7 represents a set of hidden properties of the social ties influenced by the social

g(“z”} g(“z”ﬂ"‘/!}

actions on the strong tic set. Accordingly, 77 may also be represented as , and

fiu,,u. AT -
PACALRY may also be represented as AR . As such, observable characteristics and

unobservable hidden properties may both be taken into consideration for social prediction.

- ~ . Plyvis, G . y . 7 .
[6045] In an example, to specify (}3 »G) for modeling the social actions ¥, a first action
factor is introduced to weight the degree of contribution of the weak ties on social action

prediction, and a second action factor is introduced to weight the degree of contribution of the
strong ties on the social action prediction. In an example, the first action factor is #, and the

. - . — . < f4 < . . .. . . . 7
second action factor is 1 !3 , wherein 0< ﬂ =1 . For characteﬂzmg the social actions ¥ of the

u, WTu,) ST{u,)

. ~ iU, . ~
user ¢, " represents a weak tie set of the user 77, and represents a strong tie set of

. . . . . U. ; . . .
the user 7. Inan example, 7 is an index in the weak tie set for theuser 7, and ¥ 13 an index in

Wty m,)

- ~ . . | - . .
the strong tie set for the user /. Accordingly, represents a first action function for

capturing characteristics or features of the weak tie set of 77, and Gt ¥y ) represents a second

. ~ . ~ - ¥ - . ~ P - ~ U
action function for capturing characteristics or features of the strong tie set of 7. In an example,

(et ;) may be the first action tunction for determining whether another user having a weak tie

) . . U, h . . ,
with 77 has the same social action as 7. The value of "+ may be 0 or |, wherein 1 represents
that the social actions of the two users are the same, while 0 represents different social actions.

. v . . vV ), .
Y1 and ¥* have the same social action, while 7 and Y6 have different

v, m.) g . ,
(@ “” and "% is a real-

Referring to FIG. 3a,

. . g . . . - .
social actions. ! is a real-valued weight vector for the function

g(u,,

_ , . W, 8
valued weight vector for the function 2 . In an example, * may be cxpressed as

6,8y B G

N m, . e
,aund ¢ may be expressed as V177 V). In an example, ¢ is a latent atiribute for the

1

o W . : : o H W, .
weak tic set, and 7 is a latent attribute for the strong tie set. Both ¥ and 7 may be used to

explore the influences from the social tics on social action prediction. In an example, the

10
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P(y|s.G)

probability distribution of may be defined as Formulas (5) and (6). In Formula (5),

2
o’l. . . . e . U
¥ 1s the vartance for social action in the Gaussian distribution.

P(ys,,G) e K(y|u,,o7D)

[0046] {5

po=f > Ohlu,m)+(i-8) > 6q(u.w,)
E{Bﬂ‘:ﬂ‘?} el T (1) veST (u;) (6)

i - A . e Pys|G)
| , By applying Formutdas (2)-(6), the joint probability distribution ' may be
10048} By applying las {2)-(6), the joint probability distribut 77 v b
specified as Formula (7).

N

Y
P(y,slG}oc E—EK(sn

;N N\
< [T u,.00)
10049] \ il J

/

(7)

10050] The social prediction provided in Formula (7) may have the following characteristics.
By introducing the first tic factor @ and the first action factor s , @ WTSP model may exploit
both weak ties and strong ties for social prediction. That is, the strength of weak ties is captured
in the modeling, without adding difficulty to parameter estimation and inference procedures.
Morecover, the WTSP model may capture bidirectional dependencies and mutual influence
between social actions and social ties by calculating the joint probability distribution of the
social actions ¥ and the social ties 8, and further by the incorporation of auxiliary latent

attributes.

. , , ) {uu,,x, )y flu,u.,z.y Mu,m, MW ).
(6651} in an example, the functions Bl G ?’), (s U), 90t ;) in

) . . . . .
Formulas (4) and (6) are expressed in the vector form of 8, B 4 respectively. Theun,

P(y,s§ @) may be denoted as Formula (8). In other words, the WTSP model may be defined

according to Formula (),

./ u ' , N oW E( ) ] - \"E\\l
P(y,s|Gyoc| Hex;;ff‘m‘}-?(al:gﬂ:—(ifa)k;ffsg) 1 x ﬂexpﬁ;f:—l—;a’\ﬁﬁ;th(lfﬁ)%:qui )Z
10052] N L 20, PG e 1 8)

P(y.5|G)

100653] In an example, in order to optimize , the set of model parameters

W=k, h,.0,,0 P(y.8|G)

}
) of , that can maximize the log-likelihood of input data £ of the
social network, may be found. The input data £ may be social data for users predetermined or
already known. Such kind of data £ can be used for learning and optimizing mode! parameters

of the social network model. Taking the logarithm of Fornla (8), the log-likelihood of the input

11
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data £ may be determined. For many applications, the natural logarithm of a likelihood function,
called the log-likelihood, 1s more convenient to work with, Formula (9) uses the Lagrange
method to calculate the model parameters of the WTSP model defined in Formula (8},
Maximizing the log-posterior is equivalent to minimizing the following sum-of-squared-errors

objective function with quadratic regularization terms as Formula (9).

3 P, oo . T, NI , T Y4
(Db, 0, 8,,8 )= 5 H (ahig+(l-mhT-5, ] + 5 ‘;[ (£8h+(1- /8 gy, )
2 d o w2 d{, i?
o L]
[0654] “ « (9)
[0055] In Formula (9), L is the sum-of-squared-errors objective function, serving as the loss

d,.d,d,.d

function for estimation of model parameters of the WTSP model, 7 are regularization

)

®
parameters. In Formula (9), II £ denotes the Frobenius norm. In one example, this negative log-
likelihood serves as the loss function for WTSP parameter estimation. To help combat over-

Ak, 6,0

"
oY
B

fitting, L2 regularization methods may be used on the model parameters 1, which can

be regarded as Gaussian priors. For example, as to 2, . Similar methods may

be applied on ke ) ) , and 9 .

18656} In an example, the WTSP model may be considered as a deep nevural network. The
deep neural network may refer to a neural network that has two or more layers of hidden
processing neurons, and may be used in machine learning research. The deep neural network is a
more computationally powerful cousin to regular neural networks. Accordingly, a decp learning
architecture for the WTSP model may inchude L hidden layers and a visible layer, which are
shown in FIG. 4. A hidden layer may represent intermediate data that are not available in the
beginning and are gradually attainable via calculation, In an example, the number of hidden
layers is L, wherein L is an integer. A visible layer may represent social data already known. The
deep learning architecture can scale better with the input data I of the social network, and
automatically learn discriminative features. The deep learning architecture may process the input
data £ through a sequence of non-linear transformations. More specifically, at an i-th hidden
layer, the social network may compute as Formula (10). In other words, the input data £ may be
considered as social data of the visible layer, and social data of the i-th hidden layer is calenlated

based on Formula (10).

12
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[6G58] In Formula (10}, W is the model parameter vector of the WTSP model in the i-th

b, . . hi. . . . . . o rp )
fayer, 7 is a bias vector, and ¢ is social data of the i-th hidden layer, wherein 1> 0. If i = 0, the
i-th layer is a visible layer representing the input data D . There are many choices for the point-
wise non-linearity function £ used in Formula (10). In an example, a logistic {function

Fx) =1/ 1+ exp(-x)) may be adopted as £ in Formula (10).

10659] In an exarople, training the model parameters of the social network model may be
performed by minimizing the loss function defined in Formula (9). In an example, a stochastic
gradient descent (SGD) method may be adopted to train the model paramecters, due to the case of
implementation and its tendency to converge to better optima in comparison with other training

methods. The model parameters may be estimated 1n a mutual and collaborative manner. Once
A & 8

¢ and "7 for the social ties have been updaied, they can aid the learning of parameters ™ and
8, . L .~ , 8 8 e

8 for the social actions. On the other hand, the update of parameters ® and ¢ may be of help

to the learning of parameters Mo and b . The training procedure illustrated in FIG. 4 may not
only allow learning of social action parameters to capture social tie influence, but also
optimizing social tic parameters to alleviate social action influence. The training procedure may
run tteratively until converge to boost both the oplimization of the social actions and the social
ties.

7
10660 In an example, Wi is the parameter vector in the i-th layer in the deep learning

architecture after t-1 weight updates. In the SGI method, the parameter vector may be updated

using Formmula (11).

W =W - OT[OW!

10061} i (1)

[0062] In Formula (11), 7 is the learning rate, t is the iteration number in the deep learning
procedure. For example, when t is the current iteration number, t+1 is the next one. In an

. | ~ , ~raed f by Ay B g .
example, a fixed learning rate may be used for the parameters ~ %, ¥, 7 and 9, since the fixed

jearning rate vields good performance in real experiments.

[6663] When i=1, 7 may equal to the loss function £ defined in Formula (9), derivatives

A, 8

. ‘ i, 13 g e e
are taken with respect to the parameters ¥, 7', "® and "9 as Formulas (12)-(15), When =2, ..,

L, 7 may cqual to ki, defined in Formula (10).
13
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, M
5; =g Heb g+ {I-adt—s)g+d 2,
jooed; e W (12)
éﬁ:amaﬁ}mmg+amamyw%ﬁ+d@f
jo66s] M J (13)
AL ; & T ) T .
? = /{)i :E(’ﬁﬁhh +(1 _l'g}%qq -y h+d,8,
10066} “Fa = (14)
Of. ) X ey Ve, . T
==L B00b (- p0ja-3)a+ 4,9,
9067 s i~ (15)

[0668]  Specifically, at a first layer, according to W/ =W, —570L/0W, of Formula (11),
W, may be calculated. Afterwards, Bl; may be calculated based on ki, = F(W,D+b,) of Fornula
{10). The calculated Bi, may in turn used for calculating W, of a second layer in accordance
with W) =W, -5 0bt, /6 W, . Then, Bl, may be calculated according to i, = F(W,hi +b,)}. That

is, Formulas {10)-(15) may provide a way to acquire the model parameters ¥ through deep

W={k, 00,08}
(rer T TR T s obtained via the deep

learning. After an optimized parameter vector
learning architecture, the mode! parameters W can be used to predict social actions and fabel
social tics for a specific network scenario, The topmost layer of the social network (i.e., the L-th
jayer) uses a softmax non-linearity to predict probability values for both social actions and social
ties, The probability prediction of the o-th class (including classes of both social actions and
social ties) is defined in Formula (16}, In other words, the social prediction is to determine a
class of a social prediction feature, which is unknown to a user, according to the probability

calculated according to Formula (16).

o((W. YhL. . +B°
Plo|Dy = SR Bl B0).
Ziri expu\%lll)b hlL bL) ((1(;.)

[0069]

16674} In Formula (16), C' is the total number of classes of either the social actions or the
social tics. The classes of social actions or social ties may be predicted by finding the maximum
a posterior (MAP) social action labeling assignment and corresponding social tie labeling
assignment that have the largest probability prediction. In Formula (16), L is the L-th hidden

(W, )’

fayer in the deep learning architecture, ° is the parameter vector of the L-th hidden layer for

14
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i

the o-th class, and (W) is the parameter vector of the L-th hidden layer for the i-th class,
wherein =b-C
10671} In an exaruple, the social prediction may be done by finding the most likely classes of

social actions ¥ and corresponding classes of social ties 8 that have the maxinum a posterior

{MAP) probability according to Formula (17} such that both of them are optimized. In other

Py s G)

words, £ 77 has the MAP probability.
(y" .8 ) =argmax P(y,5|G)
16672} rs) (173
18673} It can be seen that FIG. 4 shows the procedure of determining the most likely classes

of social actions ¥ and the most likely classes of social ties 8 according to Formulas (9)-(17).

Specifically, Formula (10) itlustrates the process of achieving b, from the input data
achieving b, {rom ki, , and achieving B, from hl“ﬁ and gradually achieving hl, from Bl as
shown in block 401 of FIG. 4. The loss function £ of the WTSP model 402 illustrated in
Formula (9) may be applied to calculate the model parameters W based on Formulas (11)-(15),

‘ , , Bl hi ‘ ;
and the model parameters ¥ calculated may be used to deduce v and ©©. Eventually, ¥

and 8 may be figured out by use of Formulas (16) and (17},

[6674] In an example of the present disclosure, not only homophily is exploited to capture
the power of strong ties for social prediction, but also heterophily is considered to llustrate the

strength of weak ties, which are important in promoting information flow in socially connected
networks. In an example, homophily is the tendency of individuals to associate and bond with

similar others, while heterophily is the tendency of individuals to collect in diverse groups.

[8075] In an example, another formulation of the WTSP model may be provided. By

. . . T 2 b 21 L6,
applying Bayesian rule, a joint probability distribution \ E )

{18}.

can be decomposed as Formmla

v,. G}

Py 8| Gy = PG P66y = T PGIG [T PLsy |G = ﬂ P(y| fﬂp (s;
¢ ek =1 [ (1 8)

Eﬁﬁ?ﬁ; n el

3wt S
166771 The distribution of PG

in Formula (18) can be defined as Formulas (19)-(20).

15
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P|G) e K(vjpob

(6678} 9)
= 3 Ok, x)+(1- ,3) 2. 8a.(u.z,)
E{H}?@; el T (u,) =ST(u,) (20)
18686} In Formula (20) i and 77 are introduced sets of auxiliary hidden, or latent

attributes or pmperties to capture the interactions from social ties on social action prediction.
Specifically, i is a latent attribute on the weak tie set, and “7 is a latent attribute on the strong

[ [

. x ..
tie set. Apart from 7 cmd , other notations in Formula (20) are the same as those ased in

Formuia (6).

P(sly. G

0681} In an example, the probability distribution of ) in Formula (18} may be

defined as Formulas (21) and (22).

10682} (21)
U, = Z A g {1 /.,m;j) +{1-a) Z A G, 14);/.)
Bﬁ@g3§ heeWT(u, ;) AT (22>
[6084] in Formula (22 m, and "7 are introduced auxiliary latent attributes for weak ties

and strong ties to explore the influences from social actions on social tie prediction. Apart from

m,, )
i and , other notations in Formula (22) are the same as those cited in Formula (4).

1B085] By applying Formulas {18)-(22), the joint probability distribution P(yasi 2 can be

specified as Formula (23). In other words, another WTSP model may be defined in Formula (23).

Ply.s

G) = ﬁp‘\y G)ﬁ ]‘%\SUIVI, &)
i i
-
(HA{) i,uy,cr I

5

e

/7 \\ re I, { }\

HQXP{ -------------- (A8, b+ (1508 g~ )’ l [Texpi— Sl "1'""“;’}“ gr(t—onf-s Y}
[0086] : JARTIR 23
10687} In an example of the present disclosure, mutual bidirectional interactions and

interdependencies between social actions and social ties are modeled, which are consistent with
real world scenarios. Tn this way, mutual benefits between social actions and social ties can be
sufficiently propagated to boost both performances. However, the WTSP model may also be

applied to single prediction task,

16
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{0088 In an example, a WTSP model may be provided for social action prediction. The task

of social action prediction is to find the most likely types of social actions ¥ that have the MAP

probability such that Formuda (24) may be satisfied.

y =argmax P(y|G)
[0089] ¥ 24

[6G98] Under the circamstance, the WTSP model can be defined as Formulas (25)-(26).

Py |G o

LR j

\ i=l

> f‘iexp% """""""" (}[}ﬁ B+ (1- ﬁ)ﬁzq v}l}
6691} = . (25)

o= > Ohfu,x ) +(0-5) > Bagiu,.z,)
E@ﬁggz} reWT(u;) ve8T(u;) (“’6)

(8093} It can be seen from Formulas (24)-(26) that the model parameter vector for the deep

w=1{6,.0,]

learoing process s . The sum-of-squarcd-crrors objective function with quadratic

regularization terms can be written as Formula (27).

, oL
1(D.8,.8,) == [(#6In+(~ £)8lq~ y,; . IG I *mlg |
10094] 254 (27}
10095] Accordingly, for the deep learning procedure, Formulas (28) and (29) may be

calculated, which are the same as Formulas (14} and (15}, respectively.

o “ﬁﬂ(ﬁﬁThﬂl B8 q—yh+
10096] v i=t (28>

‘z /’)WH(,{)G b (1~ B8lg -y q+d8,
(/ ._.1

10697} (29}
16698} In an example, a WTSP model may be provided for social tic inference. The task of

social tie inference is to find the most likely labels of social ties S that have the MAP

probability such that Formula (30) may be satisfied.

§ = argmax P(SE G
10099] s (30)
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18100} Under the circumstance, the WTSP model can be defined as Formulas (31)-(32).
P(sl(,r) or HK(@ Iu o)

o« Hvxpj—m aklﬂ+(l—a”)kff—sy‘}2}

[0101] L 2 (31)

:!j:y = z A//g,( (u, » ?/{j 9 xij) + (1 - 05) Z ;{"fz (Hi v Hj ’ ngi')
E01@2§ r’ceﬂ"f(upu}.) ZEST(N”H!) (32)

18103} It can be seen from Formulas (30)-(32) that the model parameter vector for the deep
w={3

reguiarization terms could be written as Formula (33}

!
learning process is £ The sam-of-squared-errors objective function with quadratic

124, . 2 d 2

Db == Jlahg+(I-ahfT-s,) + - .,
[0104] “h (33)
16105} Accordingly, for the deep learning procedure, Formulas (34) and (35) may be
calculated, which are the same as Formulas (12) and (13), respectively.

'aL L AT £ AT

— = c{H(aAgg+(E —oh -5, 8 +d A,
jo106] e W (34)

A

— = ()] [ad g+ (- a)h T - s ) +d A,
je1e7y ™ (35
[6108] in an example, the present disclosure provides a social network model for social

prediction. In the social network model, weak ties and strong ties of a user are taken into
consideration together. After the social network model is established, input data are given to
train the social network model, in order to obtain model parameters, The procedure of obtaining
the model parameters is a machine learning procedure. With the model parameters and the social
network model, social data of a user not known yet may be predicted. Au applicable scenario
may be to predict whether a user is idle, active or busy, or to predict whether the social tie of two

users 18 friend, family or acquaintance according to a method provided in FIGS. 1-13.

161689] FIG. 5 is a flowchart illustrating a method 500 of performing social prediction
according to an example of the present disclosure. Although execution of the method 500 is
described below with reference to the device 100, the compouents for executing the method 500

may be spread among multiple devices/systems. The method 500 may be implemented in the

18
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form of executable instructions stored on a machine-readable storage mediam, and/or in the form
of electronic circuitry. In one example, the method 500 can be executed by at least one processor
{e.g., processor 101} of a computing device {e.g., device 100). In other examples, the method

may be exccuted by another processor in communication with the device 100,

10110} At block 501, a processor may create a social network model, and apply a first model
for weak ties and a second model for strong ties. [n an example, the weak ties and the strong ties
may be classified according to tie strength of connections of user pairs within the social network.
At block 502, a processor may obtain input data of the social network, and train the social
network model by use of the input data to obtain model parameters. At block 503, a processor
may predict social data of a aser by using the model parameters and the social network model. In
the example, the social prediction method incorporates the strength of weak ties for social
prediction tasks, in view of the situation that weak ties play iroportant role in information

diffusion.

0111} In an example, the social network model may be a probability distribution of social
prediction features selected from the group including social actions and social ties. The
probability distribution may be calculated according to a probability density function. The mean
of the probability density function is determined according to a weak tie influcnce result and a
weighting factor for the weak ties, and also according to a strong tie influence result and a
weighting factor for the strong ties.

10112] Specifically, a procedure of obtaining a weak tie influence result 600 is as shown in
FIG. 6. At block 601, a processor may capture first functions, which are properties of the social
prediction features related to the weak ties. At block 602, a processor may provide first model
parameters for the first functions. At block 603, a processor may multiply the first model

parameters and the first functions to get the weak tic influence result.

16113 In an example, the social prediction features may be both the social actions and the

social ties, and the weak tie influence result may be defined in Formula (36) and Formula (37),
respectively. 7! is the weak tie influence result for the social ties, and other notations in Formula

o , . , . i, . . -
36) have the same meanings as those in Formula (4). 72 is the weak tie influence result for the
social actions, and other notations in Formula (37) have the same meanings as those in Formula

(6).

f = Z CEACIRTS
[0114] KeWT (0, (36}
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i = Z 8.4, G, m )
Eﬁi 15§ el T (u;) (37)

10116} In another example, the social prediction features may be the social actions, and the

.. ] - . \ . .
weak tic influence result ** may be defined in Formula (38), which can make reference to
Formula (20). In another example, the social prediction features may be the social ties, and the
. { . . s . .
weak tie influence resalt ** may be defined in Formula (39), which can make reference to

Formula (32).

L=Y 64,

3 -

B117] PV () (38)

I, = Z Ay Gy, x,)

[0118] FeRTy) (39)
10119] Specifically, a procedure of obtaining a strong tic influence result 700 is as shown in

FIG. 7. At block 701, a processor may capture second functions, which are properties of the
social prediction featares related to the strong ties. At block 702, a processor ruay provide second
model parameters for the second functions. At block 703, a processor may multiply the second

meodel parameters and the second functions to acquire the strong tie influence result.

10128} In an example, the social prediction features may be both the social actions and the

social ties, and the strong tie intluence result may be defined in Formula (40) and Formula (41},
respectively. 3 is the strong tie influence result for the social ties, and other notations in

. . R i . .
Formula (40) have the same meanings as those in Formula (4). 76 is the strong tie influence
result for the social actions, and other notations in Formula (41) may have the same meanings as

those in Formula (6).

i = Z A S0, 2,)

(0121} fest ) (40)
L= Y 04,64.m,)
Eﬁizzi veST (i} (41)
16123] In another example, the social prediction features may be the social actions, and the

strong tie influence result *7 may be defined in Formmla (42), which can make reference to

Formula (20). In another example, the social prediction features may be the social ties, and the

L I . o
strong tic influence result *° may be defined in Formula (43), which can make reference to

Formula (32},
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10124} vesT () (42)
[8 = Z /lﬂlfl (% s s Zg,‘)
Bﬁi25§ 1e8T (1,14, ) (43)
10126} In an example, a procedure of training a social network model to obtain model

parameters 800 may be shown in FIG. 8, At block 801, a processor may apply a Lagrange
method on a probability distribution to get model parameters on a first layer. At block 802, a
processor may calculate social data of a first layer according to the model parameters on the first
fayer and input data of the social network. At block 803, a processor may calculate model
parameters on an i-th layer according to social data of an (i-1)th layer. At block 804, a processor
may calculate social data of an i-th layer according to the model parameters on the i-th layer and
the social data of the (i-1)th layer. As to blocks 803 and 804, i=2, ..., L, and L is a preset value
for controlling number of layers for training. In an example, L. may represent L. hidden layers
ilfustrated in FIG. 4. In an cxample, the procedure of training 800 may refer to such as Formulas

(10Y and (11),.

16127} Inn an example, a procedure of predicting social data of a user 900 may be shown in
FIG. 9. At block 901, a processor may multiply social data of an L-th layer and model
parameters on the L-th layer to get a product for a class of a social prediction feature. At block
902, a processor may calculate a sam of products of classes of the social prediction feature to
obtain a first intermediate result. At block 903, a processor may multiply social data of an (L-
1}th fayer and the model parameters on the L-th layer to get a product for a first class of the
social prediction feature to obtain a second intermediate resuli. The first class is one of the
classes of the social prediction feature. At block 904, a processor may calculate a probability of
the first class according to the first intermediate result and the second intermediate resolt. At
block 905, a processor may select a second class with the maximum probability within the
classes of the social prediction feature as the social data of the user. Specifically, Formula (16)

may be applied for the calculation of the probability of the first class.

0128 In an example, a procedure of setting a first model for weak ties and setting a second
meodel for strong ties to generate a social network model 1000 may be shown in FIG. 10. At
block 1001, a processor may capture first action functions, which are properties of social actions
related to the weak ties. At block 1002, a processor may provide {irst action model parameters
for the first action functions to obtain a weak tie influence result. At block 1003, a processor may
capturc sccond action functions, which are properties of social actions related to the strong tics.

At block 1004, a processor may provide second action model parameters for the second action
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functions to obtain a strong tie influence result. At block 1005, a processor may caleulate the
probability distribution of the social actions according to the probability density function. A
mean of the probability density function is determined according to the weak tie influence result
and the weighting factor for the weak ties, and according to the strong tic influcnce result and the
weighting factor for the strong ties. In the procedure 1000 of FIG. 10, Formulas (25)-(26) may be

referred to.

16129] In an example, a procedure of sctiing a first model for weak tics and sctting a second
model for strong ties to generate a social network model 1100 may be shown in FIG. 11. At
block 1101, a processor may capture first tic functions, which are properties of social ties related
to the weak tics. At block 1102, a processor may provide first tie model parameters for the first
tie functions to obtain a weak tie influence result. At block 1103, a processor may capture second
tic functions, which are properties of social ties related to the strong ties. At block 1104, a
processor may provide second tie model parameters for the second tie functions to obtain a
strong tie influence result, At block 1105, a processor may calculate the probability distribution
of the social ties according to the probability density function. A mean of the probability density
function is determined according to the weak tie influence result and the weighting factor for the
weak ties, and according to the strong tie influcnce result and the weighting factor for the strong

ties, In an example, Formulas (31)-(32) may be referred to in the procedure 1100 of FIG. 11,

10130} In an exarople, a procedure of setting a first model for weak ties and setting a second
model for strong ties to generate a social network model 1200 may be shown in FIG. 12. At
block 1201, a processor may capture first tic functions, which are properties of social ties related
to the weak ties. At block 1202, a processor may provide first tie model parameters for the first
tie functions to obtain a first tie influence result, At block 1203, a processor may capture second
tie fumctions, which are properties of social ties related to the strong ties. At block 1204, a
processor may provide second tie model parameters for the sccond tic functions to obtain a
second tie influence result. At block 1205, a processor may calculate the probability distribution
of the social ties according to a first probability density function. In an example, a mean of the
first probability density function is determined according to the first tic influence result and a
first tie factor, and according to the second tic influence result and a second tie factor. At block
1206, a processor may capture first action functions, which arc propertics of social actions
related to the weak ties. At block 1207, a processor may provide first action model parameters
for the first action functions to obtain a first action influence result. At block 1208, a processor
may capture second action functions, which are properties of social actions related to the strong

ties. At block 1209, a processor may provide second action model parameters for the second
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action functions to obtain a second action influence result. At block 1210, a processor may
calculate the probability distribution of the social actions according to a second probability
density function. In an example, a mean of the second probability density function s determined
according to the first action influcnce result and a first action factor, and according to the second
action influence result and a second action factor. At block 1211, a processor may set up a joint
probability distribution of the social actions and the social ties according to the probability
distribution of the social ties, and the probability distribution of the social actions. In an example,

Formulas (3)}-(7) and (18)-(22) may be referred to in the procedure 1100 of FIG. 12.

(6131} In an example, the above procedures illustrated in FIGS. 5-12 may be implemented
via instructions stored in the memory 101 of the deviee 100 as illustrated in F1G. 1, or
instructions stored in a non-volatile or non-transitory computer readable medium such as a
magnetic or optical disk. FIG, 13 illustrates a non-transitory computer readable medium 1300
storing instractions executable by a processor. The computer readable medinm 1300 may include
mnstructions to classify connections of user pairs within the social network into weak ties and
strong ties according to tie strength of the connections 1301; instructions to create a social
network model 1302, wherein the social network model includes a first model for the weak ties
and a second model for the strong ties; instructions to train the social network model to obtain
model parameters 1303; and instractions to predict social data of a user by using the model

parameters and the social network model 1304,

18132} To evidence that the WTSP model provided in examples of the present disclosure
works well, extensive experiments are performed. In an example, the experimental investigation
is based on a mobile communication network. The mobile communication network may be used
as a platform for social prediction to analyze and understand dynamics and characteristics in
modern social networks. The mobile communication network has a mobile dataset including
3,268 mobile phone users, 30,776 social actions, and 18,489 social ties in total, respectively. The
social actions are formed by calling or sending short messages between each other during a few
months. The social ties are relationships including friend, family, and colleague. In the mobile
datasel, the average number of weak ties, the maximal number of weak ties, the average number

of strong ties, and the maximal namber of strong ties are 22.67, 167, 62.45, and 269, respectively.

16133] For quantitative performance evaluation, standard measures including area under the
curve { AUC), root~-mean-square error (RMSE), and F-measure are used. The WTSP model
provided in an example is compared with several other methods for predicting social actions and

discovering social ties. The other methods as references may include Support Vector Machine
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(SVM), Logistic Regression (LR}, and Dynamic Conditional Random Fields (BCRF). It should

be noted that the three models SVM, LR, and DCRF heavily rely on homophily to express the

power of strong ties for social prediction without capturing the strength of weak ties.

[6134] Table 1 shows the performance on social action prediction, and Table 2 shows the
performance on social tie inference of different meodels, respectively, It can be seen that the
WTSP model achieves better performance on the three evaluation metrics than other comparison
methods, tllustrating the merits of the WTSP model for social prediction. One of the merits of
the WTSP model may be to incorporate both weak and strong ties for social prediction. The
experiment results of the WTSP model prove that ubiquitous weak ties in social networks are
essentially important in promoting new ideas and novel perspectives across the dense clusters
characterized by strong ties. Further, modeling bidirectional interactions between social actions
and social ties may also increase the vahue of the WTSP model provided in examples of the

present disclosure.

[0135] Table 1: Social action prediction performance on the mobile dataset

Models o Yt AUC RMSE F score
SVM 0.785 0.494 79.85
LR 0.800 0.491 80.28
DCRF 0.833 0.459 85,37
WTSP & = g g 0.848 0.451 86.06
& = £ o1 0.850 0.447 86.42

& =03 R 0.911 0.425 89.98

& == ] i 0.572 1.127 42.39

[6136] Table 2: Social tie inference performance on the mobile dataset

Models a i AUC RMSE I score
SVM (.780 0,502 78.67
LR 0,783 0,495 79.52
DCRF .82 0.470 83.82
WTSP a = () gy $.830 3,463 34.63
A o1 $.832 .462 84.97
@ =03 J 0.872 0.428 88.56
d = i 0.563 1.144 40.28

18137} Moreover, the impact of weak ties of the WTSP model is examined, and 3D diagrams

are drawn to illustrate contributions of the weak ties on social prediction F-measure performance
on a mobile dataset. Specifically, FIG. 14 tllustrates the tmpact of the weak ties on predicting
social actions, and FIG. 15 illustrates the impact of the weak ties on labeling social ties. These
two figures depict surprisingly interesting results. Exploiting the power of weak ties can lead to
enhanced performance. For example, the best performance for the mobile dataset is obtained
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when @ =03 and & =03 for both social action prediction and social tie labeling. These results
demonstrate that the power of weak ties is very impressive. Consider that a user has 5 strong tic
friends and 50 weak tie acquaintances, and suppose strong tie friends have high probability {e.g.,
0.5} to influence the user’s social action and weak tie acquaintances have low probability (e.g.,
0.1) to affect the user’s social action. Accordingly, the overall influence on the user’s social
action from the strong tics and the weak ties may be 2X0.3=2.5 454 30x0.1=35 regpectively.
Eventually, the weak ties roay have more influence than the strong ties on the user’s social action.
That is, the power of weak ties in social prediction lies not in their individual effects but in their
numbers for an overall collective effect. When weak ties occur in sufficient nurnber, they have
important impact on social prediction. That is, weak ties may play a significant role in social
prediction and they can remarkably enhance the prediction accuracy for some networks. For such
social networks, emphasize the contributions of weak ties can remarkably enhance the prediction
performance. Also, FIGS. 14 and 15 show that strong ties are gencrally important contributors
for social prediction. Both weak ties’ contributions and contributions of strong ties may be
considered to get end-to-end prediction performance, Neither of the weak ties and the strong ties

can be completely ignored.

[¢138] The foregoing description, for purpose of explanation, has been described with
reference to specific examples. However, the illustrative discussions above are not intended to be
exhaustive or to limit the present disclosure to the precise forms disclosed. Many modifications
and variations arc possible in view of the above teachings. The examples were chosen and
described in order to best explain the present disclosure and its practical applications, to thereby
enable others skilled in the art to best utilize the present disclosure and various examples with

vartous modifications as are suited to the particular use contemplated.
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CLAIMS

WHAT IS CLAIMED I5:

I. A device of performing social prediction in a social network, comprising:

a processor;

a memory; and

instructions stored in the memory and executable by the processor, comprising:

instructions to classify connections of user pairs within the social network into weak tics
and strong ties according to tie strength of the connections;

instructions to set a first model for the weak ties and set a second model for the strong
ties to generale a social network model;

instructions to train the social network model to obtain model parameters; and

insiractions to predict social data of a user by using the model parameters and the social

network model.

2. The device according to claim 1, wherein the instructions to classify the connections of
the user pairs comprise:
instructions to set a threshold for classifying the tie strength of the connections;
msiructions to determine a connection as a weak tie when the tie strength of the
connection is under the threshold; and
instructions to determine the connection as a strong tic when the tie strength of the

connection is above the threshold.

3. The device according to claim T, wherein the instructions to set the first model for the
weak ties and set the second model for the strong ties to generate the social network model
comprise:

instructions to set up a probability distribation of social prediction features, wherein the

social prediction features are selected from the group comprising social actions
and social ties;

instructions to set up first functions, and provide first model parameters for the first

functions to obtain a weak tie influence result, wherein the first functions are
properties of the social prediction features related to the weak ties;

instructions to set up second functions, and provide second model parameters for the

second functions to obtain a strong tic influence result, wherein the second

functions are properties of the social prediction features related to the strong ties;
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instructions to calculate the probability distribution according to a probability density
function, wherein a mean of the probability density function is determined
according to the weak tie influence result and a weighting factor for the weak ties,
and according to the strong tie influence result and a weighting factor for the

strong ties.

4. The device according to claim 3, wherein the instractions to train the social network
model to obtain the model parameters comprise:

instructions to apply a Lagrange method on the probability distribution to get model
parameters on a first layer;

instructions to calculate social data of a first layer according to the model parameters on
the first layer and input data of the social network; and

insiructions to calculate model parameters on an i-th layer according to social data of an
(i-1)th layer, and calculate social data of an i-th layer according to the model
parameters on the i-th layer and the social data of the (i-1)th layer, wherein

s ]

=2, ..., L, and L is a preset value.

5. The device according to claim 4, wherein the instructions to predict the social data of
the user comprise:

instructions to multiply model parameters on an L-th layer and social data of an L-th
layer to get a product for a class of the social prediction feature, and calculate a
sum of products of classes of the social prediction feature to obtain a first
intermediate result;

instractions to mmultiply the model parameters on the L-th layer and social data of an (L~
1)th layer to get a product for a first class of the social prediction feature, to
obtain a second intermediate result, wherein the first class is one of the classes of
the social prediction feature;

insiractions to calculate a probability of the first class according to the first intermediate
result and the second intermediate result; and

instructions to select a second class with the maximum probability within the classes of

the social prediction feature as the social data of the user.

6. The device according to claim 3, wherein the instructions to set the first model for the
weak ties and set the second model for the strong ties to generate the social network model
comprise:

instructions to capture first action functions, wherein the first action functions are

properties of the social actions related to the weak ties, and provide first action
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model parameters for the first action functions to obtain the weak tie influence
result;

instructions to capture second action functions, wherein the second action functions are
properties of the social actions related to the strong ties, and provide second
action model parameters for the second action functions to obtain the strong tie
influence result; and

insiructions to caleunlate the probability distribution of the social actions according to the
probability density function, wherein the mean of the probability density function
is determined according to the weak tic influence result and the weighting factor
for the weak ties, and according to the strong tie influence result and the

weighting factor for the strong tics.

7. The device according to claim 3, wherein the instructions to set the first model {or the
weak ties and set the second model for the strong ties to generate the social network model
comprise:

instructions to captare first tie functions, wherein the first tie functions are properties of

the social ties related to the weak ties, and provide first tie model parameters for
the first tie funciions to obtain the weak tie influence result;

instructions to capture second tic functions, wherein the second tic functions arc

properties of the social ties related to the strong ties, and provide second tie model
parameters for the second tie functions to obtain the strong tic influence result;
and

instructions to calculate the probability distribution of the social ties according to the

probability density function, wherein the mean of the probability density fanction
is determined according to the weak tie influence result and the weighting factor
for the weak tics, and according to the strong tie influence resull and the

weighting factor for the strong ties.

8. The device according to claim 3, wherein the instructions to set the first model for the
weak ties and set the second model for the strong ties to generate the social network model
comprise:

instructions to capture first tie functions, wherein the first tic functions arc propertics of

the social ties related to the weak ties, and provide first tie model parameters for

the first tie functions to obtain a first tic influence result;
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instructions to capture second tie functions, wherein the second tie fanctions are
properties of the social tics related to the strong ties, and provide second tie model
parameters for the second tie functions to obtain a second tie influence result;

instructions to calculate the probability distribution of the social tics according to a first
probability density function, wherein a mean of the first probability density
function is determined according to the first tic influence result and a first tie
factor, and according to the second tie influence result and a second tie {actor;

instructions to capture first action functions, wherein the first action functions are
properties of the social actions related to the weak ties, and provide first action
model parameters for the first action functions to obtain a first action influence
result;

instructions to capture second action functions, wherein the second action functions are
properties of the social actions related to the strong ties, and provide sccond
action model parameters for the second action functions to obtain a second action
influence result;

insiructions to caleunlate the probability distribution of the social actiouns according to a
second probability density function, wherein a mean of the second probability
density function is determined according to the first action influence result and a
first action factor, and according to the second action influence result and a
second action factor; and

instructions to set up a joint probability distribution of the social actions and the social
ties according to the probability distribution of the social ties, and the probability

distribution of the social actions.

9. A method of performing social prediction in a social network, comprising:

creating a social network model, and applying a {irst roodel for weak ties and a second
model for strong ties in the social network model, wherein the wealk ties and the
strong tics arc classified according to tie strength of connections of user pairs
within the social network;

obtaining input data of the social network, and training the social network model by use
of the wnput data to obtain model parameters; and

predicting social data of a user by using the model parameters and the social network

model.
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10. The method according to claim 9, wherein creating the social network model, and
applying the first model for the weak tics and the sccond model for the strong ties comprises:

setting up a probability distribution of social prediction features, wherein the social
prediction features are selected from the group comprising social actions and
social ties; and

capturing first functions, wherein the first functions are properties of the social prediction
featares related to the weak ties, and providing {irst woodel parameters for the first
functions to obtain a weak tie influence result;

capturing second functions, wherein the second functions are properties of the social
prediction features related to the strong ties, and providing second model
parameters for the second functions to obtain a strong tic influence result; and

calculating the probability distribution according to a probability density function,
wherein a mean of the probability density function 1s determined according to the
weak tie influence result and a weighting factor for the weak ties, and according

to the strong tic influence result and a weighting factor for the strong tics.

11. The method according to claim 10, wherein training the social network model by use
of the input data to obtain the model parameters comprises:

applying a Lagrange method on the probability distribution to get model parameters on a
first layer;

calculating social data of a first layer according to the model parameters on the first layer
and the input data; and

calculating model parameters on an i-th layer according to social data of an (i-1}th layer,
and calculate social data of an i-th layer according to the model parameters on the
i-th layer and the social data of the (i-1)th layer, wherein =2, ..., L,and L is a

preset value.

12. The method according to ¢laim 10, wherein predicting the social data of the user
comprises:
multiplying model parameters on an L-th layer and social data of an L-th layer to get a
produce for a class of the social prediction feature, and calculating a sum of
products of classes of the social prediction feature to obtain a first intermediate
result;
multiplying the model parameters on the L-th layer and social data of an (L-1)th layer to

get a product for a first class of the social prediction feature, to obtain a second
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intermediate result, wherein the first class is one of the classes of the social
prediction feature;

calculating a probability of the first class according to the first intermediate result and the
second intermediate result; and
selecting a second class with the maximum probability within the classes of the social

prediction feature as the social data of the user.

13. A non-transitory computer readable medium storing instructions exccutable by a
processor, wherein the instructions are to cause the processor to:
classify connections of uscr pairs within the social network into weak ties and strong ties
according to tie strength of the connections;
create a social network model, wherein the social network model includes a first model
for the weak ties and a second model for the strong ties;
train the social network model to obtain model parameters; and

predict social data of a user by using the model parameters and the social network model.

14. The non-transitory computer readable medium according to claim 13, wherein the
instructions are to cause the processor to:
set up a probability distribution of social prediction featares, wherein the social
prediction features are selected from the group comprising social actions and
social tics; and
set up first functions, wherein the first functions are properties of the social prediction
features related to the weak ties, and provide first model parameters for the first
functions to obtain a weak tie influence result;
sct up second functions, wherein the second functions are propertics of the social
prediction features related to the strong ties, and provide second model
parameters for the second functions to obtain a strong tic influence result; and
calculate the probability distribution according to a probability density function, wherein
a mean of the probability density function is determined according to the weak tic
influence result and a weighting factor for the weak ties, and according to the
strong tie influence result and a weighting factor for the strong ties.
15. The non-transitory computer readable medium according to claim 14, wherein the
instructions are to cause the processor to:
apply a Lagrange method on the probability distribution to get model parameters on a

first fayer;
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calculate social data of a first layer according to the model parameters on the first layer
and input data of the social network; and

calculate model parameters on an i-th layer according to social data of an (i-1)th layer,
and calculate social data of an i-th layer according to the model paramcters on the
i-th layer and the social data of the (i-1)th layer, wherein =2, ..., L,and L isa

preset value.

32



WO 2016/165058 PCT/CN2015/076453

100 Memory 102 L 112

instructions to classify connections into /
weak ties and strong ties

instructions 1o set a first model for the /’
weak ties and set a second model for the

strong ties
e 132
instructions to train the social network //
model
| 142
Processor 101 instructions to predict social data of a user f/
FIG, 1

tie classifying module

model generating module

i3
Ll

training module

IRRR

predicting module

FI1G. 2

1/9



WO 2016/165058

208

cl=active

c2=idle

FIG. 3a

c3=busy

FIG. 3b

2/9

PCT/CN2015/076453



WO 2016/165058

//—' 401

L-th

layer hiv: F(Wy-hly) ™

PCT/CN2015/076453

402
i-th layer bl F{Wi-hl) /

>< Loss function of
the WTSP model

Social actions y and
social ties s

2nd
layer his: F{w,-his)
3
lst layer hiy: F{W,-D) )
&
visible SR
layer

F1G. 4

500

create a social network model, and apply a
first model for weak ties and a second model
for strong ties

f,—f” 501

:

obtain input data, and train the social
network model

I

predict social data of a user

//_,- 503

FIG. 5

3/9




WO 2016/165058 PCT/CN2015/076453

600

/ 601

capture first functions

:

602
provide first model parameters for the first //"’
functions

I

/,,-- 603
multiply the first model parameters and the first
functions to get a weak tie influence result

FIG. 6

700

/— 701

capture second functions

:

702
provide second model parameters for the second /
functions

:

multiply the second model parameters and the /*"' 703
second functions to acquire a strong tie influence
result

FIG. 7

4/9



WO 2016/165058 PCT/CN2015/076453

00

apply a Lagrange method on a probability ’/’ 801
distribution to get model parameters on a first
layer

|

- - - 802
calculate social data of a first laver according to the /
model parameters on the first layer and input data

of the social network

'

(/,... 803
calculate model parameters on an i-th layer
according to social data of an (i-1}th layer

I

calculate social data of an i-th layer according to f/"'" 804
the model parameters on the i-th layer and the
social data of the {i-1)th layer

FIG. 8
200

o oo 901
muitiply social data of an L-th layer and model V//”
parameters on an L-th layer to get a product for a
class of & social prediction feature

. : 902
calculate a sum of products of classes of the social //._,
prediction feature to obtain a first intermediate
result

¥
muitiply social data of an {L-1)th layer and the model parameters on //"" 803

the L-th layer to get a product for a first class of the social prediction
feature to obtain a second intermediate result

— 4 A 904
calculate a probability of the first class according to //...
the first intermediate result and the second
intermediate result

- : 905
select a second class with the maximum probability /
within the classes of the social prediction feature
as social data of a user

FIG. 9

5/9



WO 2016/165058

PCT/CN2015/076453

capture first action functions

/,wﬂl@ﬁl

y

provide first action model parameters for the first
action functions to obtain a weak tie influsnce
result

/-—1092

¥

capture second action functions

/ﬂ1003

X

provide second action model parameters for the
second action functions fo obtain a strong tie
influence result

//—- 1064

k4

calculate the probability distribution of the social
actions according to the probability density
function

//"10@5

F1G. 10
1100

capture first tie functions

(//»1101

¥

provide first tie model parameters for the first tie
functions to chtain a weak tie influence resuit

f’,.,,¢~-1:L024

A4

captura second tie functions

/—»1103

¥

provide second tie model parameters for the
second tie functions to obtain & strong tie
influence result

//-1104

A4

calcuiate the probability distribution of the social
ties according to the probability density function

//fullos

FIG. 11

6/9



WO 2016/165058

1200

PCT/CN2015/076453

capture first tie functions

//-ri?.ﬁi

k4

obtain a first tie influence result

1202
provide first tie model parareters for the first tie functions to /"

capture second tie functions

X

provide second tie model parameters for the
second tie functions to obtain a second tie
influence result

A4

calculate the probability distribution of the social ties

according to a first probability density function

/'1205

capture first action functions

/., 1206

A 4

provide first action model parameters for the first
action functions to obtain a first action influence
result

/,—-— 1207

capture second action functions

¥

provide second action model parameters for the
second action functions to obtain a second action
influence result

4

calculate the probability distribution of the social
actions according to a second probability density
function

//-»1210

k4

set up a joint probability distribution of the social actions and the social
ties according to the probability distribution of the social ties, and the

probability distribution of the social actions

FIG. 12

7/9



WO 2016/165058 PCT/CN2015/076453

1300

instructions to classify connections of
user pairs

model

instructions to train the social network
model to obtain model parameters

1302
instructions to create a social network /"

instructions to predict social data of a
user

F1G. 13

sCore

F1G. 14

8/9



WO 2016/165058 PCT/CN2015/076453

9/9



INTERNATIONAL SEARCH REPORT

International application No.

PCT/CN2015/076453

A, CLASSIFICATION OF SUBJECT MATTER

GOG6F 15/16(2006.01)i; GO6F 17/30(2006.01)i

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)

GO6F; G0N

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

WPLEPODOC,CNPAT,CNKI:social,classify,strong, weak, ties,model strength,input, parameter

C. DOCUMENTS CONSIDERED TO BE RELEVANT
Category* Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.
A US 2011167115 A1 (THE BOARD OF TRUSTEES OF THE UNIVERSITY OF ILLINOIS) 1-15
07 July 2011 (2011-07-07)
claims 1to 7, description, paragraphs [0104], [0105]
A US 2013041860 A1 (INTERNATIONAL BUSINESS MACHINES CORPORATION) 14 1-15
February 2013 (2013-02-14)
the whole document
A CN 102117325 A (TSINGHUA UNIVERSITY) 06 July 2011 (2011-07-06) 1-15
the whole document

I:l Further documents are listed in the continuation of Box C.

See patent family annex.

*  Special categories of cited documents:

) document defining the general state of the art which is not considered
to be of particular relevance

“gr earlier application or patent but published on or after the international
filing date

“ document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

“«o” document referring to an oral disclosure, use, exhibition or other
means

«p document published prior to the international filing date but later than

the priority date claimed

later document published after the international filing date or priority
date and not in conflict with the application but cited to understand the
principle or theory underlying the invention

document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive step
when the document is taken alone

document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

document member of the same patent family

“

“x»

“y»

“ &

Date of the actual completion of the international search

Date of mailing of the international search report

23 December 2015 20 January 2016
Name and mailing address of the [SA/CN Authorized officer
STATE INTELLECTUAL PROPERTY OFFICE OF THE
P-R.CHINA SUN, Zhifei

6, Xitucheng Rd., Jimen Bridge, Haidian District, Beijing
100088, China

Facsimile No. (86-10)62019451

Telephone No. (86-10)62413325

Form PCT/ISA/210 (second sheet) (July 2009)




INTERNATIONAL SEARCH REPORT International application No.
Information on patent family members

PCT/CN2015/076453
. Patf:nt document Publication date Patent family member(s) Publication date
cited in search report (day/month/year) (day/month/year)
us 2011167115 Al 07 July 2011 None
""" US 2013041860 Al 14February2013  US 2015235137 Al 20 August2015
""" CN 102117325 A 06July2011 None.

Form PCT/ISA/210 (patent family annex) (July 2009)



	Page 1 - front-page
	Page 2 - description
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - claims
	Page 28 - claims
	Page 29 - claims
	Page 30 - claims
	Page 31 - claims
	Page 32 - claims
	Page 33 - claims
	Page 34 - drawings
	Page 35 - drawings
	Page 36 - drawings
	Page 37 - drawings
	Page 38 - drawings
	Page 39 - drawings
	Page 40 - drawings
	Page 41 - drawings
	Page 42 - drawings
	Page 43 - wo-search-report
	Page 44 - wo-search-report

