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Abstract—Recent years have witnessed remarkable information
overload in online social networks, and social network based
approaches for recommender systems have been widely studied.
The trust information in social networks among users is an
important factor for improving recommendation performance.
Many successful recommendation tasks are treated as the matrix
factorization problems. However, the prediction performance of
matrix factorization based methods largely depends on the
matrixes initialization of users and items. To address this challenge,
we develop a novel trust-aware approach based on deep learning to
alleviate the initialization dependence. First, we propose two deep
matrix factorization (DMF) techniques, i.e., linear DMF and non-
linear DMF to extract features from the user-item rating matrix for
improving the initialization accuracy. The trust relationship is
integrated into the DMF model according to the preference
similarity and the derivations of users on items. Second, we exploit
deep marginalized Denoising Autoencoder (Deep-MDAE) to
extract the latent representation in the hidden layer from the trust
relationship matrix to approximate the user factor matrix
factorized from the user-item rating matrix. The community
regularization is integrated in the joint optimization function to
take neighbours’ effects into consideration. The results of DMF are
applied to initialize the updating variables of Deep-MDAE in order
to further improve the recommendation performance. Finally, we
validate that the proposed approach outperforms state-of-the-art
baselines for recommendation, especially for the cold-start users.

Index Terms—Autoencoder, deep learning, matrix factoriza-
tion, social networks, trust relationship.
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1. INTRODUCTION

UE to the rapidly growing amount of information and

explosive appearance of new services available in the
web, the overloaded information prevents users from obtain-
ing useful information conveniently [1]-[6]. How to help the
overwhelmed users to select the interested part of online infor-
mation is becoming an unprecedentedly important task. Both
academic and industrial fields pay much attention to this prob-
lem. To satisfy this requirement, recommender systems have
emerged as an effective mechanism to provide suitable recom-
mendation for the costumers about what kinds of the items or
persons that they may be potentially interested [7]. At present,
there are many popular recommender systems such as the
items recommendation in Amazon, the music recommenda-
tion in Last.fm, the movies recommendation in Netflix and the
friends recommendation in Linked [8], [9], etc.

A. Motivation

Although recommender systems have been widely studied
and used both in academic and industrial fields, some impor-
tant problems still exist. First, only a small proportional items
have been rated. The users’ ratings on items may reflect the
interest of users, and the users’ historical rating data can gen-
erally be formalized as the user-item rating matrix, which usu-
ally influences the collaborative filtering-based recommender
systems. The host information systems of recommender sys-
tems can provide a large amount of information, and thus the
dimension of user-item rating matrix is generally very high.
However, the users only visit a relative small number of items,
and the number of ratings that the users assign to the items is
rare. Thus a large number of ratings are lacked in the user-
item rating matrix. As illustrated in [10], the available ratings
for implementing recommendation are very rare. The classical
user-based collaborative filtering approaches exploit the
neighbors’ ratings of the target user to predict his/her rating.
When the user-item rating matrix is egregious sparsity, the tar-
get user’s neighbors can hardly be identified. Thus the recom-
mendation coverage would deteriorate dramatically. The
classical item-based collaborative filtering approaches exploit
the target users’ ratings which already exist in the user-item
rating matrix to achieve the recommendation. Due to the exist-
ing of sparsity, the users’ historical rating data is too rare,
which means that the essence of sparsity is information miss-
ing in the user-item rating matrix. The neighbors’ items of

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/


https://orcid.org/0000-0003-0574-8360
https://orcid.org/0000-0003-0574-8360
https://orcid.org/0000-0003-0574-8360
https://orcid.org/0000-0003-0574-8360
https://orcid.org/0000-0003-0574-8360
https://orcid.org/0000-0002-8324-1859
https://orcid.org/0000-0002-8324-1859
https://orcid.org/0000-0002-8324-1859
https://orcid.org/0000-0002-8324-1859
https://orcid.org/0000-0002-8324-1859
https://orcid.org/0000-0003-2592-6830
https://orcid.org/0000-0003-2592-6830
https://orcid.org/0000-0003-2592-6830
https://orcid.org/0000-0003-2592-6830
https://orcid.org/0000-0003-2592-6830
https://orcid.org/0000-0002-2440-2771
https://orcid.org/0000-0002-2440-2771
https://orcid.org/0000-0002-2440-2771
https://orcid.org/0000-0002-2440-2771
https://orcid.org/0000-0002-2440-2771
https://orcid.org/0000-0001-5742-3766
https://orcid.org/0000-0001-5742-3766
https://orcid.org/0000-0001-5742-3766
https://orcid.org/0000-0001-5742-3766
https://orcid.org/0000-0001-5742-3766
mailto:
mailto:
mailto:
mailto:
mailto:
mailto:
mailto:

512 IEEE TRANSACTIONS ON NETWORK SCIENCE AND ENGINEERING, VOL. 8, NO. 1, JANUARY-MARCH 2021

target items that have already been visited cannot be identi-
fied. The recommendation accuracy would deteriorate dramat-
ically, and the item-based approaches even fail to recommend
the items to target users. The recommendation quality of col-
laborative filtering approaches cannot be guaranteed without
sufficient data of ratings assigned to items by users.

Second, the challenge of cold-start exists in recommender
systems, including the cold-start users and the cold-start items.
When new users appear in the systems, no items has been
assigned by them. There are no ratings for the new users can
be utilized. From this perspective, the content-based collabo-
rative filtering approaches do not work since the user profile
cannot be constructed in recommender systems. For the user-
based collaborative filtering approaches, the similar neighbors
of target user cannot be identified in the recommender sys-
tems. In terms of the item-based collaborative filtering
approaches, the item similarity can be determined by recom-
mender systems. The ratings of items have not been assigned
by new users, and thus the prediction cannot be completed.
When new items appear in the systems, for the content-based
collaborative filtering approaches, the model of new items can
be constructed in recommender systems without ratings
assigned by users. For collaborative filtering approaches, the
similarity calculation and the predictions of ratings cannot be
completed when the data deficiency of items’ ratings exists.
The cold-start problem exists during the whole life cycle of
recommender systems, especially in the initial stage of con-
struction of recommender systems. The new users and items
are difficult for investigation without any prior information.
The defect of cold-start is the excessive dependence of the rat-
ing data. Thus other information about users or items should
be considered to design or improve the recommender systems.

Third, the trust relationship [11], [12] among the users has
not been considered in traditional recommender systems. In
real application, compared with other ordinary users, their
friends’ comments can better affect the users’ decisions about
which items that they are interested. Therefore, the traditional
recommender systems cannot sufficiently provide accurate
and reliable predictions since they only consider the user-item
rating matrix. Thus new approaches and techniques are needed
to address these problems.

In this paper, the trust relationship is integrated to solve the
problem mentioned above. With the help of the trust relation-
ship, the effect of cold-start problem can be relieved as well as
the data sparsity. Although the neighbours of the cold-start
users cannot be known accurately, the user’s preference can
be inferred via the friends-based social networks.

B. Contributions

In this paper, we propose several approaches based on
matrix factorization for recommendation exploiting trust-
aware relationship in social networks. Since the initialization
is very important for matrix factorization-based approaches,
we propose an initialization method based on deep learning,
where Deep Matrix Factorization (DMF) is used for pertaining
the initial feature matrices for our learning model. We propose

a DMF-based model by integrating and exploiting the trust
relationship for overcoming the data sparsity. Finally, a series
of experiments verify the superiority of our proposed methods
by extracting user data from online social networks Epinions
and Flixster. From the experiment results, our proposed meth-
ods have higher recommendation accuracy compared with
other baseline methods. In conclusion, the main contributions
of this paper are listed as follows:

1) The deep learning techniques are integrated with the social
trust relationship to improve the recommendation performance.

2) The Linear Representation DMF (LRDMF) and Non-Lin-
ear Representation DMF (NLRDMF) are adopted to improve
the initialized accuracy of matrix factorization. The user prefer-
ences and the derivations of users on items are taken into consid-
eration as social trust relationship, and they have been integrated
in the DMF for overcoming data sparsity issue.

3) We propose a joint optimization function to enforce the
user factor matrix as close as possible to the latent representa-
tion of the trust relationship in the hidden layers of the deep
Marginalized Denoising Autoencoder (Deep-MDAE). In addi-
tion, we integrate the community regularization in the joint
optimization function to take the neighbours’ effects into con-
sideration. The two factorized matrices obtained from DMF
are utilized for initializing the updating variables of Deep-
MDAE.

4) The data sets are extracted from Epinions and Flixster.
From the recommendation results, our DMF trust based meth-
ods obtain higher recommendation accuracy compared with
other methods, especially in the case of sparse data and cold-
start users.

C. Organization of the Paper

This paper is organized as follows. The related work is dis-
cussed in Sectin 2. The problem formulation is given in
Section 3. The proposed DMF algorithm is analyzed in Sec-
tion 4. The proposed social trust based DMF method is pre-
sented in Section 5. The experiments are shown and analyzed
in Section 6. The conclusions are drawn in Section 7.

D. Notations

In this paper, the operator ()" and ()" stand for the pseudo-
inverse and the transpose of a matrix, respectively. I, stands
for an M x M identity matrix. || - || denotes the Frobenius
norm. ® stands for the Hadamard products. E stands for the
expectation operator, and tr stands for the trace operator.

II. RELATED WORK

Collaborative filtering has been widely used in recommender
systems [13]. However, the sparse data and the cold-start prob-
lem exist in the collaborative filtering-based approaches [8].
Many frameworks have been proposed by researchers for solv-
ing the problems in the collaborative filtering-based approaches.
The interpolation technique has been applied to fill the missing
entries in the user-item rating matrix [14] for overcoming the
problem of sparse data. The memory-based collaborative
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filtering approaches are also known as the neighbour-based col-
laborative filtering approaches. The user-item rating matrix is
utilized to generate recommendation items. First, various simi-
larity metrics are adopted to calculate the similarity among dif-
ferent users or items. Then the neighbours of active users or
target items can be found. The sum of weight of the neighbours
belonging to active users or target items can be regarded as the
prediction ratings. The typical memory-based collaborative fil-
tering approaches are divided into user-based and item-based
collaborative filtering approaches. However, the memory-based
collaborative filtering approaches do not scale well to commer-
cial recommender systems. In addition, the model-based collab-
orative filtering approaches provide a scalable solution for the
scenario with relatively sufficient data.

Model-based collaborative filtering approaches utilize the
machine learning skills to train prediction model. Users’
behaviours are depicted by prediction model, and then model-
based collaborative filtering approaches can predict the items’
ratings assigned by users via the learned prediction model.
However, the entries in user-item rating matrix are not all
used. Typical model-based collaborative filtering approaches
include Bayesian network-based approaches, clustering
model-based approaches, potential semantic model-based
approaches, limited Boltzmann machine-based approaches
and association rules-based approaches.

Matrix factorization is also a widely used method based on
collaborative filtering [17]. In practice, we cannot directly fac-
torize matrices in most of the cases because of its low recom-
mendation accuracy. Deep learning [29] has been applied to
improve the performance of matrix factorization, as well as to
find an appropriate way to represent matrices in low dimension
and relieve the data sparsity and cold-start problems partly. Trust
information has been derived from [8] recently, and then the
trust-aware recommendation becomes a developing area to
enhance the recommendation performance of learning based
methods.

A. Matrix Factorization Based Methods

Matrix factorization-based recommendation approaches [18]
have been widely adopted by researchers. The main reason is
that the matrix factorization technique can effectively deal
with the user-item rating matrix with large scale. The matrix
factorization technique assumes that users’ behaviors are
influenced by only a few implicit factors. Matrix factorization
simultaneously maps the feature vectors of users and items
into low dimension hidden feature space, in which the inner
product between users and items can be directly calculated.

Constrained non-negative matrix factorisation (CNMF) incor-
porates the additional constraints as regularization of the error
function on the prime problem [19]. However, there exists an
apparent problem for CNMF, i.e., it concerns the problem in the
global scope. However, for a local or pairwise situation, there is
a lack of consideration. For solving this problem, a method
named graph regularized nonnegative matrix factorization
(GNMF) has been proposed in [20]. The geometrical informa-
tion is represented by constructing a nearest neighbor graph, and

the graph structure is incorporated into a new factorization
objective function.

Recently, Relative Pairwise Relationships Non-negative
Matrix Factorisation (RPR-NMF) has been proposed in [21].
The penalties imposed on relative pairwise relationship can be
written as triplets. By adjusting the conditions of factors,
RPR-NMF is able to implement on more recommendation
issues conveniently.

Besides, there are various forms of matrix factorisation meth-
ods as well, such as nonnegative matrix factorization (NMF),
SVD++, Bayesian probabilistic matrix factorization (BPMF),
probabilistic matrix factorization (PMF) and maximum-margin
matrix factorization (MMMEF) [22]. Each of implicit eigenvec-
tors of NMF constraint must be positive. The PMF uses probabi-
listic graph models with Gaussian noise to represent implicit
eigenvectors of users and items. BPMF assumes that users’ and
items’ hyperparameters are a priori, and they obey the Gaussian-
Wishart distribution. The Markov chain Monte Carlo method
has been performed for approximate reasoning. SVD++ gener-
ates recommendations based on both the explicit and the implicit
effect of ratings.

B. Deep Learning Based Methods

Matrix factorization is an ideal way to integrate trust-aware
recommendations. In fact, factorizing user-item rating matrix
directly in a reasonable way is almost impossible. Because of
the complex connections among users and items, we need a
more effective approach to capture these connections. Based on
deep learning, some architectural paradigms, including multi-
layer perceptron (MLP), autoencoder, recurrent neural network
(RNN), convolutional neural network (CNN), restricted Boltz-
mann machine (RBM), neural autoregressive distribution esti-
mation (NADE), adversarial networks, attentional models and
deep reinforcement learning (DRL) have been proposed in [23].

Compared with traditional algorithms such as matrix factor-
ization, the merits deep learning based methods consist of
three aspects. 1) It can deal with nonlinear mapping effi-
ciently, which can capture complex interactions among users
and items. 2) It is useful for learning the underlying factors,
that is convenient for us to extract key information from mas-
sive data. 3) It has improvement on sequence modeling.

Among all deep learning based recommendation methods,
MLP is a simple but powerful idea to achieve desirable accu-
racy by approximating objective function. The functions of
Neural network matrix factorization (NNMF) representing the
sum of vectors are selected to learn, and the function is set as
a feed-forward neural network [24]. Neural collaborative fil-
tering (NCF) [25] has became a useful tool in recommendation
systems recently, and it generalizes traditional matrix factori-
zation to NCF. Researchers trained this network by adopting
weighted square loss or binary cross-entropy loss functions.

Autoencoder is also a common technique in deep learning.
Among the various variants of autoencoder, denoising autoen-
coder is the most studied one. Many researchers consider col-
laborative filtering from autoencoder aspect. User or item
factor matrices are set as input [26], and they are desired to
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recover in the output layer. The algorithm proposed in [27] has
extended AutoRec proposed in [26] by denoising and has used
side information to strengthen the robustness and refine the
two difficulties we mentioned before. The autoencoding varia-
tional matrix factorization and graph convolutional matrix fac-
torization autoencoder approaches have been proposed in [28].
A hierarchical Bayesian model has been proposed in [29],
which runs the deep representation learning for the content
information and collaborative filtering for the user-item rating
matrix jointly. The recommendation performance has been
improved significantly when deep learning is embedded in the
recommendation systems [30].

Besides, CNN [31] and RNN [32] also achieve excellent
performance in recommendation systems such as sequential
recommendation. The DMF has been used for clustering by
learning hidden representations in [33]. In addition, some
works such as [34], [35] has tended to use both explicit and
implicit information, or complete/missing data model to create
a joint model for prediction with a new loss function. They
obtain excellent recommendation results based on DMF. How-
ever, the trust relationship is not considered in the approaches
mentioned above.

C. Trust-Aware Methods

Although the matrix factorization methods mentioned
above can effectively deal with the user-item rating matrix
with large scale, it cannot effectively solve the cold-start prob-
lem because of the intrinsic sparsity of the user-item rating
matrix [36]. In recent years, some matrix factorization-based
recommendation algorithms solve the cold-start problem by
integrating additional sources of information. For example,
users’ tag information is integrated in a matrix factorization
framework to improve the recommendation performance [37].
Based on the common interests among friends, users tend to
accept recommendations from their friends. Many researchers
have improved the quality of recommendation performance
by integrating the information of social networks in a matrix
factorization framework. The typical recommendation
approaches based on social networks includes: social trust
ensemble (STE) [38], SocialMF [39], TidalTrust [41] and
MoleTrust [42]. SDAE proposed in [43] gives a joint objective
function enforcing latent representations of social relation-
ships and users to be as close as possible in the hidden layer of
marginalized DAE. A deep learning based matrix factorization
scheme for trust-aware recommendation has been proposed
in [44]. Deep learning has been applied to initialize input, and
a social trust ensemble learning model involving both influ-
ence of friends and communities has been adopted. Due to the
efficiency of autoencoder, DAE is selected as the main method
to solve the two problems stated above with trust informa-
tion [45]. Users are described by not only the rating informa-
tion but also the explicit trust information, and this method is
named as TDAE. They also extract the implicit trust informa-
tion to boost the performance, and the improved algorithm is
called TDAE++. Besides, the trust relationships are also
added to the input and output layer of autoencoder to map the

nonlinear relationships. Now, how to distinguish a neighbor is
trust-worthy? A part of researchers also propose models for
neighbors selection, such as the availability evaluation module
and the trust evaluation module in [46].

D. Similarity Metrics

Various similarity metrics have been applied in different
scenarios, e.g., the user similarity metrics for friends recom-
mendation in online social networks (OSNs) [47], [48], and
the topological similarity metrics for link prediction and com-
munity detection [49]. The local similarity metrics utilize the
local topological information to measure the similarity
between nodes in networks, such as common neighbors (CN),
Adamic-Adar (AA), resource allocation (RA) and preferential
attachment (PA) [50]. The local path (LP) [51] index has been
designed based on the path information. The widely used met-
ric based on the structural similarity in networks is local ran-
dom walk [52]. Random walk can to quantify relevance
between nodes, and it is usually implemented for link predic-
tion and recommendation tasks. In addition, a series of simi-
larity indices including Jaccard similarity, cosine similarity,
and Pearson correlation coefficient are used for measuring the
interest similarity between users in OSNs [53]. Recently, the
technology of network embedding has attracted lots of atten-
tion, such as DeepWalk and Node2vec [54]. They learn the
low-dimensional vector representation of each node in net-
works [55], and then compute the similarity between vectors
via different similarity metrics for the recommendation and
prediction tasks.

In recent years, deep learning techniques can extract latent
features and representations from the user-item rating matrix,
which has been proved as an efficient method to improve the
recommendation accuracy. Trust relationship matrix has been
used for collecting the persons that the user trusts when this
mechanism has been integrated in the recommender systems.
The trust relationship matrix can be used for deducing the user
preferences from his/her trust persons. This mechanism is
extremely effective for the cold-start users, who have little
information to deduce their preferences. Thus how to integrate
the deep learning technique with the trust relationship
becomes an important problem to solve. The matrix factoriza-
tion technique is one of the important techniques for recom-
mending the items to the target users in recommender
systems. DMF has been used for improving item recommen-
dation accuracy for target users to enhance the latent represen-
tations in hidden layers [34]. However, the trust relationship
has not been used to further improve the recommendation per-
formance. The autoencoder has been used for item recommen-
dation [44], [56], which exploits the user-item rating matrix
and the trust relationship matrix, respectively. However, none
of them exploits both the deep structure for learning the model
parameters of user-item rating matrix and the trust relationship
matrix jointly. In this paper, we amalgamate the DMF of the
user-item rating matrix into the autoencoder of the trust rela-
tionship matrix to achieve better recommendation perfor-
mance in recommender systems.
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(b)

Fig. 1. Example of trust-aware recommendation. (a) Item-rating in a social
network. (b) User-item rating matrix.

III. PROBLEM FORMULATION

In recommender systems, we assume that U = {uy,us, ...,
uyy } represents user set and I = {iy, 42, ...,y } represents the
item set. The ratings assigned by users on items are represented
as a user-item rating matrix R € RM*N_ R, . is the rating of
item n assigned by user m. Ratings are often represented as inte-
gers between 1 and 5. We normalize the ratings for mapping the
ratings into the interval of [0, 1]. In a rating network of users and
items, each user m has a set of neighbors N,,, and ¢,,, , represents
the social trust value that the user m assigns on user v in the
range [0, 1]. If the value is zero, it means no trust relationship
exists. Otherwise, it denotes full trust. In terms of the binary trust
networks, the trust values among users are represented as a trust
relationship matrix T' € RM*M, T, in T represents the social
relationship from user m to user v, and 7" is asymmetric.

The rating network consists of nodes and edges. Users and
items are represented as nodes in a network. The edges between
users represent their trust relationships, and the edge weights
between users and items denote the ratings on the items assigned
by the users. An example of social rating network is shown in
Fig. 1(a), and the corresponding user-item rating matrix is shown
in Fig. 1(b). It can be seen from the rating matrix that only part of
the user-item rating matrix can be used for recommendation, and
the other ratings are not known.

Therefore, the trust-aware recommendation task is described
as follows: given a user m and an item n, we aim to predict the
rating on item n from user m by using the user-item rating
matrix R and the trust relationship matrix 7.

Next, we will introduce the basic matrix factorization
approach from a probability perspective. It should be noted
that the basic matrix factorization approach only use the
known part of the user-item rating matrix R to predict the
unknown part of the user-item rating matrix R.

Matrix factorization is an efficient model for predicting miss-
ing values in a given matrix. This problem is also known as

matrix completion [15], which has attracted increasing atten-
tions from researchers in the field of recommender systems [16].
Matrix factorization model represents both users and items by
using a low-dimensional latent feature space. i.e., the user-item
rating matrix is modeled as a product of two user and item matri-
ces with low rank. The scenario that the matrix factorization
technique adopted is that the user-item interactions are influ-
enced by a few key features, and the application of each feature
will influence a user’s interactive experience [17]. The trust-
aware relationship is not used for predicting missing values in
the user-item rating matrix.

The probabilistic linear model with Gaussian observation is
adopted. The conditional distribution over the observed rating
is defined as

M

=~

::]z

p(RIP,Q, 0> N (RynlPEQ,,0M)]™, (1)

Il
—

m=1

=

3

where N (x|, 0?) is the probability density function of the
Gaussian distribution, and it is determined by the mean p and
variance o?. I,,, is the indicator function, and it is equal to 1
if user m has rated item n, otherwise, it is 0. We assume that
user and item feature vectors have zero-mean spherical Gauss-
ian priors, and then the objective of matrix factorization is to
maximize the posterior distribution over the user and item fea-
tures, i.e., training and learning above latent variables by mini-
mizing the following equation as follows

— 5111711(51 Z Z Imn m,n PT Qn)

m=1 n=1

P+ 22 @

2Nl
where Ap and A\ are both regularlzatlon terms for avoiding
the overfitting of our model, and || - ||3, is the Frobenius norm.
We initialize P and @ randomly. Then we can perform the
stochastic gradient descent technique [18] in P and ) to mini-
mize the objective function given by (2). The update formula-
tion is given as follows

aC
(t+1) — pt) _,, 2
Pm Pm Y1 anL) ’
oC 3
(t+1) _ (1) 3)
Q n )/2 8Q<t) )

where y; > 0 and y, > 0 are learning rates. A probabilistic
foundation for regularizing the learned variables is given in [57],
and some recent recommended approaches have adopted this
form for the item recommendation in social networks [38]-[40].

IV. DEEP MATRIX FACTORIZATION
FOR RECOMMENDATION SYSTEMS

As shown in Fig. 1(b), the matrix that we need to factorize
is the user-item rating matrix, whose entries are assigned by
the users (the corresponding column) to the items (the corre-
sponding row). The two factorized matrices are corresponding
to the users and items, which are called latent user and item
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Fig. 2. Difference between traditional and the proposed Semi-NMF model.
(a) Semi-NMF model. (b) Deep Semi-NMF model.

feature matrices, respectively. Learning models by matrix fac-
torization is a mature approach for solving recommendation
problem when only part of the user-item rating matrix can be
used. In general, P € Rf*M and Q € RV are latent user
and item feature matrices, and the column vectors P,, € R
and Q,, € R” represent use-specific and item-specific latent
feature vectors, respectively. Hence, we divide the user-item
rating matrix into two sub-matrices P and () with the con-
straints of K-dimensional features:

R~ PTQ. 4)

The definition of NMF satisfies that factors S = PT (We
define S = P for the simplicity of the derivation in the fol-
lowing paragraph.) and () are non-negative. The approach pro-
posed in [58] has extended the applicability of NMF, which is
called Semi-NMF. It is a NMF variant which both positive
and negative signs can exist in the user-item rating matrix R
and the first factor S. However, only positive signs can exist
in the second factor Q).

A. Linear Representations

In order to solve the recommendation problem, a Semi-
NMF exploiting deep learning framework named as Deep
Semi-NMF is proposed inspired from [57]. Based on the unsu-
pervised learning pattern, the matrix can be factorized into
multiple factors. The differences between traditional Semi-
NMF and the proposed Deep Semi-NMF frameworks are
shown in Fig. 2. As shown in Fig. 2(a), there is a linear trans-
formation between the new representation () and the original
user-item rating matrix R deriving from Semi-NMF. As dem-
onstrated in Fig. 2(b), multiple hidden representations of the
identical hierarchy are learned by Deep Semi-NMF, which
uncovers the final low-dimensional representation of the origi-
nal user-item rating matrix. The cost function can be written as

1
Cacep =5 IR = 5182+ S1.Qu |3

1 1
+ 518182+ Sullp+5 Qe - )

In general, training a deep neural network should cost lots
of time. The factor matrices S; and (); in the proposed Deep

Semi-NMF framework need to be approximated in an acceler-
ated way, and thus we pre-train each layer of this neural net-
work. Then the initial approximation of factor matrices .S; and
@, can be achieved. As reported in [59], the deep autoencoder
networks have been pre-trained to reduce the training time
greatly. For example, the original user-item rating matrix can
be decomposed into R = S,Q,, where S; € RM*¥1 and Q, €
R¥*N In the similar way, the feature matrix can be decom-
posed into Q; = S52Q,, where Sy € RF1>**2 and Q, € RF*V,
This procedure can be done until the (I — 1)th feature matrix
is decomposed into Q; ; = S;Q;, where S; € RFL-1*FL and
Q, € R*2*N Thus we pre-train all the layers. Afterwards, the
weight of each layer, i.e., S; and ();, can be fine-tuned by
exploiting alternating minimization, and then the reconstruc-
tion error of the model can be reduced dramatically.

1) Updating Step for Weight Matrix S: We fix the remain-
ing weights for the /th layer, and S; makes the cost function
(5) achieve the minimum, i.e., the partial derivation on .S; is
set to be zero

acVdeep o

35, 0. 6)

Thus the updates for .S; can be expressed as
_ o'rQ]
I+M(@Q7Q) "

where ® = 5,55 ---5,_1, and Qz is the inference of the Ith
layer’s feature matrix.

2) Updating Step for the Feature Matrix Q: Since the non-
negativity of (); needs to be enforced, the feature matrix @);
can be updated in a similar way as given in [58]. The feature
matrix (J; can be formulated as

(N

l

[(DTR] pos+ [(DT(D] neng n

[@TR]" +[@TD] ™ Q + 2Q1]
We set n to be a small number for preventing (8) to be zero.
0 takes place of matrix A with negative elements, and this

matrix is defined as AP®. 0 takes place of matrix A with posi-
tive elements, and this matrix is defined as A"*®:

Q=Q0 (8)

|A”| + A

ij gneg _ |Aij| = Ay
R T

.. pos
VZ, Js AL] - 2

©))
At first, the Semi-NMF algorithm [58] has been used to approxi-
mate the factors greedily. Then the factors are fine-tuned until
the convergence criterion is reached. In this paper, the maximum
iteration number is fixed at 1000. If the difference between pre-
vious update and the current update is smaller than a threshold
107%, we stop the iteration. Thus we can train a Deep Semi-
NMF model as described above. The pseudo code of the sug-
gested training algorithm is summarized in Algorithm 1.

Thus the linear representation of Deep Semi-NMF (LRDMF)
can be written as

RMU = $,Q,. (10)
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Algorithm 1: Deep Semi-NMF.

Algorithm 2: Semi-NMF with a single layer.

Input: R € R"* the size of different layers
Output: different layers with deletedthe parameter matrices. i.e.,
weight matrices \S; and feature matrices Q;
Initialize different Layers
for Different layersdo
S1, Q; —Semi-NMF (Q,_,layer(7))
end for
repeat
for Different layers
Q; — casesQ, if | = LS;HQIH otherwise cases
¢*m%%+
@' RQ)
S m@eT
pos neg
Q1 — Q1O [t p= alepig g
end for

untilStopping criterion is satisfied.

The Semi-NMF model actually is the special case of Deep
Semi-NMF model with a single layer. The cost function can
be written as

1 1 1
Comt = 5| B = SQIp+3 ISIF+5 Q1 (D

subject to @ > 0. The pseudo code of Semi-NMF model with
a single layer is summarized in Algorithm 2.
B. Non-Linear Representations

According to the neurophysiology, the human visual system
will process it automatically in a hierarchical and non-linear
way when person looking at an image. Specifically, the corre-
sponding neurons in the brain process the complex image fea-
tures sequentially [60]. The authors in [61] exploit an
adaptable non-linear image representation algorithm to reduce
the statistical and the perceptual redundancy of representation
elements for image processing. Inspired from the way of
image processing, we introduce the non-linear representation
into deep Semi-NMF model for recommendation.

In the previous section, the original user-item rating matrix
has been decomposed in a linear way. However, the latent
attributes of the non-linearity are ignored in the model.
Besides, the linear representation cannot account for the non-
linear relationship efficiently. As a consequence, the non-lin-
ear functions should be introduced between the layers in order
to extract feature for each latent attribute.

We utilize a non-linear function g(-) between every implicit
representation (@, ...,Q;_;) for approximating the non-lin-
ear manifolds on which the user-item rating matrix R
lies [33]. In other words, the Deep Semi-NMF model has an
enhanced explainability by using a non-linear squashing func-
tion. Therefore, we can reconstruct the original user-item rat-
ing matrix in an explicit way. This method has been proved
in [62] under the scenario of multilayer feedforward network
structures. If the hidden units are provided sufficiently and
explicitly, any interest function can be approximated by arbi-
trary squashing functions with any desired accuracy. Deep

Input: R € RM*V the number of components i’
Output: weight matrix S € RM*X and feature matrix Q € RF*V
Initialize @
repeat .
@' RO
S rmi@a?
[‘DTR]pns+[q>T®]negQ m
Q = QO [graprr@larmgrig
untilStopping criterion is reached.

Semi-NMF is just an instance of multi-layer feedforward
network.

It is straightforward to introduce non-linearity in Deep
Semi-NMF model, and thus the [th feature matrix (); can be
modified as

Q1 ~ 9(S111Qp41)- (12)
The cost function of the model is rewritten as
|
C" =5 IR = S1g(Sag(-+ 9(S1QDIE- (13)

Remark 1: It should be noted that the model (13) is more
general compared with model (5). The feature vectors of users
and items of model (5) are assumed to have zero-mean spheri-
cal Gaussian priors. However, the model (13) does not have
this constraint.

By using the chain rule, the derivation of lth feature layer
can be described as

0C L oC"
0@, 1 35,Q,
aC*

_or
=5 [ang@) O VlS ’Ql)]

T aC*
= Sl |:8Qll O] VQ(SIQZ)] .

Therefore, the derivation of the first feature layer @) is con-
cordant with the model of one layer

(14)

s 1 0Tr[-2R7S1Q, + (510)7$1Q)]
0Q, 2 0Q,
=578,Q, - SIR

= SlT(SlQl - R).

5)

Similarly, the derivation for the weight matrices S; can be
expressed as

ocr aC
asS;  9S9,Q,
- [ty Vo5
_Pm
~18Q1

Ql

(16)

° v9<slc21>] Qr.
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and
acr 1 9Tr [_QRTSIQ1 +(S1Q1)"$1Q,
s, 2 S,
= (5Q, - Q. 17

By using these derivations, the cost function corresponding
to the weight of the model can be minimized with gradient
decent optimizations by using Nesterov’s optimal gradi-
ent [63]. Based on the non-linear representation of Deep
Semi-NMF (NLRDMF), the original user-item rating matrix
can be written as

RVEE = 5,Q),. (18)

C. Stochastic Optimization

Unfortunately, for Semi-NMF or NMF, it is difficult to
compute for large datasets since the computational complexity
of these algorithms would grow quadratically in proportional
to the number of items 7. In addition, the whole training data-
set is required to be resided in main memory. In recent years,
the stochastic optimization techniques have been proposed to
mitigate these two problems. In each iteration, only a small
portion of the dataset is processed. Thus several iterations are
required to process the whole dataset, and this method is
known as mini-batch [64]. The number of mini-batches is set
to be H. The cost function of the stochastic Deep Semi-NMF
can be expressed as

H—

ZH

h=0

~ 2
= =SS0 g QM| a9

[\D|H

subject to Vh, where @, > 0, and R is the subset of the
training set. i.e., a small batch of training set. R contains b =
7 examples. The stochastic optimization techniques such as
Adam and SGD [65] are adopted for updating all the parame-
ters in the Deep Semi-NMF model. This is an approximation
implementation over the whole training set, but the stochastic
optimization techniques take effect even for a small batch
sizes (32 samples).

V. SociAL TRUST ENSEMBLE

The social trust networks will affect users’ strategic deci-
sions when users select items. In this section, we analyze this
phenomenon, and propose an extended Deep Semi-NMF
model based on users’ trusted friends. First, we integrate the
trust degree to improve the recommendation accuracy. Then,
we exploit the autoencoder to extract the latent representation
in the trust relationship matrix 7' € R**¥ to further enhance
the recommendation accuracy.

A. Trust Degree Ensemble

As mentioned in Section III, a trust relationship matrix 7' €
RM*M 5 used for representing the trust values among users.
Users tend to allocate the scores to their trusted friends in
most social networks, and these scores correspond to the trust

degrees between user-friend pairs. However, there is no
explicit trust values measuring the trust degree in existing
online social networks. Consequently, it is significant to con-
struct a model to measure the trust degree of the social net-
works without trust values.

Generally speaking, most users tend to trust their friends, as
well as the recommendations provided by their friends. How-
ever, target users may not well satisfy with the recommenda-
tions from their trusted friends since the difference between
them exists, including their potential interests, preferences or
habits. In this case, we take the trust degree into consideration,
it contains the similarity and the social based trust degrees.
The trust degree trust(v;,v;) assigned to v; from v; is calcu-
lated as

T’Ui ;= ( :3)

where Tﬁ 5 ~and T? «; stand for similarity and the social based
trust degrees respectlvely, and B is a weight coefficient.

The social behavior in a social network is usually modeled
as the trust relationship, such as the followers of a person and
the message forwarding in microblog. Thus the similarity

based trust degree T can be modelled as

+ 879, (20)

U

. sim(v;, vj) x trust(v;, v;)
= : : ) 2n
Zmesm sim(v;, vj) x trust(v, v;)

L’Z‘,U]'

where sim(v;, v;) is the similarity between user v; and user v;,
which is calculated via cosine similarity between their corre-
sponding vectors P, and P,;. trust(v;, v;) is the trust value
assigned to v; from v;. If the trust value is given, we set
trust(v;, v;) = 1. i.e., it represents the existence of a social
relationship from v; to v;. Otherwise, trust(v;, v;) = 0. S,, is
the user set, including the users connected by v;.

The social similarity based trust degree between two nodes
measures the effect of local network topologies. When two
nodes in a social network have two or more overlapped neigh-
bours, they tend to have the community similarity which is a
higher level of node similarity. The adjacent node sets of
nodes v; and v; are defined as N(v;) and N (v;), respectively.
The social similarity based trust degree is defined as

TO _ ZteN i) D(1)
i \/EtEN (v;) \/EtEN DL

where D(t) represents the degree of node t.

Remark 2: It should be noted that (21) and (22) are only
applicable to the scenario of two users who connect with each
other directly. In terms of the scenario of two users who do
not connect directly, the trust degree is calculated by using
multiplication as the trust propagation operator. In addition,
we only consider the shortest path if multiple trust propagation
paths exist in a network.

We contribute to integrate the trust degree into Deep Semi-
NMF model. In terms of the representation of Deep Semi-
NMF approaches, the user’s preference is the only factor
which determines the estimated rating assigned to an item,

L

(22)
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and it can be described as: Rmm = P?;Qn- The recommenda-
tions from the target users’ trusted friends should also be taken
into consideration. Additionally, we distinguish the favors of
user m’s trust friends and user m, instead of using the favors
of user m directly. Namely, after obtaining user m’s favors on
item n, i.e., PfLQ", we adjust it by the biases from his/her
trusted friends’ favors. As a consequence, the difference of the
estimated ratings between he/she and his/her trust friends is
expressed as

n = Z Tm,v(P;{Qn + Am,v - Pan%

vESH

(23)

where A,, , indicates the average bias on the rating between m
and v.

For example, there are two users m and v, and they have
different rating assignment behaviors. User m is generous and
he/she usually assigns high scores to the items, while user v is
critical and usually assigns low scores to the items. We
assume the ratings for item n from these two users are 5 and
3, respectively. They have different preferences on item n at
first glance. However, if the derivations on the ratings and
their rating assignment behaviors are analyzed, the score 3 is
almost the highest score allocated by v in his/her rating assign-
ment history. From this perspective, we can conclude that both
m and v have preferences for item n.

Additionally, we need to consider the biases of users on
items. For instance, when we predict the rating assigned on
the item n by the user m, if we know that the average rating
over all items assigned by m is 3, and m assigns the rating 2.5
to item n, which is 0.5 lower than the average rating. More-
over, user m is critical, and he/she usually rate 0.4 lower than
the mean. Finally, the estimated rating of n from m would be
2.1 (2.5-0.4). Therefore, we extend (23) with the biases of
users and items as follows

n — Z Tm717(PZQn + Am,v an)

VESH,

24
+ avg + bias,, + bias,, 24

where the parameters bias,, and bias, indicate the biases of
user m and item 7, respectively. Thus based on (24), the cost
function for LRDMF integrated trust degree (LRDMF-TD)
can be rewritten as

L(P,Q) = frmn Z ZI”"’ n RﬁLRH)
m=1 n=
+ Z Tmnu Pv Qn + Am,v - PﬁQn)
17€S,n
HPIIF+ 1Rl (25)

RER denotes the estimated rating on item 7 assigned by user
m via LRDMF-TD.

In order to prevent over-fitting and reduce the complexity of
the model, A\p = A is set in our experiments. It can be seen
that all users are considered in the model for minimizing the

whole difference when the social trust relationship are consid-
ered. The global minimum of L cannot be achieved because
of its inherent inner structure [66] of the matrix factorization
model. Fortunately, based on the gradient descent on P,, and
@,, for user m and item n, the local minimum of the cost func-
tion can be expressed as

N
= Z Im'rL(R77mL R#}El Z Tm,’UQn + )\PP"H
n=1 vES),
(26)
Imn m,n RLR + T PI: + A Q
BQW mZ: m, 77 ngsm ) ( v m) Q
(27)

The cost function for NLRDMF integrated trust degree
(NLRDMF-TD) can be rewritten as

L(P, —mm Z Z Ly (R RfXLnR)
PQ m=1 n= (28)
+ Z Tm,v P{Qn + Am,v an)
vESH
where RYER denotes the estimated rating on item n assigned

by user m by NLRDMF-TD. The derivation of gradient
descent on P, and @, for NLRDMF-TD is similar as (26)
and (27), respectively

ZImn m,n RZI;,R) - Z Tm,in + )\PPTVM

P, V€S
(29)
BQ Z Imn m,n RiXI;LR + Z Tm7v(P/(j; - PZ;L)
n m= VESh
+ A0Q (30)

B. Autoencoder Ensemble

In this subsection, we exploit a variant of autoencoder,
denoising autoencoder (DAE), to extract the latent representa-
tion in the hidden layer of this network. The latent representa-
tion of the social relationship can be enhanced from the trust
relationship matrix 7" € R*>*™ based on DAE. Then the latent
representation of the users can be approximated as much as
possible by the learned latent representation based on DAE.

1) Marginalized Denoising Autoencoders: Autoencoder is
one kind of neural network, and it attempts to copy its input to
its output after training the autoencoder which has a hidden
layer in the interior of itself. A basic autoencoder consists of
two components. An encoder is expressed as an activation
function d(-) mapping an input data 7" into a hidden layer, and
the representation of this hidden layer is f(7"). A decoder is
expressed as a deactivation function f(-) mapping the hidden
representation back into the output, and the representation of
this reconstructed version of T is f(d(T)). In order to learn
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the most significant features of data distribution from the input
trust relationship matrix 7', the activation and deactivation
functions, such as sigmoid and identify functions, should be
selected properly. In this section, the identify and the sigmoid
functions are selected as the activation and deactivation func-
tions, respectively.

A DAE is a variant of autoencoder whose input is the cor-
rupted data, and the output is the original, uncorrupted data
based on the training of DAE. The randomly generated artificial
noise, such as binary masking noise or Gaussian noise, can be
injected into the input data with a probability p. From a deep
learning perspective, multiple DAEs can be stacked sequen-
tially [26]. The input of the /th DAE is the output of the [ — 1th
DAE performing as a hidden representation. Therefore, the
DAE:s contained in the stacked DAEs (SDAE) have to be trained
in an iterative way. This layer by layer operation has high
computational burden due to the learning of the model parameter
in each layer training [56]. In order to overcome the defects of
SDAE, a modified version, SDAE with marginalized corruption,
is performed in [26]. In contrary to the two-level encoder and
decoder in SDAE, we utilize a weight matrix W to map the cor-
rupted input 7" into the reconstructed output by minimizing the
squared loss function as follows

1< i =2
ZE |T" = wT||,., 31
i=1

where I is the number of samples in the input data, W € RM*M
is the mapping consisting of the reconstructed weights, and 7" is
the corrupted version of the original, uncorrupted 7. ¢ passing
with different corruptions have been taken into the input data to
reduce the variance. Then the c-times version of 7" can be repre-
sented as T' = [T, T, ..., T] € RM*“M The corrupted version
of T can be defined as T € RM*M We can rewrite (31) as
A =2

n%pHT—WTHF. (32)
When c approximates the positive infinity, there are infinity
copies of corrupted input data. The mapping weight matrix W
has the following closed-form solution

W = E[UIE[V] ™, (33)

where U = T TT, V = TTT. Thus we do not have to solve the
highly non-convex optimization problem in each layer when
we train each layer based on iterative procedure to learn the
model parameters. In the procedure of obtaining the weight
matrix W, the computational complexity for training a mar-
ginalized DAE is reduced significantly. From a deep learning
perspective, multiple marginalized DAEs can be stacked
sequentially [26]. The input of the /th marginalized DAE is
the output of the [ — 1th marginalized DAE, which performs
as a hidden representation.

2) Latent Representation of Trust Relationship Considering
User Preferences: In order to integrate social relationship with
the user preferences, we propose a framework that integrating
the Deep Semi-NMF with marginalized SDAE to further
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Fig. 3. Framework of mixed model. The orange double arrow indicates the
coupling of the trust relationship represented by W and the user preference
represented by S.

improve the recommendation accuracy. The framework is
shown in Fig. 3. The trust friends of user m can be represented
as T, € RM, an m-dimensional binary vector, corresponding
to the mth row of 7. In order to compute the corrupted version
T € RM*eM of the trust relationship matrix 7€ RM*cM | the
generated binary masking noise is injected with a probability p
based on the deep learning strategy of DAE [56]. Generally, T is
sparse, and only the non-zero values of 7" representing the trust
relationship are corrupted by the artificial noise.

We take both the weight matrix W and the user factor
matrix S into consideration for improving the recommenda-
tion accuracy. The latent representation of the trust relation-
ship, which should be as close as possible to the user factor
matrix S € RM*K can be enhanced from the trust relation-
ship matrix 7' € RM*¥ based on the DAE. The orange double
arrow indicates the coupling of the trust relationship repre-
sented by W and the user preference represented by .S.

3) Latent Representation of Trust Relationship: We map
an m-dimensional binary vector T, € R* into a latent space
represented as T'm = STTm eRE, m= 1,2,..., M, where
S € RM*K ig the user factor matrix, and K is the number of
latent factors. Different from the similarity measurement in
(21), the user similarity can be characterized by the inner
product. Thus the similarity in the latent space can be
expressed as the inner product of the user factor matrices of
two users in the users’ latent space

sim(T,,T,) =T T = (S'T,,)" s'T,

(34)
=717 Ss"TT.

In order to integrate the weight matrix W and the user factor
matrix S, (34) can be formulated in a matrix form as
in|| 77 SSTT - W1’ 35

win| [ (35)

where W € RM*M is the weight matrix mapping the trust
relationship matrix 7" into the hidden layer, and the latent
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representation of the trust relationship matrix 7" in the hidden
layer corresponds to the product WT' € RM*¥ Tn order to
learn the weight matrix T based on the corrupted version 1" €
RMxeM e minimize the objective function as

. 2 — ~ 12
%{gHTTSSTT—WTHF—&- |7 =W, (36)

where c-times version of T is expressed as 7' € RM*“M and
the corrupted version of T is expressed as 7' € RM*M

4) Community Regularization: Intuitively, community refers
to some dense groups in a network. The nodes within each com-
munity are closely connected, but the connections among vari-
ous communities are sparse. In social networks, the users who
share the same opinions or interests tend to form a commu-
nity [67]. It means that the opinion of one user can be affected
by the opinions of other users in the identical community. Thus
we need to integrate the community effect into the objective
function to improve the recommendation performance. We need
to introduce some trust based parameters used in the community
detection algorithm.

Trust Potential. As we know, the trust degree of two users in
a social network decrease as the distance of two users
increases. Thus we need to define a parameter to measure the
trust degree of inter-node objectively. Given a social network
G(V, E), user v; € E is randomly selected from this network.
We adopt U(v;) = vy, v9,...,u, to denote the users closely
connected with v; in this network. The trust potential of user
v; at user v; is defined by the Gaussian potential-function
as [68]

2
Vi ‘U]'

el (37)

Dv;w; = €Xp

where the user interaction range is control by the parameter o,
and o is determined by the network details. The trust potential
for user v; is expressed as

2
O

(38)

Po; = Z eXp

v;eU(v;)

Local High-Potential User. A community usually consists of a
cluster center and its neighbours. In order to detect a community
in a social network, we need to identify the high-potential users
in the local network as the initial cluster centers. Given the adja-
cent users of user v as N (v) = uy,us, - .., u,. User v is a local
high-potential user if it satisfies

p(U) < maxp(v,ul),p(v,ug),.,_,p(v,u,,,). (39)

Trust Condensation. We define trust condensation to iden-
tify if a cluster has a good structure. Given a cluster C; and its
center node u; € C, the trust condensation of C' is defined
as [68]

wlmuClow + wupcup if g; a - Q 7é ¢

OT(Cia ui) = Clow if Q 7& ¢7a - Q =¢
Cup lfg:‘ﬁ»a_g#(b

(40)

where Cj,,, = Zvieq p(ui, v;) and Cyyp = Zv,vea;—c,; p(ui,v;).

C; and C; stand for the lower approximation set and the upper
approximation set of clustering Cj, respectively. The weight
for the lower approximation set and the upper approximation
set of clustering C; is defined as wy,, and w,,, respectively
and w,,, + w,, = 1. The trust potential of center user u; on
user v; is denoted as p(u;, v;).

For all v; € V, the potential difference o in C; and Cj is
defined as o = p(v;, C1) — p(v;, C)). If 0 < B, i.e., the poten-
tials of v; in two clusters are similar, we assign v; to the upper
approximation set of the intersection of C; and Cj; otherwise,
to the lower approximation set of C;. Based on the definition
of trust condensation, we can update the cluster as

u; = ulu € C; A CT(Ci,u) = max CT(C;, x).

zeC;

(41)

Overlapping Clusters. Given two clusters C; and Cj, their
overlapping clustering degree is defined as [68]

|G Cl

Over(Ci, C) = L GLIC

(42)

where min(|C;|,|C}|) gives the size of the smaller cluster of
C; and C;. The range of over(C;, C}) falls into [0,1].

The overlapping community detection algorithm consider-
ing trust-based characteristic can be summarized as follows.

1) The trust degree between different users and the trust
potential of each user in a social network are computed via
(20) and (38), respectively.

2) The high trust potentials of the users in a social network
can be identified via (39).

3) According to the trust potentials, the users in the net-
works can be classified and placed into clustering upper
approximation and the clustering lower approximation sets by
exploiting K-medoids clustering, respectively. The clustering
center can be updated based on (41) after computing clustering
upper approximation and the clustering lower approximation
sets. The classification can be terminated until the clustering
centers reach a stable state.

4) Different clusters can be merged if most of the users in
different clusters are overlapping.

As we know, the users in the same community tend to share
similar preferences on items with their trusted friends, who
are usually regarded as the neighbors of the target user. We
can utilize the meaningful information of these neighbours to
improve the prediction accuracy. The neighbors of user u can
be defined as

N(u) ={vjve CAue C,u#v}, 43)

where C' is the community that contains user w. It should be
noted that multiple communities can contain user u, and thus
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all the communities containing u should be taken into
consideration.

The behavior of the given user u would be affected by
his/her neighbors N(u) because of the community effect. It
means that the behavior difference between the given user and
his/her neighbours should be minor. This phenomena can be
expressed in a mathematical form by minimizing the follow-
ing formulation:

(44)

F

The above equation can be utilized to minimize the prefer-
ence between a user and his/her neighborhood to an average
level. It means that a user’s preference should be similar to the
general preferences of all neighbours N (u).

5) Parameters Training: By integrating the matrix factori-
zation technique and the community effect with (36), we have
the joint objective function as follows

min £ = ||R — SQH% +

T ool 2
o, |T"ss'T —wT||,

+HT—Wﬁﬂi+Ama@+nm@>

+ %zm: ST — Z T,.S"
u=1

’UGN

' (45)
F

where p is regularization parameter, and the coefficient A of
Frobenius norm of S and () are utilized for controlling the
overfitting problem of model parameters. The third term cou-
ples the trust relationship with user preferences as mentioned
in the former subsection.

Since the optimization function in (45) is a non-convex
problem involving the matrices W, S and @, we utilize a sub-
optimal strategy to solve this problem. In each iteration, we
fix two variables and update one variable as an alterative sub-
optimal strategy.

By discarding the irrelevant term with respect to W in (45),
we can reformulate the objective function by only considering
W and fixing S and () by minimizing the following optimal
problem as

. T T 2 = ~ N2

min|| T SSTT — W[, + || T = W[, (46)

According to (33), W has a closed solution W =

E[U)E[V]™", where U € RM*M and V € RM*M_ They can
be updated using the equations as follows

U=TT" +78STrT", Vv =TT" + TT".  (47)

Then, by discarding the irrelevant term with respect to

matrices S and @ in (45), the objective function (45) can be
rewritten as

L(S,Q) = tr[(R - SQ)(R — SQ)I"
+ te[(T7SSTT — W) (1T SSTT — W)

MWL 2
Lt ST _

+ atr[SST + QT Q.

u,0 g

IGN (u) r

(48)

By taking the partial derivations of (48) with the matrices S
and @), we have

PELQ) 5 rQ" + 500"
+ 2177 SST(TT"S + TTTSS™)
—2T(T"WTTTS + WTTTS) + 2\S
2
+ M Sg Z u LSI ’
veN F
(49)
—aﬁ(a‘z)’@) =2(-R'S+Q5"5+2Q").

Then, we can update the model parameter S and () based on
the classical gradient descent method, which are expressed as

aL’
(t+1) _ gt) _ , &=
S - M 8S(t) ’
aL
(t+1) — o) _ (50)
Q - Q M2 BQ(t) )

where ¢ stands for the 7th iteration, and 1, and 7, stand for the
learning rates. The maximum number of iterations is fix at
1000. The terminal rule is that the difference between two
adjacent iterations satisfies £ — £®/£®1¢ — 05, where
£ is the value of (48) in the tth iteration.

6) DMF-Based Initialization for Marginalized DAEs:
From a deep learning perspective, multiple marginalized DAEs as
shown in Fig. 3 can be stacked sequentially, which is called Deep-
MDAESs. The input of the [th marginalized DAE, which performs
as a hidden representation, is the output of the (I — 1)th marginal-
ized DAE. If there are L layers in the Deep-MDAE:s, the deepest
layer will be the (L + 1)/2th layer. In different hidden layers, we
have different latent representations for trust relationships. Thus
the latent representations of the deepest layer in the Deep-MDAEs
should be as close as the user factor matrix S. As shown in (33),
the close- form expression of the weight matrix W =
E[U]E[V]™", which has been updated based on (47). However,
in this paper, we update U by using U = TT" until we reach the
(L + 1)/2th layer, i.., the deepest layer. In the (L + 1)/2th
layer, we update U by using U = TTT + TSSTTTT, where S is
update based on the LRDMF and NLRDMF methods in (10) and
(18), respectively. Then, the model parameter .S and () can be
updated based on (50). The final recommendation matrix can be
calculated by R = SQ. The Deep-MDAE initialized by LRDMF
and NLRDMF without community effect are called LRDMF-
DMDAE and NLRDMF-DMDAE, respectively. The Deep-
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MDAE initialized by NLRDMF with community effect is called
NLRDMF-DMDAECE.

The steps of DMF-DMDAECE are summarized as follows:

1) We perform the deep matrix factorization for the known
part of the user-item rating matrix R to obtain better initializa-
tions of latent user and item feature matrices;

2) We calculate the trust degree based on (20) including the
similarity and the social based trust degrees, respectively;

3) The DMF-TD algorithms can be achieved by optimizing
(25) and (28);

4) We perform the overlapped community detection algo-
rithm to detect the community in a trust relationship network;

5) We formulate a new joint objective function (45) by tak-
ing trust information and community effect into consideration;

6) We construct the marginalized DAEs to optimize the
objective function (45);

7) We utilize the results of deep matrix factorization to ini-
tialize the marginalized DAEs;

8) We obtain the final result by training the marginalized
DAEs.

VI. EXPERIMENTS

In the field of trust-aware recommendation, the publicly
available and suitable dataset is rare, we mainly adopt the fol-
lowing two datasets:

1) Epinions: Epinions is available freely [42], which is com-
posed of 49 290 users and 139 738 items. The number of ratings
and trust relationships contained in Epinions are 664 824 and
487 181, respectively. The scale of rating is from 1 to 5. We
build a social trust network by using these records. Each user in
Epinions keeps a trust relationship with others. In addition, the
density of the user-item rating matrix is less than 0.01%.

2) Flixster: This is a social network allowing users to assign
scores for movies [39]. It consists of 1 049 445 users who have
rated 492 359 different items. The total number of ratings is
8238 597. The total number of trust relationships is 26 771 123.
The density of the rating matrix is lower than 0.0016%.

The rating matrixes extracted from Epinions and Flixster
are both sparse. The density of Movielens, which consists of
6040 users, 3900 movies, and 1 000 209 ratings, is 4.25%, and
the density of Eachmovie, which consists of 74 424 users,
1648 movies, and 2 811 983 ratings, is 2.29% [38]. Therefore,
Epinions and Flixster are both ideal sources for make our
trust-aware recommendations.

We use three metrics, the Root Mean Square Error (RMSE),
the precision and F-Measure, to measure the performance of our
proposed methods, i.e., LRDMF-TD, NLRDMF-TD, LRDMF-
DMDAE, NLRDMF-DMDAE and NLRDMF-DMDAECE
comparing with other the state-of-the-art recommendation meth-
ods. The metrics RMSE for measuring the error in recommenda-
tion is defined as

Rm n o Rm n ’
— \/zmx n = Buus)

; (5D
:rtest

where I?,,, denotes the rating assigned to item n by user m,

R, ., denotes the predicted rating assigned to item n by user

m via a method, and T} denotes the number of tested ratings.
Meanwhile, most recommendation approaches cannot deal
with the task that predicting all the ratings in the test data
under the scenario of high sparse data. Therefore, the metric
coverage rate can be adopted to measure the proportional of
(user, item) pairs, and the values can be predicted as

(52)

coverage — s
test

where S represents the number of ratings being predicted, and
Tiest represents the number of ratings being tested. Moreover,
we integrate RMSE and coverage to form a full metric follow-
ing the F-Measure’s example. Therefore, the RMSE has to be
converted into the metric of precision, whose value is distrib-
uted in the range of [0, 1]. We formulate the precision as:
precision = 1 — w It can be inferred from this equation
that the maximum possible error is 4, since all rating values
are between 1 and 5. The definition of F-Measure is given as

2 X precision X coverage

F Measure — (5 3 )

precision + coverage

The initializations of most existing matrix factorization
methods are straightforward, i.e., P and () are initialized as
dense matrices consisting of random numbers. We propose
specific initialization methods in this paper, and compare it
with random initialization, K-means initialization, normal-
ized-cut (Ncut) initialization [69] and SVD-based initializa-
tion [70], autoencoder initialization [44] in order to verify the
superiority of initialization with LRDMF and NLRDMF based
approaches. Moreover, we remove the community detection
algorithm in [44] for fair comparison, and then the method
in [44] is called Auto-TD.

The dimension of the feature matrices is set to be K = 80.
The DMF model consists of two representation layers (1260-
625), and the scaled hyperbolic tangent stanh(z) = atanh(Bx)
witho = 0.7159 and B = % is used as the non-linearity function.
For DMDAE based methods, the regularization parameter A is
0.1, and the number of the stacked MDAEs is 10. For community
detection, we use 2-trust-cliques. For Epinions and Flixster data-
set, the regularization parameter are set as © = 10 and u = 5,
respectively. We set the parameter o to 1.886, the clustering
overlapping threshold to 0.75, W, is set to 0.1 and the weight
parameter 8 = 0.6. The percentage of the input data corrupted
by the binary masking noise is 50%.

It can be seen from Fig. 4 that the RMSEs of LRDMF and
NLRDMF are much smaller than the RMSEs of other
approaches. In particular, the RMSEs of DMF based approaches
are smaller than those of the Auto-TD approach proposed
in [44]. This is because that LRDMF and NLRDMF extract
more abstract features from the original space compared with
other approaches, and the initialized latent feature matrices
learned by LRDMF and NLRDMF make (25) and (28) more
closer to the global minimum. The RMSE of NLRDMF is
smaller than that of LRDMF because of the non-linearity learned
by NLRDMF. The RMSEs of trust DAE based methods are
smaller than those of the trust degree based methods. This is
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caused by the reason that the deep structure of the DAE based
methods enforces the latent represent of the trust relationship as
much as the user factor matrix S. NLRDMF-DMDAECE per-
forms best of all since we take the community effect into
consideration.

In order to find the best dimension K, the RMSEs versus vari-
ous dimensions for NLRDMF-TD and NLRDMF-DMDAE are
depicted in Fig. 5. Ap and Aq are fixed at 0.1. It can be seen that
there is a turning point around 80 for Epinions, and there is a
turning point around 70 for Flixster. The main reason is that a
relative larger dimension can improve the prediction accuracy.
However, when the number of dimension is too large, the
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Fig. 6. RMSE versus values of dimension with different approaches. (a) Epi-
nions. (b) Flixster.

overfitting may exist which leads to the degradation of the pre-
diction accuracy.

In order to have an intuitive expression about the relation-
ship between the value of A\p = A\g and the best dimension K,
we draw different values of Ap = A9 = 0.2, 0.1, respectively,
with varying the best dimension K. It can be seen from Fig. 5
that when Ap = Ap=0.1, our proposed framework
NLRDMF-DMDAECE performs best of all.

In our model, the LRDMF and NLRDMF approaches are
used to reduce dimension and extract features from the user-
item rating matrix. We compare these two approaches with
not only classical algorithms such as principal component
analysis (PCA) [71] and locally linear embedding (LLE) [72]
but also with other NMF variants such as multi-layer
NMEF [73] and NeNMF [74] for pretraining in order to validate
the effectiveness of feature extraction. It can be seen from
Fig. 6 that compared with the classical approaches, the four
NMEF variants approaches can improve the prediction accuracy
greatly. The RMSEs of LRDMF-TD and NLRDMF-TD
approaches are smaller than those of multi-layer NMF and
NeNMF approaches. This is because that LRDMF-TD and
NLRDMF-TD approaches extract better features compare
with Multi-Layer NMF and NeNMF approaches. The RMSEs
of LRDMF-DMDAE and NLRDMF-DMDAE methods are
smaller than those of LRDMF-TD and NLRDMF-TD meth-
ods. This is caused by the reason that the deep structure of the
LRDMF-DMDAE and NLRDMF-DMDAE methods enforces
the latent represent of the trust relationship as much as the
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TABLE I
COMPARISON RESULTS WITH ALL USERS
Epinions Flixster

Methods RMSE | Coverage | F-Measure | RMSE | Coverage | F-Measure
UserCF 1.3436 18.11% 0.2846 0.8552 64.64% 0.7095
ItemCF 1.3621 20.55% 0.3134 0.8432 68.21% 0.7318
TidalTrust 1.2571 37.21% 0.4824 0.8359 75.81% 0.7742
MoleTrust 1.2824 37.36% 0.4821 0.8243 76.11% 0.7772
BMF 1.2176 69.88% 0.6972 0.8160 87.66% 0.8344
STE 1.1733 78.45% 0.7429 0.8056 90.60% 0.8489
SocialMF 1.1236 82.37% 0.7682 0.7950 90.32% 0.8490
CDL 1.0821 86.44% 0.7912 0.7940 92.55% 0.8590
NLRDMF 1.0713 88.66% 0.8003 0.7898 94.21% 0.8661
TD 1.3826 16.66% 0.2621 0.8677 60.23% 0.6821
NLRDMEF-TD 1.0633 89.66% 0.8073 0.7821 96.31% 0.8767
DMDAE 1.0733 88.36% 0.8153 0.7835 94.31% 0.8634
NLRDMF-DMDAE 1.0547 91.69% 0.8256 0.7965 98.28% 0.8854
NLRDMF-DMDAECE | 1.0454 92.76% 0.8343 0.8054 98.88% 0.8986

user factor matrix S. More latent representations in the hidden
layers have been learned compared with the trust degree. The
RMSE of NLRDMF-DMDAECE is the smallest of all because
it takes both trust information and community effect into
consideration.

We compare our proposed approach with the following
baseline methods to show the superiority of our proposed
methods. It should be noted that NLRDMF approach is used
for the initialization of DMFTrust since it has a better predic-
tion accuracy compared with LRDMF.

1) UserCF: This is a typical user-based collaborative filter-
ing method, and it utilizes the users’ similarity for predicting
missing values.

2) ItemCF': This is a typical item-based collaborative filter-
ing method, and it capture the items’ similarity for predicting
missing values.

3) TidalTrust: A trust inference algorithm is used for
recommendation [41].

4) MoleTrust: This algorithm can promote trust in social
networks, and the trust weight corresponds to the similarity
weight [42].

5) BMF: This is the basic matrix factorization method pro-
posed in [17], and the trust social network is not considered.

6) STE: This method combines users’ preferences with their
trusted friends’ favors [38].

7) SocialMF: This method fuses the trust propagation in
recommendation systems [39]. The parameter ) is set to be 5,
which provides the best recommendation performance in this
experiment.

8) CDL: This is a deep learning-based method proposed
in [29]. However, the content information and the trust net-
work are not used.

9) NLRDMF: The Non-Linear Representation DMF part of
NLRDMF-TD is considered, while Trust Degree (TD) is not
considered.

10) TD: The Trust Degree (TD) part of NLRDMF-TD is
considered, while the Non-Linear Representation DMF is not
considered.

11) NLRDMF-TD: The proposed NLRDMF-TD method
that considers both Non-Linear Representation DMF and the
Trust Degree (TD).

12) DMDAE: The Deep MDAE part of NLRDMF-DMDAE
is considered, while NLRDMF is not considered. The basic
matrix factorization is used for initialization.

13) NLRDMF-DMDAE: The proposed NLRDMF-DMDAE
method that considers both Non-Linear Representation DMF
and Deep MDAE.

14) NLRDMF-DMDAECE: The proposed NLRDMF-
DMDAECE method that considers community effect.

In this section, we mainly analyze the comparison results
with different approaches and datasets. Specifically, we com-
pare the above methods with our proposed methods by using
Epinions and Flixster datasets, respectively, which have dif-
ferent data sparsity. In terms of the parameters, the dimension
of latent feature matrix is fixed at K = 80 for Epinions dataset
and K = 70 for Flixster dataset. As a result, we can see from
Table I that the NLRDMF-TD and NLRDMF-DMDAE out-
perform other methods, and the STE and SocialMF methods
outperform the BMF method, which only adopts the user-item
rating matrix for recommendation. Besides, the TidalTrust
and MoleTrust methods are superior to BMF method. It can
be known that the performance of collaborative filtering-based
approaches are not well enough. It relies on the trusted
friends’ comments, and thus it is not suitable for sparse data.
It can be known that UserCF and ItemCF cannot work well
at this situation. TD method performs worse than the tradi-
tional UserCF and ItemCF based methods. The NLRDMF-
DMDAECE performs best of all.

Experimental has been implemented to analyze the inde-
pendent contributions benefited from the two steps, i.e., DMF
and trust degree, in Table I and Table II. It can be seen that the
performance of the trust degree (TD) based method is worse
than that of the traditional UserCF and ItemCF methods. The
NLRDMF performs better than the recent developed deep
learning based method, and outperforms other traditional
matrix factorization based methods as well. The coverage of
NLRDMF is five times of that of TD, and the F-measure of
NLRDMF is three times of that of TD. Thus we can conclude
that “deep” is more important and beneficial than trust.

We regard cold-start users as those who have rating ass-
ignment behaviors less than 5 times [42]. Thus how to rec-
ommend items to cold-start users is still a challenge for
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TABLE I1
COMPARISON RESULTS WITH COLD-START USERS
Epinions Flixster

Methods RMSE | Coverage | F-Measure | RMSE | Coverage | F-Measure
UserCF 1.4658 12.31% 0.2061 0.9578 54.96% 0.6381
ItemCF 1.5421 13.46% 0.2208 0.9367 57.82% 0.6589
TidalTrust 1.3652 24.84% 0.3609 0.9274 68.32% 0.7232
MoleTrust 1.3724 27.66% 0.3893 0.9177 69.89% 0.7330
BMF 1.3264 54.67% 0.6015 0.8994 78.91% 0.7821
STE 1.2660 67.49% 0.6792 0.8578 85.69% 0.8197
SocialMF 1.2176 75.35% 0.7234 0.8212 86.45% 0.8281
CDL 1.1725 80.22% 0.7912 0.8120 89.55% 0.8434
NLRDMEF 1.1513 82.62% 0.7985 0.7976 91.43% 0.8576
TD 1.654 11.86% 0.1956 0.9788 50.35% 0.5631
NLRDMEF-TD 1.1435 82.93% 0.7515 0.7899 94.36% 0.8673
DMDAE 1.1733 83.27% 0.8085 0.7936 92.72% 0.8664
NLRDMF-DMDAE 1.0445 86.63% 0.8236 0.7754 94.65% 0.8975
NLRDMEF-DMDAECE | 1.0367 86.98% 0.8323 0.7832 94.90% 0.9023

recommender systems. In the Epinions, most users belong to
cold-start users. Therefore, it is meaningful for recommending
cold-start users with high effectiveness. In order to validate
the performance superiority of our proposed methods com-
pared with other methods, the cold-start users are picked out
from the two datasets for comparing the recommendation per-
formance of these methods. The final comparison results are
shown in Table II. Our proposed methods outperform other
methods for cold-start users. This indices that our proposed
methods are more suitable for dealing with cold-start users.
We can also obtain from both Table I and Table II that the
improvement on our proposed methods for cold-start users is
higher than that for all users.

VII. CONCLUSION

In this paper, based on deep learning technique and trust
relationship, a novel trust-based deep learning method is pro-
posed for recommendation by integrating community effect.
Since the matrix factorization-based approaches rely much on
the initialization of the latent feature matrices, a novel deep
architecture for matrix factorization named DMF is proposed.
This method can extract better features from the original space
to improve the initialization accuracy. Then the DMF is inte-
grated into the Deep-MDAE to extract the trust relationship.
By taking the community effect into consideration, the recom-
mendation accuracy is further improved. Our experimental
results verify that our proposed methods outperform other
baseline methods. In the future work, we will integrate the
DMF technique into collaborative filtering approaches to fur-
ther improve the recommendation performance.
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