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Abstract—Sociologists have long converged that the evolution of a Social Networking Service(SNS) is driven by the interplay between
users’ preferences (reflected in user-item interaction behavior) and the social network structure (reflected in user-user interaction
behavior). Nevertheless, traditional approaches either modeled these two kinds of behaviors in isolation or relied on a static
assumption of a SNS. Thus, it is still unclear how do the roles of the dynamic social network structure and users’ historical preferences
affect the evolution of SNSs. Furthermore, can transforming the underlying social theories in the platform evolution modeling process
benefit both behavior prediction tasks? In this paper, we incorporate the underlying social theories to explain and model the evolution of
users’ two kinds of behaviors in SNSs. Specifically, we present two kinds of representations for users’ behaviors: a direct (latent)
representation that presumes users’ behaviors are represented directly (latently) by their historical behaviors. Under each
representation, we associate each user’s two kinds of behaviors with two vectors at each time. Then, for each representation, we
propose the corresponding learning model to fuse the interplay between users’ two kinds of behaviors. Finally, extensive experimental
results demonstrate the effectiveness of our proposed models for both user preference prediction and social link suggestion.
Index Terms—User modeling, social networking services, user interest modeling, link prediction
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1

INTRODUCTION

W

the popularity of online social media, many SNSs
have emerged in recent years. These SNSs provide an
online platform for facilitating the building of social relations among people who share similar consumption interests, activities, or real-life connections. Thus people can stay
connected with others and be informed of social friends’
consumption preferences. For instance, in the online product review platform Epinions.com, the system immediately
pushes the product ratings and reviews to a user that she
trusts. In a location based social network service website
such as Gowalla, people share location-embedded information with friends by adding a check-in at that place.
Generally, a SNS platform is built upon two kinds of
users’ behaviors: consuming items (reflected in the user-item
interaction such as rating, buying and check-in) and building
social links among users (reflected in the user-user interaction
such as the directed trust and the undirected friendship).
ITH
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While users face a dazzling array of potential consumption
items and unlinked social entities, discovering users’ consumption preferences and suggesting new links become
two core behavior prediction tasks for these systems.
Computational tools have been developed to solve these
two tasks respectively. On one hand, Collaborative
Filtering (CF) forms the basis of user preference discovery,
which assumes that users are likely to consume items that
are locally popular among the like-minded users with similar consumption history in the past [3], [24], [30]. On the
other hand, Node Proximity (NP) based models play a central role in social link suggestions, where two users are possibly to form links in the near future if they are structural
close in the social graph [28], [32]. In summary, these two
kinds of models utilized a particular kind of users’ historical
behaviors to predict the same kind of behaviors in the
future, and usually are well researched in parallel.
Nevertheless, social scientists have long converged that
these two kinds of users’ behaviors are not isolated. Instead,
the interplay between them drives the evolution of SNSs,
leading to the dynamic changes of users’ preferences and
the social network structure over time. There are two social
theories that explain this evolution: the social influence effect
states that users’ future preferences are affected by the
social network around them, and the homophily effect suggests that people tend to associate and bond with others
that have similar preferences in the past [4]. Based on these
theories, some research works have leveraged one type of
users’ behavior to help predict another type of behavior [15],
[20], [40]. Recently, Yang et al. proposed to jointly model
the correlation of these two kinds of users’ behaviors in a
unified static model, thus achieved better performance than
modeling them in an isolated way [45]. However, their static
view could not capture the evolution of SNSs.
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In this paper, we incorporate the underlying social theories for explaining and predicting the evolution of SNSs from
an individual perspective, i.e., we try to explain how do the
roles of the time-evolving social network structure and users’
historical preferences affect each users’ future behavior, and
predict each user’s new consumption preference and social
links in the near future. Understanding these questions can
not only help the SNS system providers gain more insights
into users, but also benefit customers by enjoying more accurate predictive services, including consumption preference
recommendation and social link suggestion. However, properly addressing these questions is not an easy task. First,
both users’ consumption behavior and link behavior mix
together to form the evolution of SNSs. As we can only
observe the final decisions made by users, how to quantify
the contribution of each kind of users’ behavior is non-trivial.
Furthermore, it is still unclear how to embed the social theories to build connections among users’ two kinds of behaviors in the modeling process.
To tackle these challenges, in our previous work [42], we
proposed a preliminary latent approach named Evolving
Joint Prediction (EJP) for modeling the evolution of users’
consumption behavior and social link behavior in SNS platforms. Specifically, we associate each user with a latent consumption preference vector at each time. Then we propose
a probabilistic approach to fuse the interplay between users’
consumption and social behaviors over time, where the user
latent consumption preference vector bridges the connection between users’ two kinds of behaviors.
This paper further extends our previous work [42]. Specifically, we introduce two kinds of representations to depict
users’ behaviors in SNSs. The first one is a direct representation
that presumes each kind of a user’s behavior can be directly
reflected from her historical behavior, i.e., each user’s consumption behavior is depicted in the item space and the social
link behavior is represented in the user space. Then each user
has a direct consumption vector and a social link vector at
each time under the direct representation. This direct representation is simple and intuitive, however, as each user usually has very few consumption (social) records in the huge
item (user) space, the extreme data sparsity issue may lead to
unsatisfactory performance [3]. Thus, instead of the direct
representation, we argue that each user’s two kinds of behaviors at each time can be determined by the latent representation:
a latent consumption vector that shows her consumption preference and a latent social vector that depicts her social link
behavior. Then for each representation, we propose a corresponding learning model to fuse the interplay between users’
two kinds of behaviors by leveraging the underlying social
theories. Finally, extensive experimental results demonstrate
the effectiveness of our proposed model for both user preference prediction and social link suggestion. In summary, compared with our preliminary model of EJP [42], the main
contributions of this paper are:




We propose a novel direct model to represent users’
two kinds of behaviors in SNS platforms, which has
not been explored in our preliminary work. The
direct model is intuitive and shows high efficiency.
In the preliminary EJP model, we represent each
user’s consumption behavior with latent consumption vector without any latent social link representation [42]. We further advance the previous work by
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representing users’ two kinds of behaviors with both
latent vectors, i.e., each user has a latent consumption vector and a latent social link vector at each
time. Then we design a more sophisticated model to
capture the interplay between users’ latent consumption vectors and latent social link vectors, while EJP
purely shares the latent consumption vector among
users’ two kinds of behaviors. Experimental results
show the latent model proposed in this paper produces better performance than EJP.

2

RELATED WORK

We summarize the related work into the following three
categories.
Collaborative Filtering. Collaborative filtering is a technique
to provide personalized item suggestions by discovering
users’ consumption preferences [3]. Usually, we are given a
user-item consumption preference matrix with a few known
preference values, and the goal is to predict the unknown values as accurate as possible. Models in this area can be classified into two categories: the neighborhood-based methods
and the matrix factorization models. The neighborhood based
methods predicted the unknown preference of a target user
based on similar neighbor users’ ratings for this item [6], [12],
[38]. In contrast, matrix factorization models tried to capture
both users and items in a low latent space by learning useritem past interactions. After that, a user’s unknown preference for an item could be predicted by comparing the correlation of the learned latent vectors between them [24], [34].
In the real world, users’ preferences are not static but
change over time. Thus, it is important to take the temporal
dynamics of users’ interests in the recommendation process [8], [19], [23], [35], [44]. E.g., TimeSVD++ was proposed
to adapt some of the user latent vectors to evolve over
time [23]. Xiong et al. introduced an additional latent time
dimension in a factor-based model that captures the
population-level preference of products [44]. Jiang et al. proposed a dynamic scheme of tensor factorization for temporal multi-faceted behavior prediction [19]. These models
captured users’ interest drifts, however, the explanatory
reasons for the interest changes are not clear.
Link Prediction. Link prediction is the general problem of
predicting the potential new link connections among a social
network in a near future. This problem has long been considered from a static view: the input is a snapshot of a social network at time t, and the goal is to predict the possible links that
appear from t to a later time t0 . Generally, this question can be
viewed as computing the node proximity, or similarity given
the network topology [28], [32]. The literature on this static
link prediction can be classified into two categories: unsupervised and supervised. The unsupervised models used direct
neighborhood-based measures (e.g., the percentage of the
number of shared friends) or the path-based methods to infer
the proximity of indirectly connected users [17], [28]. In contrast to the unsupervised measures, the supervised models
took the existing links as positive labels and the current
unknown links as possible negative ones, then a learning process is involved with the available data labels. The choice of
these supervised models included the feature-based models [26] and the latent-factor based models [32], [33].
In the real world, the social networks are continuously
evolving, with new nodes and links added over time.
Recent studies considered the temporal link prediction
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problem, where we have the detailed edge creation time or
several snapshots of social networks. An intuitive yet effective approach is to collapse multiple time-sliced linked data
into a single matrix with weighted averaging, then the static
link prediction models could be applied [1], [11]. Others
proposed tensor factorization or non-parametric time-series
models to capture the temporal information in graph evolution process [9], [37]. Our work resembles these works in
capturing the temporal evolution of the social structural
data, nevertheless, our model distinguishes these works in
the explanatory ability of the evolution of social networks.
Modeling the Interaction Between Users’ Two Kinds of Behaviors. Sociologists have long converged that users’ consumption behavior and the social link behavior are not isolated,
instead, they have a mutual reinforcement relationship [4],
[7]. Specifically, the social influence theory states that people
tend to associate and bond with users that have similar preferences and attributes, and the homophily effect suggests that
the links between users would further influence users to
behave similarly with their friends. Thus, researchers argued
that we can leverage one kind of data source for the remaining
prediction task. Among them, social-based recommendation
system, utilizes the social network structure information to
help mitigate the data sparsity issue in traditional recommender systems [14], [15], [18], [20], [27]. Another parallel
line is to suggest links by incorporating users’ historical consumption preferences. Tang et al. provided an approach to
exploit users’ historical preferences for more accurate link
prediction. They argued that users with similar historical
interests are more likely to build social links in the future [40].
More recently, Gong et al. proposed to argument the social
network into a social-attribute network, such the node attribute and social network information could inform each
other [13]. However, all these models relied on a static
assumption of a SNS platform. Jamali analyzed and modeled
the temporal behaviors of users in a SNS using bidirectional
effects of rating patterns and social relations [16]. This line of
work differs from our problem formulation in that it focused
on the global evolution of a SNS. To the best of our knowledge, Yang et al. made one of the first few attempts that
mutually modeled users’ preferences and the social link prediction in a unified framework [45]. The key idea of their proposed model is to define a shared static user latent vector
over these two kinds of tasks, thus achieved better performance. Our proposed models advances their technique in
several aspects: (1) We made a comprehensive study of users’
behaviors with both direct representations and latent representations. (2) In the proposed latent representation, their
model assumed a static representation of a SNS while our
work captures the temporal dynamics.

3

PROBLEM DEFINITION

In a SNS platform, there are a set of users U (jUj ¼ N) and a set
of items V (jV j ¼ M). Users perform two kinds of behaviors in
most SNS platforms: consuming items and building social links
with others. Generally speaking, consuming an item refers to
the interaction between a user and an item, which varies at
different SNS platforms. Specifically, we represent users’ two
kinds of behaviors at each time t as two matrices: a consumption matrix C t 2 RNM and a social link matrix S t 2 RNN . If
t
denotes the rating preference
user a consumes item i at t, Cai
score. Otherwise it is 0 indicating the user does not show any
t
¼ 1 if user a
preference during that time. Similarly, Sab
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connects to user b at time t, otherwise it equals 0. As we consider the temporal evolution of SNSs, we summarize users’
two kinds of behaviors over time as two matrix sequences: a
consumption matrix sequence C ¼ ½C 1 ; . . . C t . . . ; C T  and a
social link matrix sequence S ¼ ½S 1 ; . . . S t . . . ; S T . Without
confusion, we use a; b; c to represent users and i; j; k to denote
items. Then the problem can be defined as:

Definition 1 (Problem Definition). Given the user consumption sequence C and the social link sequence S, our goal is twofold: (1) quantify the social influence and homophily effect of each
user for the evolution process of SNSs. (2) predict each user’s consumption behavior and the social link behavior at time T þ 1.

4

DIRECT MODELING OF THE EVOLUTION OF SNS

In this section, we introduce a simple direct approach to
model the evolution of SNSs. The key idea of this direct
model is that, each kind of a user’s future behavior is influenced directly by others’ historical behaviors. With this
direct representation, uses’ consumption behavior (social
behavior) over time can be described as vectors in the item
space (user space). Then we model the interplay of users’
two kinds of behaviors with the direct representation. In
fact, this direct approach is quite intuitive and has been integrated into many SNSs. E.g., the social influence explanation of “your friends A and B also like this product” for
consumption recommendation process, and the homophily
effect explanation of “ user B also consumed item a and b”
for suggesting social links. Fig. 1 illustrates an example of
users’ behaviors over time in SNS platforms, with the main
reasons for users’ new behaviors listed in the right of this
figure. Formally, we define the direct modeling as:

Definition 2 (Direct Modeling). Given the user consumption
matrix sequence C and the social sequence S, the direct modeling represent each user’s consumption behavior in the item
space V 2 RN and social behavior in the user space U 2 RM .
The goal of direct modeling is to solve the problem in Definition 1 based on the direct representation.
In the following, we first introduce how to capture users’
behaviors with the direct representation, then give the corresponding learning model.

4.1 The Proposed Direct Model
Evolutional Direct Consumption Behavior Modeling. As shown
in Fig. 1, there are two main reasons for users to build a
new consumption record. First, traditional CF models
assume a user likes to consume products that are locally
popular among users that have similar historical consumption preference. E.g., a possible reason for u2 to consume v4
is that u3—a user that has similar consumption preference
with her consumed v4. Second, the social influence theory
suggests that users are also likely to be influenced by
social network neighbors’ preferences to make consumption
preference decisions. E.g., u1 is influenced by her social
friend u4 and consumes v2 at time t þ 1. In summary, for
each user’s consumption behavior from time window
t ¼ 2; 3; . . . ; T , we model it as a liner combination of the collaborative filtering and the social influence effect
C^t ¼ ð1  aa Þfða; i; tÞ þ aa gða; i; tÞ s:t: 0  aa  1: (1)
ai

t
where Cai
denotes the predicted consumption of user a to
item i. Function f and g capture the collaborative filtering and
the social influence for consumption prediction respectively,
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Fig. 1. A showcase of the evolution of a SNS platform. At each time, users perform two behaviors: build a new Social link or show her new Consumption preference. For simplicity, we use “A2B” at each new added behavior to denote the current behavior of “A” leads to the future behavior “B”. For
example, a “S2C” label is added from t to t þ 1 as u1 shows Consumption preference to v2 possibly because her social neighbors (u1 has followed
u4 and u5 before t þ 1 ) consumed item v2 before.

which are balanced by the non-negative parameter aa for each
user. As users may have their own decisions in balancing
these two aspects, e.g., some users like to follow their own historical preferences to make future consumptions (i.e., small
aa ) while others prefer to receive consumption suggestions
from their friends (i.e., large aa ), the balance parameters are
personalized and vary from person to person. Specifically,
function f captures the predicted consumption score by utilizing users’ consumption history, thus any CF models, such as
the item-based collaborative filtering [38], latent factor models
[34] could be applied. As the focus of this paper is not to
devise more sophisticated models to predict the consumption
preference by traditional CF models, we use any available CF
algorithm. Next we introduce how to build social influence
effect function g.
gða; i; tÞ is a function that models the social influence effect
for user a’s consumption preference on product i at time t.
The social influence effect states the diffusion of information
over social networks that lead people to consume local popular items among their social friends [10]. This effect has
been viewed as a foundation for many important social
applications, such as the social influence maximization for
viral marketing [21], [43]. With this direct social influence
effect, each user a’s future preference on product i is influenced directly by the historical consumption records of her
social neighbors’ decisions of the same item
Pt1 P
t0 t
t0
0 Y s C
t0 ¼1
b2N t bi ab ab
;
(2)
gða; i; tÞ ¼ Pt1 P a
t0 t
0 Y s
t0 ¼1
b2N t bi ab
a

where Nat is the set of users that a connects till t. Ybit is an indicator value that equals 1 if b consumes i at time t, otherwise it
equals 0. In this equation, stab denotes the social influence
strength between this pair of users, i.e., the social proximity
of these two users based on the social network structure. As
the social network is dynamic and changes over time, it is
reasonable to assume the social influence strength also
varies. There are a number of ways to calculate the social
influence strength. For example, we can adapt the traditional
static node proximity based models to a dynamic version or
any dynamic link proximity based model. Here, we simply
adopt a widely used node proximity measure—Adamic/
Adar metric [28], and adapt it to a time varying version as
t
¼P
Sab

1

t1
c2Nat1 \Nbt1 logðjNc jÞ

:

(3)

Evolutional Direct Link Behavior Modeling. Similar as the
direct consumption preference prediction in Eq. (1), a user’s

decision on whether to build a social link is also mainly determined by two factors. First, two users are likely to form links
in the future if they are topologically close to each other from
the social network structure. This node-proximity phenomenon forms the basis of traditional link prediction algorithms.
E.g., u1 bonds with u5 at time t in Fig. 1 can be mainly attributed to this reason. Second, the preference similarity between
users also brings connections, i.e., user u2 finds u5 has many
common consumption preferences with her (they both consumed v4 and v5), then u2 is likely to associate with u5 in the
near future as shown in Fig. 1. This is termed as the homophily effect and it is widely accepted by social scientists in
explaining the social network construction process [31]. Based
on these two effects, each user a’s predicted link score to user
t at time t (t ¼ 2; . . . ; T ), is modeled as
b, denoted as S^ab
t ¼ ð1  b Þhða; b; tÞ þ b lði; j; tÞ s:t:
S^ab
a
a

0  ba  1:

(4)

where function h and l calculates the node proximity and
the homophily effect for link prediction. ba is a personalized
parameter that balances these two effects. Since we do not
focus on modeling node proximity in this paper, any traditional node proximity models could be used for calculating
h. In the following, we introduce how to model the homophily effect function l under the direct assumption.
Basically, lða; b; tÞ is a function that explains the homophily
effect for social link connection among user pair a and b at time
t, sometimes which is also termed as the social selection process. This effect states that the tendency of users to form social
connections with similar characteristics and preferences, e.g.,
we like to form friendships with others that have similar backgrounds, education level and lots of interests in common. This
pervasive phenomenon has a long history of study in sociology and happens in our everyday life [25], [31]. Given the
direct representation of users’ behaviors, the homophily effect
between two users can be directly obtained by comparing the
consumption records between them. Here, we simply adapt
the cosine similarity measure to calculate the homophily effect
between any pair of users. Let Lt ðaÞ 2 RM1 denote the vector
of user a’s consumption records over the item space before
time t, i.e., the j’s element in this vector equals 0 if user a did
t0
if 9t0 < t;
not consume item j before t, otherwise it equals Caj
t0
Yaj ¼ 1. Then the homophily effect between a and b at time t is
lða; b; tÞ ¼ cosðLt ðaÞ; Lt ðaÞÞ ¼

< Lt ðaÞ; Lt ðbÞ >
;
jjLt ðaÞjjF  jjLt ðbÞjjF

(5)

where < ; > denotes the inner product of two vectors and
jjLt ðaÞjjF is the Frobenius form of this vector.
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4.2 Model Learning
After defining the direct social influence effect function g and
the homophily effect function l, in order to predict users’
future behaviors as shown in Eqs. (1) and (4), we need
to determine the balance parameters a ¼ ½aa N
a¼1 and
b ¼ ½ba N
a¼1 for all users. Specifically, with the availability of
users’ historical consumption behavior in SNSs, we define
the loss function as
T X
N X
M
X
min LðaÞ ¼
Yait ðCai  C^ai Þ2
a

t¼2 a¼1 i¼1

T X
N X
M
X
¼
Yait ðCai  ð1  aÞfða; i; tÞ  aa gða; i; tÞÞ2

(6)
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Then we could also resort to PGD method to update ba .
Dealing with Data Imbalance. Note that in social link cont
¼ 0 denotes a missing link between
struction process, Sab
user a and b. If we consider all missing link records in the
optimization function of Eq. (8), the problem turns to a
highly imbalanced learning problem with much more labels
of 0 than 1. Here, we borrow an effective undersampling
technique. Particularly, for each newly added positive link,
we randomly select m missing links as observed pseudo
negative links with a weight of m1 at each iteration in parameter learning process. Since the sampling process is random
and each time the negative samples change, each missing
link gives very weak negative signal [16], [32].

t¼2 a¼1 i¼1

s:t: 8a 2 U;

0  aa  1:

The above loss function is convex with bound constraints, thus a global minimum could be achieved. In practice, we could resort to Projected Gradient Descent (PGD)
method [29]. Specifically, for each aa (0  aa  1), the PGD
method updates the current solution aka in kth iteration to
aakþ1 according to the following rule
8
< aa if 0  aa  1;
akþ1
¼ P ½aka  hraa ; P ðaa Þ ¼ 0 if aa < 0;
(7)
a
:
1 if aa > 1;
where raa has the following form
raa ¼

T X
M
X
t¼2 i¼1

t
t
Yait ðC^ai
 Cai
Þ  ðgða; i; tÞ  fða; i; tÞÞ:

We summarize the framework of the proposed direct
consumption behavior modeling process in Algorithm 1.

Algorithm 1. The Direct Approach for Consumption
Behavior Prediction

5

Input: A traditional CF function f;
Output: The predicted consumption preference at T þ 1;
Initialize a with small positive values;
for all ða; i; tÞ in consumption training dataset do
calculate fða; i; tÞ based on the given CF algorithm;
calculate gða; i; tÞ (Eq. (2));
predict consumption preference (Eq.( 1);
end for
while the loss function of Eq. (6) does not converge do
for user a ¼ 1; a  N; a þ þ do
update aa using PGD (Eq. (8));
end for
end while
for all ða; i; T þ 1Þ records in consumption test dataset do
calculate fða; i; T þ 1Þ based on the given CF algorithm;
calculate gða; i; T þ 1Þ (Eq. (2));
predict consumption preference based on Eq. (1);
end for

Similarly, for the balance vector b in the social link prediction task, we can also formulate a loss function as
min LðbÞ ¼
b

T X
N X
N
X
t¼2 a¼1 b¼1

¼

T X
N X
M
X
t¼2 a¼1 i¼1

t
t
Zab
ðSab
 S^ab Þ2

(8)
2

ðSab  ð1  ba Þhða; b; tÞ  ba lða; b; tÞÞ :

4.3 Time Complexity
The direct approach is simple and intuitive. In fact, as most
SNS platforms have already implemented the traditional
collaborative filtering and node proximity models (i.e., function f and h), the time complexity for this model mainly lies
in two parts as shown in Algorithm 1: first calculating the
predicted direct social influence score g and homophily
score l, and then learning the balance parameters. Suppose
there are c non-empty consumption records in consumption
matrix sequence C and s social links in social matrix
sequence S (c  M  N; s  N  N), then the average consumption records and social connections of each user are
tc ¼ Nc and ts ¼ Ns , which are usually very small in practice.
Specifically, the time complexity is Oðcts Þ for calculating
function g and Oðstc Þ for function l. In parameter learning
process, since we only have two parameters for each user
(i.e., aa and ba ), the time complexity is OðN ðtc þ ts ÞÞ ¼
Oðc þ sÞ for each iteration. Thus the total time complexity of
the direct approach is Oðcts þs  tc Þ.

LATENT MODELING OF THE EVOLUTION OF SNS

We have already introduced how to model and predict users’
behaviors under the direct representation, where each user’s
two kinds of behaviors are directly represented in the item
space and user space. In the real world SNSs, the user space
and item space are very huge, with hundreds of thousands of
users and items. Given limited social links and consumption
records of each user, the direct approach may suffer from the
cold-start problem: it could hardly calculate reliable direct
social influence strength (Eq. (3)) and homphily effect (Eq. (2))
score if a pair of users share very few common
consumption (social link) records [3]. For example, Alice liked
romantic movies such as Roman Holiday and Titanic, and Bob
evaluated highly for movies Sleepless in Seattle and Notting
Hill. Since they have common latent consumption preferences
for romantic movies, based on the homophily theory, they are
probably like to build social connections in the near future.
Nevertheless, the above direct approach can hardly capture
the homophily effect between them as they did not consume a
common item. Thus, we argue that the interplay between
users’ behaviors may be latent, i.e., each user’s consumption
preference and her social link structure could be depicted by a
small number of latent dimensions. In this section, we propose a latent approach to model the evolution of users’ behaviors. We define the latent modeling approach as follows:

Definition 3 (Latent Modeling). Given the user consumption
matrix sequence C and the social sequence S, the latent modeling approach aims to learn a function to map users’ consumption and social behavior into a low-dimensional latent space
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RD ; D  M; N. Each user u’s consumption behavior and social
behavior at each time t can be represented as a latent consumption vector U t 2 RD and a latent social vector P t 2 RD in the
latent space. The goal of latent modeling is to design a model to
learn the latent consumption vectors and the latent social vectors of users, and the solve the problem in Definition 1 based on
the latent representation.

5.1 The Proposed Latent Model
Here,we introduce how to model the evolution of each kind
of a user’s behaviors with the latent representation.
Evolutional Latent Consumption Behavior Modeling. With
the latent representation, for each user a and each item i,
the predicted consumption preference between them at
time t could be expressed as
pðCjU; V Þ ¼

T Y
N Y
M
Y
t¼1 a¼1 i¼1

t

t
N ½ðCai
j < Uat ; Vi > ; s 2C ÞYai ;

(9)

where N ðm; s 2 Þ is a normal distribution with mean m and variance s 2 . Yait is an indicator variable that equals 1 if user a consumes item i at time t, otherwise it equals 0. Uat 2 RD1 is the
latent consumption vector of a at time t in user latent matrix
U t and Vi 2 RD1 is the item latent vector in item latent matrix
V 2 RMD . To model users’ preference changes, we assume
users’ latent matrix vary among time in the above equation.
Thus we can summarize users’ latent preferences into a latent
consumption preference matrix sequence U ¼ ½U 1 ; . . . ;
U t ; . . . ; U T . Given the limited observed preference data, a typical approach to avoid overfitting is to add priors to the latent
variables. As traditional matrix factorization models [34], we
add zero-mean Gaussian priors on the item latent matrix
pðV js 2V Þ

¼

M
Y
i¼1

N ðVi j0; s 2V IÞ:

(10)

Now our goal turns to model the evolution of users’ latent
consumption matrix sequence U. As illustrated before, for
each user, both her previous latent consumption preference
and the social influence effect influence a user’s future latent
interest. Since we use the latent representation of users’ consumption interests, we explicitly model the two effects of
each user’s latent interests at time window t ¼ 2; 3; . . . T as

1
is a logistic function that bounds the
where eðxÞ ¼ 1þexpðxÞ
influence score in range ð0; 1Þ.
At the initial time t ¼ 1, the social network has not been
set up yet, thus each user’s latent consumption preferences
are only determined by her own consumption preferences
without any social influence. We assume a zero-mean
Gaussian distribution of users’ latent vectors at that time.
Then we summarize the prior over user latent consumption
matrix sequece as

pðUjs 2U ; s 2U1 Þ ¼

U
Y
a¼1

N ðUa1 j0; s 2U1 IÞ

T
Y
t¼2

N ðUat jUat ; s 2U IÞ:

where

Uat ¼ ð1  aa ÞUaðt1Þ þ aa

s:t:

8a 2 U;

X

t1
sab
ðt1Þ
U
t1 b
F
ðt1Þ a

(11)

ðt1Þ
t
S^ab
¼ ð1  ba Þ < Pat1 ; Pbt1 > þba < Uaðt1Þ ; Ub
>;

s:t:

8a 2 U;

0  ba  1;

1
¼ < Pa1 ; Pb1 > :
S^ab

(15)

Given the predicted link score in Eq. (14), the likelihood
of the predicted link value could be modeled as
pðSjU; P; s S Þ ¼

T Y
N Y
N
Y
t¼2 a¼1 b¼1

t

t ^t
N ½ðSab
jSab ; s 2S ÞZab ;

(16)

t
where Zab
denotes whether a builds a link to b at time t.
For each user a, a reasonable assumption is that her latent
structure vector Pat varies smoothly over time

(17)

At the initial time slice, no previous users’ consumption
is available and we assume

b2Na

1
; (12)
1 þ expð < Pat1 ; Pbt1 > Þ

(14)

t
is the predicted link score between a and b at time
where S^ab
t. In this equation, the link based similarity is computed as
the closeness of their latent structure vectors: Pat and Pbt .
Similarly, the homophily effect between them is measured
by the closeness of their latent consumption vectors.
At time slice t ¼ 1, no historical user latent consumption
preference is available. We assume the social structure proximity is the only effect that determines the social relationships

pðPa1 Þ ¼ N ðPa1 j0; s U1 Þ:

0  aa  1;

where st1
ab denotes the influence of user b to a at time t  1.
P
Fat1 ¼ b2N ðt1Þ st1
ab is a normalization constant over all of
a
a’s friends at time t  1. This normalization ensures that
t1
P
sab
t1
depicts
ðt1Þ t1 ¼ 1. The social influence score sab
Fa
b2Na
how similar these two users are in the social space. Since we
also characterize each user with a latent structure factor
Pat1 , it is nature to enforce users that have similar latent
structure factor with a get larger influence strength scores.
Therefore, we define the influence strength score as

(13)

Evolutional Latent User Social Behavior Modeling. Each user
a’s link behavior at time t (t ¼ 2; 3; . . . T ) is also mainly influenced by two factors: the node proximity in the social graph
and the homophily effect between users. For each user a, as
we have her latent social link vector Pat and the latent consumption vector Uat , we model the link score at time
t ¼ 2; 3; . . . :; T as

pðPat Þ ¼ N ðPat jPat1 ; s U Þ:

pðUat Þ ¼ N ðUat jUat ; s 2U IÞ

t1
Sab
¼ eð < Pat1 ; Pbt1 > Þ ¼

1245

(18)

By combining Eqs. (17) and (18), the latent social matrix
sequence P has a prior
pðP js 2U ; s 2U1 Þ ¼

N
Y
a¼1

N ðPa1 j0; s 2U1 IÞ

T
Y
t¼2

N ðPat jPat1 ; s 2U IÞ: (19)

5.2 Model Learning
Given the users’ behavior sequences C and S, our goal is to
learn the parameter set F ¼ ½U; P; V; a; b, where a ¼ ½aa N
a¼1 ,
b ¼ ½ba N
a¼1 . Specifically, we have the posterior distribution
over the parameters F as
pðU; P; V; a; bjC; SÞ / pðCjU; P; V; aÞpðSjU; P; bÞpðUÞpðP ÞpðV Þ:

(20)
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rPat ¼ I ½t ¼ 1S
þ S

N
X

"
N
X

t ^t
Zab
ðSab



t
Sab
ÞPbt
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þ

N
X
c¼1

b¼1
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#
t ^t
Zca
ðSca



t
Sca
ÞPct

tþ1 ^tþ1
tþ1
Zab
ðSab  Sab
Þð1  ba ÞPbt

b¼1

þ S

N
X
c¼1

þ U aa

þ U

We summarize the graphical representation of the proposed latent model in Fig. 2, where the shaded and
unshaded variables indicate the observed and latent variables respectively. Given this graphical model, maximizing
the log posterior of the Eq. (20) is equivalent to minimizing
the following objective
min EðFÞ ¼

2

F

t¼1 a¼1

i¼1

2

t
t
Yait ½C^ai
 Cai
 þ S

N
X

)

t ^t
t
Zab
½Sab  Sab


2

8a 2 U; 0  aa  1; 0  ba  1;
s2

S

U

s2

(21)

s2

where S ¼ sC2 , U ¼ sC2 , U1 ¼ s2C and V ¼ sC2 .
V

U1

The coupling between U, P , V and the balance parameters makes the above loss function not-convex. In practice, a
local minimum could be achieved by performing gradient
descent on each parameter iteratively. Specifically, for each
user a and each item i, the derivative of each parameter is
rVi ¼

raa

T X
N
X
t¼1 a¼1

t
t
Yait ðC^ai
 Cai
ÞUat þ V Vi

8
9
>
>
T
< X st1
=
X
ðt1Þ
ðt1Þ
ab
¼ U
ðUat  Uat Þ
U

U
a
t1 b
>
>
: ðt1Þ Fa
;
t¼2
b2Na

rba ¼ S

T X
M
X
t¼2 b¼1

t ^t
Zab
ðSab



M
X
i¼1

ðtþ1Þ

þ I½t < T S ba

N
X
b¼1

þ I½t < T S

N
X
c¼1

ðtþ1Þ

ðS^ab

ðt1Þ

>  < Uaðt1Þ ; Ub

ðtþ1Þ

>
;

ðUatþ1  Uatþ1 Þ

ðFct Þ2

a

ðUctþ1  Uctþ1 Þ

þ I ½1  t < T  1U ð2Pat  Patþ1  Pat1 Þ:

(24)
where I½x is an indicator function thatt equals 1 if x is true
@s
and 0 otherwise. The derivative of the Pabt is
a

@stab
¼ stab  ð1  stab ÞPbt :
@Pat

(25)

5.3 Prediction
After learning the related parameters F ¼ ½U; V; a; b, the
two goals in the problem definition process can be
answered: (1) the relative contribution of the social influence and the homophiy effect for the evolution process of
each user’s future consumption and link behaviors can be
directly obtained from parameters a and b. (2) The predicted behaviors of each user at T þ 1 are
ð1  aa Þ  UaT þ aa

X

sTab1 UbT :

b2NaT
ðT þ1Þ
C^ai
¼ UaðT þ1Þ Vi

(22)

ð1  aa Þ  UaT þ aa

X sT
ab T
U Vj ; (26)
FaT b
T

b2Na

 Uaðtþ1Þ Þ þ U
Zab

a

ðT þ1Þ
S^ab ¼ ð1  ba Þ < PaT ; PbT > þba UaT UbT :

^t  Rt ÞVj þ I ½t ¼ 1U1 U 1 þ I ½t
Yait ðR
ai
ai
a

þ U ð1  aa ÞðUa

ðFat Þ2

þ U1 fU1 Pt1 þ a ðPt1  Pt2 Þg þ I ½t ¼ T  1a ðPaT 1  PaT 2 Þ

UaðT þ1Þ

> Þ:

The gradient of user latent consumption vector Uat and
user latent structure vector Pat are
rUat ¼

a2Nct

t
Sab
Þ

ðt1Þ

ð < Paðt1Þ ; Pb

a

For the updating step, as there are no constraints on U, P
and V , we can update them directly using Stochastic Gradient Descent (SGD) method [5]. With the bound constraints
of aa and ba , a local minimum can be found by the Projected
Gradient Descent method.

N
M
X
1
1 X
þ U1
ðjjUa1 jj2F þ jjPa1 jj2F Þ þ V
jjVi jj2F
2
2
a¼1
i¼1

s2

>
b2Nat :

X ac fðFct  stca Þ @Pact Ua0t g

b¼1

T X
N
1 X
ðjjUat  Uat jj2F þ jjPat  Pat1 jj2F Þ
þ U
2
t¼2 a¼1

s:t:

8
9
P
@st
@st
<Fat abt  Ub0t  stab ð l2N t alt Þ  Ub0t >
=
X>
@P
a @P
@st

Fig. 2. The graphical representation of the proposed latent model.

(
T X
N
M
X
1X

tþ1 ^tþ1
tþ1
Zca
ðSca  Sca
Þð1  bc ÞPct

X

ac

a2Nct
ðtþ1Þ

 Sab

2U ðUat  Uat Þ

stca ðtþ1Þ
ðUc
 Ucðtþ1Þ Þ
Fct

ÞUbt

5.4 Time Complexity
We summarize the latent approach model in Algorithm 2.
The time complexity of the latent approach mainly lies in
computing the user latent consumption sequence U, the
user social link sequence P , the item latent matrix V and the
balance parameters. Specifically, in each iteration, the time
complexity is OðN T D ðtTc þ tTs þts  DÞ ¼ OðD  ðc þ
T  D  sÞÞ, for both U and P , OðDcÞ for V , and Oðc þ sÞ
for the balance parameters. Thus the total complexity is
OðDðcþT D sÞÞ, which is linear with the records and
the time windows.

6

ðtþ1Þ ^ðtþ1Þ
ðtþ1Þ
Zca
ðSca  Sca
Þðbc Uct Þ;

(23)

EXPERIMENTS

In this section, we conduct experiments on two real-world
datasets. Specifically, we demonstrate: (1) the effectiveness
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of our proposed models (Sections 6.2 and 6.3); (2) the efficiency comparison (Section 6.4); (3) understanding on the
balance parameters (Section 6.5); (4) the setting of several
parameters in our proposed models (Section 6.6).

Algorithm 2. The Latent Approach for Behavior Prediction
Input: The consumption sequence C and social link sequence S
Output: The predicted consumption and link preference at
time T þ 1
Initialize U, V , P , a and b
while the loss function of Eq. (21) does not converge do
for user a ¼ 1; a  N; a þ þ do
for time t ¼ 1; t  T ; tþ ¼ do
Fix P; V; a; b, update Uat using SGD ;
Fix U; V; a; b, update Pat using SGD;
end for
Fix U; P; V , update aa and ba using PGD;
end for
for product i ¼ 1; i  M; i þ þ do
Fix U; P; a; b, update Vi using SGD;
end for
end while
for all ða; i; T þ 1Þ records in consumption test dataset do
predict consumption preference based on Eq. (26);
end for
for all ða; b; T þ 1Þ records in link test dataset do
predict potential social link score based on Eq. (26);
end for

6.1 Data Description and Experimental Setup
The datasets we used are: the who-trust-whom online product sharing dataset Epinions [36] and the location based social
networking dataset Gowalla [39]. In both datasets, we treated
each month as a time window. We filtered out users that have
less than 2 consumption records and 2 social links. After that,
each user’s preference rating is normalized into 0 to 1. Table 1
shows the basic statistics of the two datasets after pruning.
Specifically, in data splitting process, we use the data till time
T for model training, i.e., T=11 (T=3) in Epinion (Gowalla).
Among them, we randomly extract 10 percent of the records
as validation data for parameter tuning. The newly added
behaviors in T+1 are treated as the test data.
In the following, we report the results of our proposed
two models. Particularly, we call the direct approach
introduced in Section 4 as Evolving Direct Consumption
Prediction (EDCP) and Evolving Direct Link Prediction
(EDLP) for users’ two kinds of behaviors respectively, and
the model proposed in Section 5 with latent representation of
users’ behaviors as Evolutional Latent Joint Prediction
(ELJP) that jointly models users’ two kinds of behaviors. To
further validate the effectiveness of jointly modeling users’
two kinds of behaviors with ELJP, we have also devised two
simplified models of ELJP: Evolving Latent Consumption
Prediction (ELCP) and Evolving Latent Link Prediction
(ELLP). Specifically, ELCP leverages the dynamic social network for consumption prediction (i.e.,S ¼ 0 in Eq. (21)) and
ELLP utilizes users’ temporal consumption preferences for
link prediction (i.e., we do not optimize the first term in
Eq. (21)). There are several parameters for these models. The
latent dimension is set as D ¼ 10 in ELJP. We set the regularization parameters as S ¼ 0:3; U1 ¼ V ¼ 0:1. The user regularization parameter U is set to be 5 in Epinions and 1 in
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TABLE 1
The Statistics of the Two Datasets
Dataset

Epinions

Gowalla

Users
Items
Time Windows

4,630
26,991
12

21,755
71,139
4

Training Consumptions
Training Links
Test Consumptions
Test Links

62,872
75,099
2,811
3,257

278,154
251,296
52,448
6,254

Consumption Density
Link Density

0.050%
0.35%

0.018%
0.053%

Gowalla. Also, we call the model proposed in our previous
work [42] as Evolving Joint Prediction for consistency. Users
could refer to our previous work for more details of EJP [42].

6.2 User Consumption Preference Prediction
We compare consumption prediction results with:


PMF: PMF tried to project users and items into the
same low latent space by mining the sparse consumption matrix [34].
 TMF: This model extended static collaborative filtering models by capturing the evolving nature of
users’ preferences over time [44].
 SocialMF: This model belongs to social-based recommender system. Specifically, the authors incorporated the social influence effect for users’ preference
modeling [15].
 ContextMF: ContextMF utilized the social contextual
information and summarized the knowledge as the
individual preference and interpersonal influence
for recommendation [20].
 SAN: This method augmented the social network
structure and node attributes into a social-attribute
network to perform both link prediction and attribute inference. Particularly, we treat the items that
each user consumes as the attributes of this user [13].
 FIP: This method jointly modeled users’ preference
and social link prediction in a unified framework [45]. Specifically, FIP defined a shared static
latent factor that showed both a user’s consumption
preference and the link behavior [45].
For better illustration, we summarize the details of these
models in Table 2. We adopt the widely used Root Mean
Squared Error (RMSE) as the evaluation metric for rating
prediction precision comparison [34], [44]. There are several
parameters in these baselines, for fair comparison, we carefully tuned these parameters in the validation set to ensure
the best performance. In our proposed direct consumption
prediction model EDCP, we need to determine the f function that adopts traditional collaborative filtering technique
to predict users’ future consumption behavior. As both the
baseline of PMF and TMF are valid for the f function, we
choose the best result among these two baselines.
Fig. 3 shows the experimental results of various models on
the test data with the varying parameter of the latent dimension size D on both datasets. There are several observations.
First, TMF, SocialMF and ContextMF perform better than
PMF, indicating the effectiveness of incorporating the
time and social network information for user preference
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TABLE 2
Characteristics of the Baselines, with C and S Denote
the Consumption and Social Link, Respectively
Data Source

Model
PMF [34]
TMF [44]
SocialMF [15]
ContextMF [20]
AA [2]
CMF [9]
hTrust [40]
SAN [13]
FIP [45]
EJP [42]
EDCP
EDLP
ELCP
ELLP
ELJP

C
p
p
p
p

S

Time



p
p


p



p

p
p
p

p
p

p
p

p
p
p
p
p
p

p
p
p
p
p
p




p



p
p
p
p
p
p

Prediction?
C
p
p
p
p




p
p
p

p

p

S




p
p
p
p
p
p

p

p
p

Evolution
Explanation?









p
p
p
p
p
p

prediction. However, SAN does not perform well on this task.
We guess a possible reason is that the consumption data is
extremely sparse for both datasets, thus directly transforming
the items users consume into the attributes would not produce good results. Second, among our proposed models,
ELCP generates better result than EDCP, showing it is more
effective to use latent representations to model user behavior.
Also, ELJP always performs the best. This shows it is effective
to jointly model users’ two kinds of behaviors from an evolutional perspective. Furthermore, as EJP only modeled user
latent consumption vector without any latent social representation, the results between EJP and ELJP demonstrates that it
is more effective to jointly model user latent consumption vector and latent social vector. Last but not least, as the latent
dimension increases, the performance improvement for all
latent-based models is significant from D ¼ 5 to 10, and this
improvement changes slowly after the latent dimension further increases. Given this observation, we set D ¼ 10 in the following experiments.

6.3 Social Link Prediction
We report link prediction results with:
 AA: The Adamic/Adar metric is a c neighborhoodbased unsupervised measure for link prediction [2].
 CMF: This temporal link prediction model collapsed
multiple time series data into a single matrix, and
then considered using matrix factorization based
methods for predicting future links [9].
 hTrust: This proposed link prediction model
exploited the homophily effect in link prediction via
homophily regularization [40].
 SAN: This method augmented the social network
into a social-attribute network to integrate network
structure and node attributes to perform both link
prediction and attribute inference [13].
 FIP: This method jointly modeled users’ preference
and social link prediction in a unified framework [45]
In link prediction task, our goal is to rank the potential
linked users. As the user size is huge, it is impractical to
take all users as candidate friends. Thus we adopt a similar
approach that has been accepted by many works [22], [45]:
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for each test user a, we randomly sample 100 negatively
linked users that are not connected to her till the test time
window. Then we mix those positively linked users and the
sampled negatively linked users together to select the top
potential linked users of each test user. This process is
repeated 10 times and we report the average results of all
metrics. Particularly, we adopt three widely used top-n
ranking metrics: precision, recall, and F1 measure, where n
denotes the size of the link prediction list [40], [45]. We set
n ¼ 5 as it is useless to recommend too many friends, also,
most online social networks adopt a similar number of
potential friends for recommendation. In our direct link prediction model EDLP, we need to determine function h that
predicts users’ future link behavior based on the social network. Here, we choose the best outputs from AA and CMF
since these two baselines only utilize the social link structure for link prediction.
Figs. 4 and 5 show the comparison metrics of these link
prediction models on the two datasets. The latent dimensions are set to be D ¼ ½5; 10; 15; 20. Based on the results of
the two datasets, AA performs better than CMF on Epinions
data while CMF has better performance on Gowalla data.
We guess a possible reason is that the Epinions data is much
denser than the Gowalla data (i.e., 0.35 percent compared to
0.053 percent as shown in Table 1), thus the AA baseline can
find more reliable potential social neighbors based on the
denser social link structure. The hTrust baseline performs
better than all purely link-based models and our proposed
direct model EDLP has comparable results to hTrust, showing it is effective to leverage the homophily effect for link prediction. The comparison between our proposed models have
similar trends as the results of consumption prediction. Particularly, the performance improvement of ELJP is significant over all other models. On average, the F 1 measure
improvement of ELJP over the best baseline is about 30 percent on Epinions and 20 percent on Gowalla. Note that
besides n ¼ 5, we have also measured the link prediction
performance with other values of n (from n ¼ 1 to n ¼ 20)
and we found the overall trend is the same. Therefore, we do
not report the detailed results at other settings of n. These
results empirically validate it is reasonable and effective to
jointly model users’ consumption and link behaviors with
latent representations from an evolving perspective.
Given the prediction results of the user consumption
behavior and social link behavior, we conclude that the
social network information and the user consumption
behavior are mutually helpful, thus jointly modeling them
from an evolving perspective would benefit both tasks.
Among our proposed models, the ELJP always have the
best performance. Compare ELJP with our proposed direct
models, we conclude that it is more effective to model the
evolution of users’ behaviors with latent representations
than direct representations. As the EJP model only represent
the user with latent consumption vector while ELJP represents each user with a latent consumption vector and a
latent social vector, the results empirically demonstrates
that ELJP has better predictive power.

6.4 Computational Performance
Also, we compare the computational performance of all
models. For fair comparison, we run all algorithms on the
same platform. Since most algorithms need to iteratively
calculate the parameters in each iteration, we list both the
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Fig. 3. The overall comparison results of consumption prediction. The smaller the RMSE value, the better the prediction result.

Fig. 4. The overall link comparison results on Epinions dataset. For all ranking metrics, the larger the value, the better the performance.

Fig. 5. The overall link comparison results on Gowalla dataset. For all ranking metrics, the larger the value, the better the performance.

TABLE 3
The Runtime of All Models (Min.) (For Each Dataset, the First Horizontal Line Shows the Runtime
of Each Iteration and the Second Line Displays the Total Runtime)
Consumption Models

Link Models

Joint Models

Dataset

Time

PMF

TMF

SocailMF

ContextMF

SAN

EDCP

AA

CMF

hTrust

SAN

EDLP

FIP

EJP

ELJP

Epinions

Each
Total

0.12
14

0.26
27

0.16
17

0.15
19

/
12

0.01
32

/
45

0.26
22

0.19
27

/
49

0.01
61

0.19
20

0.79
84

1.3
140

Gowalla

Each
Total

0.68
72

1.1
114

0.8
84

0.9
97

/
43

0.08
119

/
1750

0.84
84

0.98
100

/
1930

0.08
146

1.5
150

1.35
142

5.02
510

runtime of each iteration and the total runtime in Table 3.
We set the iterations of all latent based models to be 100 as
most algorithms’ results converge after this number of iterations. As can be seen from this table, for consumption prediction models, in each iteration, the EDCP costs the least
time as it only needs to calculate the balance parameters
(Algorithm 1). PMF ranks the second as it is a base latent
model for user consumption prediction. Compared to PMF,
TMF and SocialMF need more runtime by adding the time
and social network information. ELJP costs the most runtime in each iteration compared to the remaining models.
With regard to the total runtime, the main time cost of our
proposed EDCP model lies in calculating the direct social

influence function g with limited consumption data. As the
consumption data is usually very sparse, the total runtime
of EDCP is still much less than ELJP. The similar runtime
comparison can be also found in link prediction results,
with CMF has the least time cost. On average, ELJP has as
much as T times computational cost as the baselines such as
SocialMF and hTrust. The reason is that ELJP needs to compute each user’s latent consumption vector and latent social
vector at each time slice, thus the time complexity is proportional to the time slices T as analyzed in Section 5.4. Given
both the effectiveness and efficiency of the proposed models, we argue that our proposed direct model (EDCP and
EDLP) has less time cost and comparable performance
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Fig. 6. The overall consumption performance over different social
influence.

while the proposed latent based models (EJP and ELJP)
have much better performance than all baselines at a cost of
runtime. But as discussed before, the complexity of ELJP is
still linear with the number of consumption and social link
records. Thus for real-world applications, we could train
ELJP offline, and store the consumption and link predictions based on the output of ELJP in the server. Then in the
online stage, users could get real-time predictions by
retrieving the predictions from the server, which is timeefficient and can be applied to real-world SNSs.

6.5 Analyzing the Balance Parameters
Our proposed models can capture each user’s unique preference for balancing the social influence and the homophily
effect for her future decisions, i.e., aa and ba of each user a.
We next study the relationship between the balance parameters and the prediction results. Particularly, as our proposed latent model ELJP has better performance than the
proposed direct models, we analyze the balance parameters
learned from ELJP. Specifically, we bin users into three
equally sized groups according to the social influence effect
value aa , i.e., each user is grouped into the low, middle or
high social-influence group. Then we compare the user consumption prediction results of each group in Fig. 6. On both
datasets, nearly all models show the best performance on
users that belong to middle social-influence group. And the
low social-influence group usually has the worst performance among these three groups. To further investigate the
reasons why this phenomenon happens, we depict the average number of consumption records on each group of users
in the right part of the figure. On both datasets, the low
social-influence group has the average largest number of
consumption records, followed by the middle social influence group. The high social influence group has the least
number of consumption records. On average, each user that
belongs to the high social influence group only has 3.95 and
7.11 consumption records on Epinions and Gowalla respectively. These findings help us to explain a possible reason
for the experimental discovery. If a user has very few consumption records, she is probably inexperienced and likely
to be influenced by her social friends, leading them belong
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Fig. 7. The overall link performance over different homophily effect.

to the high social-influence group in our proposed latent
model ELJP. Furthermore, the consumption prediction performance of this high social-influence group is low as ELJP
does not have enough data to learn a user’s consumption
preference. On the contrary, as users have consumed more
items, they are experienced in making consumption decisions with less influence from their social friends. The effectiveness on preference prediction also increases from high
social-influence group to middle social-influence group as
ELJP enjoys more consumption records to learn users’ preferences. Nevertheless, the performance decreases from the
middle social-influence group users to the low group. A
possible reason is that users with more consumption
records usually have consumed some infrequent items, thus
are harder to predict. In fact, this decreasing trend of users
that have too many consumption records has also been discovered by Wang et al. [41].
We also use similar techniques to group users into low,
middle and high homophily groups according to the homophily effect value ba , i.e., users in the low homophily groups
have the smallest homophily values learned from ELJP.
Fig. 7 shows the link prediction results of all models and the
average link records under different groups. We choose F 1
for the link prediction performance measure as it balances
the measures of precision and recall. From Fig. 7, the correlation between the homophily values and the number of
links has a similar trend as the social influence groups, with
users of larger homophily effect values usually have less
training records. The overall link prediction results for
nearly all models increase as the homophily values
decrease, as users in the low homophily group usually have
more training records in model learning process.

6.6 Parameter Setting
Parameters in the Direct Model. In the proposed direct models
of EDCP and EDLP, there are two parameters: the traditional collaborative filtering function f and social link prediction function h. In Tables 4 and 5, we show the
performance of EDCP and EDLP with different base functions of f and h. As can be seen both tables, the direct prediction results perform better than the base functions. This
suggests the advantage of the proposed direct models
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TABLE 4
The RMSE Measure on EDCP over Different
Collaborative Filtering Models
Base model

fc2c

EDCP

Epinions

PMF
TMF

0.2824
0.2810

0.2779
0.2765

1.59%
1.60%

Gowalla

PMF
TMF

0.3270
0.3225

0.3240
0.3185

0.93%
1.24%

Dataset

Improvement

Fig. 8. The impact of S .

TABLE 5
The F 1 Measure on EDLP over Different Link Prediction Models
Base model

h

EDCP

Epinions

AA
CMF

0.1673
0.1444

0.1845
0.1592

10.28%
10.24%

Gowalla

AA
CMF

0.2006
0.217

0.2169
0.2362

7.51%
8.84%

Dataset

Improvement

compared with traditional consumption prediction and link
prediction models. Also, the final prediction performance
heavily relied on the choice of the base functions. The better
performance of the base functions, the better final prediction results of the direct models. This finding is quit
intuitive as both functions are integral parts of the final prediction results (as shown in Eqs. (1) and (4)). Nevertheless,
due to the different characteristics of the two datasets, the
best traditional baseline varies for different datasets. E.g., as
shown in Table 5, the best traditional link baseline is CMF
for Epinions and AA for Gowalla dataset. In summary, in
order to get the best performance of our proposed direct
models, we need to choose the best traditional model that
suits the current data.
Parameters in the Latent Model. There are four parameters
in our proposed latent model ELJP: U1 , V , S and U .
These parameters are important but not difficult to tune.
Among them, U1 and V are the regularization parameters
of users’ latent factors at time 1 and the item latent factor.
Since these two parameters have a similar form as the traditional PMF model [34], we tune them on PMF and set them
under the setting of the best performance on PMF. Thus we
do not report the detailed setting of these two parameters.
In the following, we report the setting of the remaining two
parameters. Particularly, we choose the RMSE measure and
F1 measure to evaluate the performance of these two tasks.
The setting of S is shown in Fig. 8. For each S , we initialize ELJP with random values, and stop model learning when
either prediction task performance begins to decrease. In this
figure, as S increases from 0.1 to larger values, the overall
trend is that the consumption performance decreases while
the link performance increases as we put more weight on the
social network information. Please note that both behavior
prediction performance increases as we set S from 0 to a 0.1.
We explained it before as there are mutual relationship
between users’ behaviors, thus jointly modeling them would
have better results. Given the results, setting S in a reasonable range would balance these two prediction tasks, e.g., S
in ½0:3; 0:5 in Epinions and ½0:10:3 in Gowalla.
U regularizes users’ latent preference change over time,
Fig. 9 gives the performance with varying parameters of U .
We observe that the values of U impacts both behavior prediction results. As U increases, the performance of both

Fig. 9. The impact of U .

Fig. 10. The impact of temporal snapshots T.

prediction results increase at first, but when U surpasses 5
in Epinions and 1 in Gowalla, the performance of the prediction results of both tasks decrease. Given this observation, we set U ¼ 5 in Epinions and U ¼ 1 in Gowalla data.
Parameter of temporal snapshots T: An important characteristic of our proposed problem is that it captures the temporal evolution of SNSs to model users’ behaviors. To show
the benefits modeling the temporal dynamics, we change
the temporal snapshots size T and compare the results. Specifically, we use the last snapshot as the testing data and treat
the previous T snapshots for training. We choose ELJP as a
representative of our proposed models since it achieves the
best performance. Fig. 10 gives the performance with varying parameters of T on the ELJP model. Note that since we
only have 4 snapshots of Gowalla data, the maximum T
equals 3 on this dataset. As can be seen from this figure, on
both datasets, as T decreases, the consumption prediction
performance and the social link prediction performance
decrease. This observation results empirically shows the
benefits of modeling temporal evolution of SNSs. As we add
more temporal snapshots of SNSs, we could better capture
the evolution of SNSs and make better prediction results.

7

CONCLUSION

We provided a focused study on understanding and modeling users’ temporal behaviors in SNS platforms. Particularly, we proposed two representations to depict the
evolution of users’ temporal behaviors in SNS platforms: a
direct representation that presumes users’ behaviors are
represented directly by their historical behaviors and a
latent representation that assumes users’ behaviors are
encoded latently from the observable behaviors. For each
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representation, we associated users’ two kinds of behaviors
with two time-variant vectors. Furthermore, for each representation, we provided the corresponding models to incorporate the underlying social theories for users’ evolving
behaviors, where the social influence and homophily effect
for users’ behaviors are clearly quantified. Thus our proposed models have both the predictive power and the
explanation ability from an individual perspective. Experimental results validated that the users’ preferences and the
social network information are mutually helpful, thus
jointly modeling them would benefit both user consumption prediction and the social link prediction task. In the
future, on one hand, we would like to follow this direction
and explore how to build a more effective SNS platform
based on our findings. On the other hand, as users’ behavior
data comes from time to time, how to incrementally update
our proposed models to apply it in the real world SNSs is
another interesting research direction.
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