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ABSTRACT
The current trend in social media analysis and application is
to use the pre-defined features and devoted to the later mod-
el development modules to meet the end tasks. In this work,
we claim that representation is critical to the end tasks and
contributes much to the model development module. We
provide evidence that specially learned feature well address-
es the diverse, heterogeneous and collective characteristics
of social media data. Therefore, we propose to transfer the
focus from the model development to latent feature learning,
and present a general feature learning framework based on
the popular deep architecture. In particular, following the
proposed framework, we design a novel relational generative
deep learning model to test the idea on link analysis tasks
in the social media networks. We show that the derived la-
tent features well embed both the media content and their
observed links, leading to improvement in social media tasks
of user recommendation and social image annotation.

Categories and Subject Descriptors
H.3.m [Information Storage and Retrieval]: Miscella-
neous

General Terms
Algorithms, Experimentation, Performance

Keywords
Feature learning, Deep learning, Social media, Link analysis

1. INTRODUCTION

1.1 Challenges in Social Media Network
Recently, with the explosive growth of user generated da-

ta on the web, social media has become one of the most
popular web applications, and play an important role in re-
lated multimedia applications, including image and video

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full cita-
tion on the first page. Copyrights for components of this work owned by others than
ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or re-
publish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
MM’13, October 21–25, 2013, Barcelona, Spain.
Copyright 2013 ACM 978-1-4503-2404-5/13/10 ...$15.00.
http://dx.doi.org/10.1145/2502081.2502284.

Medias

Low-level
feature

Application
modelingLink analysis Cross-modal

retrieval
Target

advertisement

Collective effect
ImageImage Text Video

SIFT, HOG,...SIFT, HOG,... TF, IDF,... ...

Latent features

Figure 1: Framework of latent feature learning-
based social media analysis.

annotation [1], multimedia retrieval [2, 3], user recommen-
dations [4], target advertisement [5], etc. Social media is
defined as the means of interactions among people in which
they create, share, and exchange information and ideas in
virtual communities and networks [6]. It is an umbrella term
to describe various social interactions, among which social
media network, e.g., Flickr, Youtube, Twitter, is the main
focus in the multimedia community.

Social media network exhibits unique characteristics when
compared with traditional media forms, which poses practi-
cal challenges to social media analysis and applications. 1)
From the perspective of generation, social media data are
noisy and diverse. The user-generated mechanism gives rise
to their low quality and large quantity. Users with vari-
ous background use social media to record their daily life,
resulting in subjective social media data and featuring a
wide array of attributes like resources, appearance and de-
gree of diffusion. The diversity characteristic makes the ba-
sic social media analysis tasks, such as social image classi-
fication difficult. Images describing the same concept may
show much different appearances, leading to notorious intra-
variance problem to traditional classification algorithms. 2)
From the perspective of distribution, social media data are
heterogeneous. It is very common that multiple forms of
data, e.g., text, image and video, exist simultaneously on
the same social media platforms. Data with different struc-
tures and distributions prevent from integrated social media
understanding. Take user modeling as example, to under-
stand user preferences from his/her online activities, viable
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solutions need to model heterogeneous user data, e.g., regis-
tration profile, browsing history, shared images and videos,
added comments and annotations, in a principled way. 3)
From the perspective of interaction, social media data are
interconnected. We refer to it as the “collective” effect that
social media data do not exist independently but interact
with each other. The collective effect is either explicit or
implicit, e.g., the interaction of observed user-user relation
to their online behaviors is explicit, while the interaction of
collaborative annotation to derive the final tag metadata is
implicit. The collective effect among social media data vio-
lates the independently and identically distributed assump-
tion in most statistical machine learning algorithms. Both
content and collective information need to be considered for
solutions.

1.2 Current Research Efforts
To address the above challenges, many research effort-

s have been conducted, which can be generally categorized
into three lines. 1) Social media data preprocessing. The
basic idea of this kind of approach is to address the first
challenge, by removing noise from user-generated content
to obtain clean and refined data, before application-specific
algorithms are designed for solutions [7]. Typical research
topics include video duplicate detection [8], image tag re-
finement [9] and social media organization [10]. 2) Social
media semantic understanding. The basic idea is to ad-
dress the second challenge, by extracting semantics for each
type of data via multimedia content analysis, and gaining
overall understanding of heterogeneous data in the derived
semantic space. Typical research topics include cross-modal
retrieval [11], topic and event identification [12], and social
media knowledge mining [13]. 3) Social media network anal-
ysis. The basic idea is to address the third challenge, by
embedding the interconnected social media data into ten-
sors [14] or social graphs [5], where social network analysis
methodology and metric is exploited for solution. Typical
research topics include community detection [15], contextual
social media analysis [16], etc.

Most of the current research efforts are devoted to the
high-level model development, while representation learn-
ing, one of the fundamental problems in machine learning,
is largely ignored. Much recent work in machine learning
has focused on learning good feature representations which
are targeted for end tasks [17]. Feature learning has been
shown effective especially in dealing with high-dimensional
data for complicated tasks [18]. It is demonstrated that the
performance of machine learning algorithms heavily depends
on the choice of data representation on which they are ap-
plied [19]. The importance of feature learning is far from
being emphasized in current social media community, and
we believe that it is a promising research line to take ad-
vantage of feature learning to address the challenges from
unique characteristics in social media networks.

1.3 Brave New Idea
In this paper, we present a brave new idea on the laten-

t feature learning to solve the higher-level tasks in social
media networks. The basic premise is that, if we can con-
sider the collective effect and learn a unified feature repre-
sentation for various social media data, later tasks of social
media analysis or application could be solved with off-the-
shelf machine learning algorithms, and the performances are

expected to be improved. The idea is illustrated in Fig. 1.
The latent features which is kind of latent representation for
medias in social media network are learned by 1) compos-
ing and decomposing structure-specified low-level features;
and 2) integrating the collective effect from interconnect-
ed social media data. Higher-level social media tasks, e.g.,
link analysis, cross-media retrieval, are performed based on
the derived latent feature space. Positioned in the middle-
level, the latent feature representation involves with feature
fusion from low-level features and captures the dependen-
cy between interconnected data. Moreover, since the latent
feature is data-driven and learned automatically rather than
pre-defined, the robustness is guaranteed.

Recall the challenges in social media networks, feature
learning for social media data is quite different from that for
traditional data, and it is not a trivial task. Deep learning
framework, which models the learning task using deep archi-
tectures composed of multi-layer nonlinear modules, rises up
to the challenges and provides a proper tool for automatic
feature learning. The ability of deep learning in high-level
abstraction and distributed representation has been validat-
ed in many classical machine learning problems, such as
computer vision [20], natural language processing [21], in-
formation retrieval [22]. Recently, its advantage has also
received attentions in social media related problems, like
multi-modal fusion [23], multi-view learning [24], tag-aware
image classification [25], etc. The reason that we utilize
the deep learning framework for feature learning solutions is
two-fold: 1) The mechanism of bottom-up greedy unsuper-
vised pre-training and find-tuning well fits to the social me-
dia data characteristics of diverse and heterogeneous. The
final feature representation is learned via a feature hierarchy,
where higher-level features are formed by composition and
decomposition of the lower-level features. Follow this layer-
wise learning structure, the derived features are expected
to capture the dependency and interaction in the raw fea-
tures and explain more abstract and robust semantics. 2)
Deep learning could be explained from multiple related ma-
chine learning perspectives, such as neural network, prob-
abilistic graphical model, etc. This theoretical flexibility
makes it possible to solve the feature learning of social me-
dia data and final social media applications under a unified
framework. We emphasize that, to address the collective
effect we summarized in the challenges, it may be neces-
sary to combine deep learning models with the conventional
machine learning models like matrix factorization and non-
parametric Bayesian statistics.

To verify the idea, we design a Relational Generative Deep
Belief Nets(RGDBN) model to solve the link analysis prob-
lem for social media network analysis. In the RGDBN mod-
el, we assume that the observed links between data are gen-
erated from the interactions of latent features. By integrat-
ing a flexible non-parametric Bayesian model named Indian
buffet process into the modified Deep Belief Nets [26], we
learn the optimal latent features that best embed both the
media content and their explicit collective effects. The mod-
el is capable of analyzing the links between heterogeneous
as well as homogeneous data, with effectiveness validated
from social media applications in social image annotation
and user recommendation.

The rest of the paper is organized as follows. In Section
2, more theoretical and experimental proofs will be provid-
ed to elaborate the advantages of latent feature learning in
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Figure 2: Example images from Flickr to demon-
strate the diversity characteristic of social media da-
ta.

addressing the social media challenges. In Section 3, we de-
scribe our proposed RGDBN model to test the idea of latent
feature learning in solving social media link analysis prob-
lems. Related work in link analysis and feature learning is
discussed in Section 4. We conclude the paper with an out-
look on future work and challenges to be tackled in Section
5.

2. IDEA JUSTIFICATION
To further justify the idea of latent feature learning for so-

cial media network analysis and application, and motivate
the possible solutions, in this section, in correspondence to
the summarized challenges, we present three standpoints to
elaborate the advantages of deep learning-based latent fea-
ture learning.

Standpoint 1: Learned latent feature is discrimi-
native to represent homogeneous social media data.

As discussed in the introduction, user-generated social
media data are noisy and diverse. The homogeneous data
expressing the same concept may vary much from each oth-
er, making discriminative representation very challenging.
Fig. 2 shows some example images from Flickr by issuing
the keywords “flower” and “running”, respectively. With the
images in Fig. 2(a) expressing the same concept, their ap-
pearances are very different, and for Fig. 2(b) is the same.
Representations based on the pre-defined low-level features,
e.g., Scale-invariant Feature Transform (SIFT), color mo-
ment, Local Binary Pattern (LBP), are likely to fail in dis-
criminating such images. In this case, a common solution
is to directly map the low-level features onto an invariant s-
pace to find more discriminative representations. Linear Dis-
criminant Analysis (LDA) and Principal Component Anal-
ysis(PCA) are such the widely used dimension reduction
methods. LDA explicitly attempts to model the difference
between the classes of data, and PCA is capable of identify-
ing the directions with the greatest variances, along which
the low-level raw data points are projected to obtain the
new representation.

However, as reported in [27], the representation derived
from linear PCA achieves much worse discriminative ability
than that from a deep learning-based model in represent-
ing images of the same concept. Likewise, [28] indicates
that deep learning methods significantly outperforms LDA

Waterlilies, 

pinkflowers, macro, 

flowers, waterlily, 

masterphotos, 

flowerwatcher 

Figure 3: A visual image of flower associated with
several related textual tags. The joint representa-
tion for multi-modal visual and textual data could
be learned by Deep Restricted Boltzmann Ma-
chine(DRBM).

on discriminative tasks. These evidences well demonstrate
the advantage of deep learning-based latent feature learning
in discriminating homogeneous social media data.

Standpoint 2: Deep learning is capable of learning
joint representation for heterogeneous social media
data.

We have discussed in the second challenge that, social
media data are very heterogeneous. Social media data ex-
pressing the same concept are not only diverse in homoge-
neous form, but in heterogeneous forms. For example, user-
generated content usually involves with data from different
modalities. Fig. 3 shows a visual image of flower associated
with several related textual tags. Since social media data of
different modalities carry much different statistical distribu-
tions, the latent feature structure is quite complicated. This
makes it very challenging for the traditional methods to ob-
tain a joint representation, especially for the unlabeled data.
Fortunately, a recent deep learning model called Deep Re-
stricted Boltzmann Machine(DRBM [23]) succeeds in learn-
ing the joint representation of heterogeneous social media
data. It first uses separate modality-friendly latent model-
s to learn low-level representations for each modality, and
then fuse into joint representation along the deep architec-
ture in the higher-level. The DRBM model has reported
state-of-the-art performance in image classification tasks by
obtaining 12% improvement compared with traditional shal-
low methods. Recently, it is also successfully applied to so-
cial media applications of cross-media retrieval, even when
some data modalities are absent [25]. From this discussion,
we have investigated and proved the ability of deep learn-
ing in obtaining joint representations for the heterogeneous
social media data.

Standpoint 3: It is reasonable and feasible to in-
tegrate the collective effect into the learned latent
feature.

Recall that social media data are interconnected, where
the collective effect captures the dependency among the me-
dias and plays an important role in data generation and
relationship understanding. This presents the rationality of
integrating the collective effect into the latent feature. In or-
der to model the collective effect in the deep learning frame-
work, a feasible solution is to combine with the Bayesian
methods. With the collective effect modeled as prior for
the latent feature, the observed data can be viewed as gen-
erated from the latent feature through a deep architecture
as shown in Fig. 4. The collective effect defines the prior
distribution P (z) of latent feature z, and the deep gener-
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Figure 4: Integrating the collective effect prior into
unified latent feature.

ative process determines the condition distribution P (x|z).
In this way, we are able to combine the collective effect and
media content in a unified framework. Actually, the strat-
egy to define the collective effect prior is task-specific. For
example, for the tasks of topic detection or community dis-
covery with dynamic media content of changing scale, it is
better to combine with the non-parametric Bayesian meth-
ods, e.g., using Dirichlet Process [29] as the collective effect
prior.

In order to verify the advantage of integrating collective
effect prior into latent feature learning within the proposed
latent feature learning framework, we design a relational
generative deep learning model to test the advantage of fea-
ture learning in solving social media link analysis problems
which aim to predict potential links between items based on
existing relationship and media information in social media
network. Details will be discussed in section 3.

3. LATENT FEATURE LEARNING FOR LINK
ANALYSIS

In this section, we address the important link analysis
problems in social media network so as to illustrate the la-
tent feature learning methods for social media analysis. Due
to the heterogeneity characteristic and collective effect dis-
cussed in the introduction section, link analysis is a challeng-
ing problem. Within the latent feature learning framework,
we propose a novel Relational Generative Deep Belief Net-
s(RGDBN) model to handle this problem. In the RGDBN
model, the link between items is generated from the inter-
actions of their latent features. By integrating the Indian
buffet process into the modified Deep Belief Nets, we learn
the latent feature that best embeds both the media content
and observed media relationships. The model is able to ana-
lyze the links between heterogeneous as well as homogeneous
data.

3.1 Relational Generative Deep Belief Nets
Assume we observe the two kinds of set of items “A” and

“B” with the raw feature matrices X, Y, where each row
{xi}Mi=1 and {yj}Nj=1 denote the raw feature vector of the ith
and jth item respectively, and their link relationship matrix
between them R ∈ R

M×N , where, rij = 1 if we observe a
link between the item i and j, and rij = 0 if we observe
that there is no link. Unobserved links are unfilled, where

'kk
u

ijr

zi z j

(L)h(L)h

(2)h

(1)h

(0)x(h )
(0)y(h )

(1)h

(2)h

u

1,...,i M
1,...,j N

Figure 5: The Framework of Relational Generative
Deep Belief Nets.

M and N denote the number of items in category “A” and
“B” respectively. Our goal is to learn a model to predict
unfilled values based on the raw features of items and their
observed links. Note that“A”and“B”may be heterogeneous
or homogeneous in our model.

In our RGDBN model which is shown in Fig. 5, we assume
that each of the two kinds of items is represented by a set
of latent features. Let ZA and ZB be the binary matrices
to represent the latent features of the two kinds of items,
where each row correspondents to an item and each column
correspondents to a feature such that zik = 1 if the ith item
has the feature k and zik = 0 otherwise. Let zAi and zBj
denote the feature vectors corresponding to the ith item in
“A” item and jth item in the “B” item. For simplicity, we
use zi and zj to represent them.

In the proposed generative model, The prior distribution
over the latent features P (ZA) and P (ZB) specify the num-
ber of features and their probabilistic distributions, while the
distributions over observed low-level features conditioned on
those latent features P (X|ZA), P (Y|ZB) and relationships
P (R|ZA,ZB) determine how these latent features generate
the observed raw features and their relationships.

On one hand, the latent features will generate the relation
links in the proposed generative model, and the probability
of having a link from item i to j is entirely determined by
the combined effect of all pairwise latent feature interaction-
s. Let U be a real-valued weight matrix where ukk

′ is the
weight that affects the probability of there being a link from
item i to item j if item i has feature k and item j has fea-

ture k
′
. We assume that links are independent conditioned

on P (ZA) , P (ZB) and U, and only the features of item i
and j influence the probability of a link between those items.
This defines the likelihood:

P
(
R|ZA,ZB,U

)
=
∏
i,j

P
(
rij |ZA,ZB,U

)
(1)

where the product ranges over all pairs of items. Given the
feature matrix ZA , ZB and weight matrixU, the probability
that there is a link from item i to item j is:

Pr
(
rij = 1|ZA,ZB,U

)
= σ

(
ziUzTj

)
(2)
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where σ(.) denotes the logistic function, and we give a prior
on U with N (0, σ2

u) for each uij independently.
On the other hand, motivated by that there should be

strong relationship for items with similar content features
and the content information plays an important role in link
analysis between items, the latent features also generate the
observed raw low-level content features xi and yj . We use
a modified Deep Belief Nets [26] to model a deep generative
process with multiple non-linear transactions to learn the
high-level representation. Different from the DBN where
the top two layers constitute a Restricted Boltzmann Ma-
chine(RBM) [30], our deep generative multi-layer networks

composed of multiple layers {h(0),h(1), ...,h(L)} as illustrat-
ed in Fig. 5 where the data are generated in a top-down
way directly. This generative process for xi is represented
as follows (the generative process for yj is in a similar way):

P
(
xi|h(1), . . . ,h(L), zi

)

= P (zi)

(
L−1∏
1=1

P
(
h(l)|h(l+1)

))
P (xi|h(1))P (h(L)|zi)

(3)

The units in each layer are independent given the values
of the units in the layer above and the parametrization of
these conditional distributions is:

Pr
(
h(l)
s = 1|h(l+1)

)
= σ

(
b(l)s +

∑
t

W
(l+1)
s,t h

(l+1)
t

)
(4)

where h
(l)
s is the binary activation of hidden unit s in layer l,

h(l) is the vector
(
h
(l)
1 , h

(l)
2 , . . .

)
, and b

(l)
s and W

(l+1)
s,t denote

the bias and weight between unit s in layer l and unit t in

layer l+1 respectively. The transaction way from zi to h
(L)
i

is the same as equation 4.
In our cases, as the input feature xi (also for yj) is real-

value rather than binary, the Gaussian RBM [31] is used to
model the generative process in the lowest layer :

P
(
xs|h(1)

)
= N

(
bs + σs

∑
t

W
(1)
s,t h

(1)
t , σ2

s

)
(5)

where σ2
s denotes the variance of the unit s. We would like

the model to give high probability to generate the training
data.

As the deep architecture re-uses and extracts the features
in a layer-wise way in the learning process, after the learning
process is completed, the “invariant” and “abstract” repre-
sentation of features in lower layers is learned and lies in the
top layer of architecture which preserves the latent feature
representation for the media contents.

In our model, the latent features are the key factor that
determine the link relationship. However, on one hand, the
existence of collective effect leads to that the social media
data do not exist independently but influence with each oth-
er, which means that what latent features an item has are
not only influenced by the content of the item itself, but also
the features the other items possess. For example, an item
should possess some “popular” features that most of items
have with high probabilities though these features are not
reflected from its content information. Therefore, the collec-
tive effect should be considered into the latent features for
each item. On the other hand, from the model expressivity

angle, if the number of the latent features is fixed in ad-
vance, the model is less flexible. Based on the above ideas,
we want to seek a prior for the latent feature to allow us
to simultaneously infer the number of features at the same
time we learn which items have each feature. The Indian
buffet process (IBP) is such a prior, and it offers hopes to
integrate the collective effect into the unified latent features
for our model.

IBP [32] is a stochastic process defining a probability dis-
tribution on binary matrices with a finite number of rows
and an unbounded number of columns. A feature matrix
drawn from it for a finite number of items will only have a
finite number of non-zero features. The generative process
to sample matrices from the IBP can be described through
a culinary metaphor. Each row of Z corresponds to a diner
at an Indian buffet and each column corresponds to a dish
at the infinitely long buffet. If a customer takes a particular
dish, then the entry that corresponds to the customer’s row
and the dish’s column is 1 and the entry is 0 otherwise. The
culinary metaphor describes how people choose the dishes.
In the IBP, the first customer chooses a Poisson(α) number
of dishes to sample, where α is a parameter of the IBP. The
ith customer tries each previously sampled dish with proba-
bility proportional to the number of people that have already
tried the dish and then samples a Poisson(α/i) number of
new dishes.

We use the IBP prior on ZA and ZB respectively by re-
garding the items corresponding to the customers, and la-
tent features corresponding to the dishes. If some features
are possessed by a number of items, then the current item
also has the features with probability proportional to the
number of items. We describe this prior as:

ZA
∼ IBP(α) (6)

ZB
∼ IBP(β) (7)

where α and β control the growth rate of the new features.
Combining the IBP prior and deep generative learning

process under the Bayesian framework, the collective effect
and media content information are integrated into the u-
nified latent features ZA and ZB which are just what we
emphasize in this paper for social media network analysis.

3.1.1 Inference and Learning
Exact inference for our model is intractable. For simplic-

ity’s sake, we firstly learn the high-level representation(in

layer h(L)) from the content feature for each item, and then
do the posterior inference on ZA, ZB and U using the ap-
proximate Markov Chain Monte Carlo [33] algorithm.

The learning of the high-level representation from content
feature is mainly to learn the parameters(including weights
between adjacent layers and biases). Similar to the DBN,
the whole unsupervised learning processes include layer-wise
pre-training and a following fine-tuning stage.

The greedy layer-wise pre-training is the phase of con-
structing the deep architecture based on Restricted Boltz-
mann Machine, which is an undirected graphical model with
a hidden layer h ∈ {0, 1}F and another visible layer v ∈
{0, 1}D, where D and F are the number of units in the vis-
ible layer and hidden layer respectively. The conditional
distribution of hidden unit t with value 1 given the states of
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visible units is:

Q (ht = 1|v) = σ

(
bt +

∑
s

vsWs,t

)
(8)

where σ (x) denotes the logistic function. vs and ht are the
binary states of the visible unit s and the hidden unit t,
and as and bt are their biases. Wst denotes the symmetric
weight.

Similarly, the probability on visible units given the hidden
units:

P (vs = 1|h) = σ

(
as +

∑
t

htWs,t

)
(9)

There is no closed solution for the parameters of RBM, but
they can be obtained by alternating Gibbs sampling. For
simplicity, a contrastive divergence [26] is carried out, which
is an approximate version of Gibbs sampling:

�Ws,t = ε(< vsht >data − < vsht >recon) (10)

where ε is the learning rate. < . >data and < . >recon are
the expectation with respect to the data distribution and
the expectation with respect to the reconstruction distribu-
tion after running k steps of Gibbs sampling. The biases
parameters could be updated in a similar way.

For the Gaussian RBM in the lowest layer, the probability
on visible units given the hidden units is given by equation 5,
and the corresponding conditional distribution on hidden
layer given the visible layer is:

Q
(
h
(1)
t = 1|x

)
= σ(μt +

∑
s

W
(1)
s,t

xs

σs
) (11)

where μt denotes the mean of unit t, and the update of the
parameters is as follows:

�W
(1)
s,t = ε(

1

σs
< vsht >data − 1

σs
< vsht >recon) (12)

Multiple layers deep network is built in a bottom-up fash-
ion. Each pair of two adjacent layers can be regarded as a
RBM by taking the lower layer as visible layer v and the
upper layer as hidden layer h.

After having greedily pre-trained the deep multiple layer-
s, we use the wake-sleep algorithm to adjust the parameters
of all the layers globally in the fine-tuning stage. In this
training process, the “recognition” weights that are used for
inference are untied from the “generative” weights that de-
fine the model. In the “wake” phase, units are driven by
bottom-up recognition connections, and top-down genera-
tive connections are adapted to increase the probability that
they would reconstruct the correct activity vector in the lay-
er below. In the“sleep”phase, units are driven by generative
connections and recognition connections are adapted to in-
crease the probability that they would produce the correct
activity vector in the layer above.

For the posterior inference on ZA, ZB and U, we illustrate
the process by taking the ZA for example, and the process
for ZB is also in a similar way. Given U, and the parameters
Θ (weights and biases) between layer ZA and h(L), we sam-
ple the ZA by starting with an arbitrary binary matrix, and
then iterate through the rows of the matrix. For non-zero
columns k and row i,

Pr
(
zik = 1|Z−ik, zj ,h

(L)
i ,h

(L)
j , R

)
∝ Pr (zik = 1|Z−ik, )P

(
rij ,h

(L)
i |zik = 1,Z−ik, zj ,U,Θ

)
∝ Pr (zik = 1|Z−ik, )P (rij |zik = 1,Z−ik, zj ,U)P

(
h
(L)
i |zi,Θ

)
∝ mk · P (rij |zik = 1,Z−ik, zj ,U)P

(
h
(L)
i |zi,Θ

)
(13)

where mk denotes the number of non-zero columns entries
in column k excluding row i, and Z−ik is the set of assign-
ments of other items, not including i, for feature k. Note
that equation 13 indicates the three parts we try to model:
Pr (zik = 1|Z−ik, ) captures the collective effect, while the
term P (rij |zik = 1,Z−ik, zj ,U) makes the latent more like-

ly to generate the relationship, and the part P
(
h
(L)
i |zi

)
to

generate the raw content feature along the deep architecture.
Similarly the number of new features associated with item
i should be drawn from a Poisson(α/M) distribution. Giv-
en the ZA and ZB to sample U, we simply use the method
in [34] to use a Metropolis-Hastings step for each weight in
which we propose a new weight from a normal distribution
centered around the older one.Given Z, we update values of
Θ in the same way as in contrastive divergence algorithm.

3.1.2 Prediction
Based on the results of posterior inference, it is easy to

predict the missing data values given the observed link. we
collect T samples {ZA,(t),ZB,(t),U(t)}Tt=1, and estimate the
predictive distribution of a unfilled link values as the aver-
age of the predictive distributions for each of the collected
samples. Assuming that we want to predict the missing link
rij between items i and j, the approximate predictive dis-
tribution will be as follows:

Pr (rij = 1|Rtrain,xi,yj)

≈ 1

T

∑
t

Pr
(
rij = 1|z(t)i , z

(t)
j ,U(t)

)
(14)

In conclusion, the proposed Relational Generative Deep
Belief Nets model is summarized in Algorithm 1.

3.2 Experiments
In order to evaluate the effectiveness of the novel RGDB-

N model, we conduct a series of experiments on both self-
developed dataset from Flickr for homogeneous user-user re-
lationship and public MIRFlickr-25000 dataset [35] for het-
erogeneous image-tag relationship.

For both experiments of link prediction, we trade it posi-
tive sample if we observe rij = 1 in the dataset, and negative
sample if rij = 0. The prediction results are ranked in in-
creasing sequences according to the prediction probabilities.
AUC, the area under the ROC (Receiver Operating Char-
acteristic) curve, serves as the performance metric, which is
calculated by the following equation:

AUC =
S0 − n0 (n0 + 1) /2

n0n1

where n0 and n1 are the number of positive and negative
samples respectively, and S0 =

∑
Pos(q), where Pos(q) is

the rank position of qth positive example in the ranked list.
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Algorithm 1: RELATIONAL GENERATIVE DEEP
BELIEF NETS
Input: Initial relation matrix R; low level features

matrix of “A” items X; low level features
matrix of “B” items Y; Number of deep
network layers L; Random initial bias
parameters for units in layer h(0),h(1), . . . ,h(L);
Random initial weight parameters
W (0),W (1),W (2), . . . ,W (L−1); Random initial
latent feature matrix ZA; Random initial latent
feature matrix ZB.

Output: Unfilled link values rij of R
91 for each layer from h(1) to h(L) do
92 Greedy layer-wise pre-training by learning a RBM

at a time;

93 wake-sleep algorithm for fine-tuning the parameters of
deep nets;

94 for a number of iterations do
95 for each row i in ZA do
96 sample zik;

97 for each row j in ZB do
98 sample zjk;

99 sample U;
910 sample Θ;

911 for each test entriy rij do
912 for collection number T do

913 collect z
(t)
i and z

(t)
j ;

914 collect U(t);

915 Return test unfilled link values

rij =
1

T

∑
t Pr

(
rij = 1|z(t)i , z

(t)
j ,U(t)

)
;

It means that AUC is a way to measure the quality of rank-
ing, as the more positive examples are ranked higher (with
higher probability of being a positive example), the higher
the term S0, which is a better measure than accuracy.

3.2.1 link analysis between homogeneous items
We first conduct the experiment about link prediction

applied in user recommendation between the homogeneous
items. In our experiment, we crawl 3, 500 users’ data from
Flickr, and the data information include user’s name, con-
tact list, tag list in his profile, uploaded and “like” photos
and related tags for each photo. In our experiment, we use
the tags in user’s profile and that associated his/her upload-
ed and “like” photos as raw representation to describe the
user and only the 1, 000 most frequent tags are considered.
The TF-IDF is as the low level feature for each user. In the
contact list of user i, if user j is in it, we set rij = 1, if
there is user j in it and also there are not common tag for
them, we set rij = 0. The remaining entries of matrix R are
left as unfilled. The contact number distribution for users
is shown in Fig. 6, from which we can see most of the users
have contact number less than 100. Note that, the matrix
R is not symmetrical, and it indicates that user i is in the
contact list of user j, which does not means that user j is
in the contact list of user i. We hold out 20% of the data
during training and report the AUC results for the hold-out
data.
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Figure 6: Histogram of contact number for users.
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Figure 7: AUC results for link prediction between
user-user relationship.

In the proposed RGDBNmodel, we set the hyper-parameter
both α and β as 1. There are 4 layers in the deep architec-
ture, and the number of units for layer h(0), h(1), h(2), h(3)

is 1000, 800, 500, 300 respectively.
We then compare our model against Logistic regression

which regards the link problem as supervised binary classifi-
cation problem and classic collaborative method matrix fac-
torization(MF). In Logistic regression(LR), each data point
corresponding to a pair of users. Similar with the related
work [36], the features include the number of common tags,
sum of tags, Jaccard’s cofficient, shortest distance, and Katz,
etc. For RGDBN, we conduct the experiments with different
σu values 0.3, 0.5, 0.7, 1 for the prior on U, and the AUC
results are illustrated in Fig. 7.

We observe that the proposed RGDBNmodel outperforms
the matrix factorization and classification-based method us-
ing the topographical features and proximity features. From
the view of features used in these models, we think that the
features in classification-based method are raw features ex-
tracted from the graph topology and attribute, and those in
matrix factorization could be considered as a shallow learned
feature based on the low-rank approximation, while the la-
tent features learned in RGDBN model are deep learned and
more representative.

3.2.2 link analysis between heterogeneous items
We also conduct the experiment for link analysis applied

in social image annotation between heterogeneous items for
image-tag relationship on public collection dataset [35]. The
data set consist of 25, 000 annotated images which are col-
lected from Flickr along with their tags. The average num-
ber of tags per image is 8.94. It includes 24 labeled categories
and each image may belong to multiple categories. Fig. 8
shows some sample images from the dataset.

In our experiment, we consider analyzing the image-tag
relationship. For image i, if it is associated with groundtruth
label or tag j, we set rij = 1, otherwise rij = 0. Only the 800
most frequent tags are considered. For the hold-out data,
we select 20% of training data associated with the labels.

In the our proposed RGDBN model, we set the hyper-
parameter α = 1 and β = 0.5 respectively. There are 4
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Derby, bunny, rabbit, 

houserabbit, soft, 

sleepy, brown, rex, 

minirex 

Tagebild, germany, 

deutschland, 
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sticker, green, 

yellow, blue, red, 

wooden, table 

Nikon, d40x, sigma, 
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ohio, scioto, river, 
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bridge, hdr 

Butterfly, flower 

Googlezeitgeist, 
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larrypage, 
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1936,  
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Bookmark, 

notebook, book, 

bike, gocco, 

weddingfavor  

Sanfrancisco, 
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women, beautiful, 

smoker, smoking, 

cigarette, cab 

Figure 8: Sample images from MIRFLICKR-25000
dataset.

layers for the image deep architecture, and the number of of
units is 1024, 500, 200, 50 respectively, while for the tag deep
architecture, we only use 3 layers with the number of of units
800, 200, 50 respectively. The reasons are two-fold. First, we
think that the tag and the low-level visual feature are not in
the same semantic level. Tag is closer to the learned latent
feature level with respect to visual feature. Second, in the
experimental dataset, the number of tag training samples
is less than that of images. Reducing the number of layers
leads to less number of parameters to train. We use HOG as
raw feature for images, while for the tags, we consider the co-
occurrence patterns among the tags and take the normalized
co-occurrence counts of tags as features.

For comparison experiments, other than classic matrix
factorization(MF) method, we regard the image-tag link pre-
diction as an image classification problem where we take
each image as a data point. If image i is classified into tag
j, we regard there is a link between image i and tag j. The
Logistic regression(LR) model is used. We also conduct the
experiments with different σu values 0.3, 0.5, 0.7, 1 for the
prior on U, and the AUC results are shown in Fig. 9.

We see that though our RGDBN outperforms the matrix
factorization and image classification based method, the w-
hole performance is worse than that in the experiment with
homogeneous items. In our opinions, other than the reason
of heterogeneity, the link sparsity is also an important factor.
The fact that the average number of tags per image is less
than 10 indicates that most of the entries in R is zero. Since
we expect the model to produce high probability in gener-
ating the observed relationship, the derived low probability
in equation 2 results in a small number of latent features
to be learned in the posterior sample process. Under such
circumstance, the advantage of the latent feature is limited.

4. RELATED WORK
In this section, we give a brief review of the related work

about link analysis in social media network and latent fea-
ture learning methods.

4.1 Link analysis in social media network
The existing link analysis techniques in social media net-

work can be roughly divided into graphical topology-based,
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Figure 9: AUC results for link prediction between
image-tag relationship.

low-rank approximation-based, and Bayesian relational meth-
ods.

In the graphical topology-based methods, the proximity
features including common keywords [36] and topological
features [37, 38, 4]. such as shortest distance, common
neighbors, Katz are usually extracted to represent linked
pairwise items. Then these features could be used in con-
ventional models. For example, [36] utilizes these feature
for supervised pairwise classification.

Low-rank approximation-based methods represent the ob-
served links into graph adjacency matrices, and utilize ma-
trix factorization techniques to reconstruct the original ma-
trices by low-rank approximation [39]. This kinds of meth-
ods can be regarded as the special case of latent feature
learning , i.e., with only one layer..

Bayesian relational models assume that there are some la-
tent factors to generate the observed links. The basic idea is
to set prior on these factors, with typical works of include In-
finite Relational Model [40], Mixed Membership Stochastic
Blockmodel [41], Nonparametric Latent Feature Model [34],
etc. These models are of some flexibility for modeling the
observed links. However, in these models, the latent factors
are not in the unified semantic level, which can not handle
the complex links in social media network, especially for the
heterogeneous ones.

4.2 Latent feature learning
Feature learning is a classical problem in machine learn-

ing, with extensive efforts devoted to it. Besides the deep
learning research line, we review several other feature learn-
ing algorithms.

One kind of latent feature learning methods aim to find
a low-rank approximation for raw features, including sparse
coding [42], PCA [43], ICA [44], etc. They map the raw
data to a lower-dimensional representation based on the as-
sumption that the data lies (approximately) in a underlying
low-dimensional linear subspace.

Another kind of feature learning methods is based on the
the single-layer network , e.g., RBM, auto-encoder, and K-
means clustering. [45] shows that large numbers of hidden
nodes and dense feature extraction are critical to achieving
high performance for these methods.

In addition, topic models [46], can also be regarded as a
solution of latent feature learning. They aim to discover the
abstract “topics” that occur in a collection of raw data and
take the“topics”distributions as the semantic representation
of the raw data.

From the perspective of depth of the model architecture,
all the above methods are shallow models. Shallow models
are recognized as encountering the curse of dimensionali-
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ty, and having limited capability in learning the distributed
representation in complex situations [47].

5. CONCLUSION
The novel idea of this work is to tackle the analysis and

applications in social media network with latent features au-
tomatically learned from a specially designed deep architec-
ture. This goes against the current trend which advocates
the use of pre-defined features and focuses on higher-level
model development. Based on the discussions on the charac-
teristics in social media data and challenges in social media
analysis, we justify why it is necessary to bring attention
to this new research line and what benefits of this new re-
search line may bring to the social media community and
the broader social media applications.

We introduced a fully generative framework to integrate
deep learning with non-parametric Bayesian, where the de-
fined “collective” effect is modeled as the priors for latent
feature generation. To test the idea and the proposed frame-
work, we design a novel RGDBN model and apply it in the
link analysis tasks. Our analysis confirmed that the feature
learning process preserves sufficient information to capture
the interactions between heterogeneous as well as homoge-
neous data. We showed that the learned latent feature is
more representative to embed the linked media content, and
more effective to generate the observed links, which outper-
forms non-feature learning methods in user recommendation
and image annotation tasks.

For the future work, firstly, we will focus on refining the
idea and improving the framework by presenting a general
scheme to integrate the collective effect priors into the deep
architecture, and more reasonable and complex forms of la-
tent features will be considered. Scondly, since the reasoning
and inference are critical to a practical probabilistic graphi-
cal model, we are working towards developing more efficient
posterior inference techniques for model learning. Thirdly,
the idea and framework should be evaluated in more so-
cial media tasks and applications, investigating in particu-
lar whether the derived latent feature is helpful to represent
the complexly interconnected social media data. Aslo, more
comparisons will be made with state-of-the-art existing ap-
proaches and other feature learning algorithms.
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