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Abstract

Collaborative filtering (CF) is a successful approach in developing recom-
mender systems for many real-world problems. Traditional CF- based meth-
ods exploit user-item matrix for learning latent factors to make recommen-
dations. Despite their success, data sparsity and cold start problems limit the
efficiency of CF-based methods in learning effective latent factors. A classi-
cal approach to address these problems is by taking advantage of user (item)
auxiliary information. Due to the natural ability of deep learning in extract-
ing features from multiple sources of data simultaneously, it is the most com-
mon technique for integrating rating data and auxiliary information. In spite
of the success of deep learning in extracting complex and non-linear features
from multiple sources of data, sparsity of auxiliary information degrades the
quality of the learned latent factors. Another approach that recently gained
much attention in improving the performance of CF-based methods assumes
the rating matrix is composed of several local regions within each of which
users have similar preferences. In this technique, the rating matrix decom-
poses into several sub-matrices and is approximated locally. This technique
however relies on the rating matrix as the sole source of information for
learning, and the sparsity of the rating matrix reduces the effectiveness of
the learned latent factors. To address the above problems, we propose a
Deep structured LOw Rank Matrix Approximation model (DLORMA) that
incorporates additional stacked denoising autoencoders and local matrix ap-
proximations in a loosely coupled fashion. To the best of our knowledge,
DLORMA is the first hybrid recommendation system that combines deep
learning and low rank matrix approximation. Experiments conducted on
three real datasets show improvements in prediction performance over the
component approaches individually.
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Chapter 1

INTRODUCTION

1.1 Background of Study

By the development of the internet, modern consumers have become increas-
ingly overwhelmed by the vast amount of options they have access to than
ever before. E-commerce retailers are ought to provide better opportunities
for their customers to search for products and services in a worldwide selec-
tion of items, otherwise customers have to spend much more time search-
ing for what they are looking for. Traditional searching systems help cus-
tomers to find most relevant items to their needs, but they are not optimized
to consider customers personal taste and preferences. Therefore, serving
customers with prioritized and personalized recommendation systems can
minimize their inundated experience and satisfy their personal demands. A
recommendation system refers to a system that predicts future preference
of a user on a set of items and recommends the top set of matched items.
Recommendation systems are a sub-class of information filtering systems
that deals with the problem of information overload that users on the inter-
net encounter. The user in these systems is provided with a tailored search
result that is personalized to their demands and preferences. It is defined
to recommend relevant products to the user in a system by analyzing user
past interest and other users’ interactions in the system [58]. A recommen-
dation system utilizes user preferences, interests or interactions in products
to determine the most relevant and personalized product recommendations
that matches user’s specific preferences. Based on user preferences, such
a system predicts the likelihood of the user being interested in a particular
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product. Consumers are not the only ones that benefit from recommenda-
tion systems, but it can save a substantial amount of money in marketing
for companies as well. Such systems increase companies’ revenue and create
brand royalty through relevant personalization, as well as increasing cus-
tomer retainment by elevating their satisfaction and online experience [87].
Recommendation systems have also proved to positively influence the price
of products, as they add more flexibility to price adjustment and synchro-
nization across sellers and products [54]. Therefore, the need for recommen-
dation systems that are accurate and efficient in providing relevant products,
based on consumer preferences cannot be over-emphasized.

Broadly speaking, recommendation systems are based on two distinct
techniques, Content-Based which is normally based on users’ (items) charac-
teristic information and Collaborative-Filtering which is based on prediction
on historical users’ interactions on a set of items.

Content-Based (CB) systems focus on characteristics of items to serve rec-
ommendations. They measure similarity of items based on similarity of their
characteristics on what users have favoured in the past. CB engines exploit
users’ information and ratings to determine their taste in the relation to dif-
ferent items. Based on users’ taste, user profiles are generated which is then
used by the model to make suggestions to the users. In the recommendation
process, the model measures similarity of positively rated items by the users
with the items users has not rated. The most similar items to the positive
rated items will be suggested to the users. These techniques are best suited to
situations where there is a good amount of information on items, rather than
users’ interactions and feedbacks. In comparison to collaborative-filtering,
several advantages are identified in using content-based recommendation.
The process of generating recommendations is transparent; It does not rely
on users’ interaction histories to make recommendations; data science be-
hind content-based system is relatively easy to implement; its recommen-
dations are specified per user, therefore the model does not need any infor-
mation about other users in the system. Despite the mentioned advantages,
the following limitations reduce the quality of recommendations in CB tech-
niques. If the number of features associated to items are limited, finding
appropriate features to distinguish between items is difficult. Moreover, CB
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techniques have a tendency for over-specialization which lead to limiting the
ability of the technique to expand users’ existing interests [25].

On the contrast, collaborative-filtering systems (CF) focus on the relation-
ship between users and items. They measure similarity of items based on
similarity of user ratings on items. CF approaches utilize user’s past activ-
ities or preferences to predict what users will like, based on their similarity
to other users in the system [56]. Rather than utilizing user’s (items) char-
acteristics, user-item rating matrix is the basis for CF techniques. Typically,
users with similar ratings are grouped as neighbours and recommendations
for each user are based on the items that have not rated by the user, but pos-
itively rated by the user’s neighborhoods. The key idea behind CF is based
on the assumption that users who have shared similar interest in the past
tend to share the same interest in the future. In comparison to content-based
systems, collaborative-filtering systems usually provide better results due to
their sophisticated approaches to capture user and item relationships. They
work for any kind of items since no feature selection is needed. However,
this technique can lead to bad prediction such as instances when user-item
rating matrix is sparse; a user does not have enough past activities to capture
his/her preferences; and items that has not been rated previously cannot be
recommended.

1.2 Problem Statement

One common thread in recommender systems research is the need to com-
bine recommendation techniques to balance the advantages and drawbacks
of each recommendation approach. All the known recommendation tech-
niques have strengths and weaknesses, which can be mitigated by combin-
ing them with other techniques. In the most common hybrid recommenda-
tion systems, collaborative-filtering technique is integrated with some other
techniques in an attempt to address ramp-up problems [12]. However, the
right combination of techniques is still an open question that this work at-
tempts to address.
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1.3 Research Questions

To achieve the purpose of this study, the following research question are for-
mulated:

• Does a hybrid recommendation system which relies on multiple ap-
proaches, outperforms each individual approach?

• How to evaluate and measure the performance of the new proposed
technique?

1.4 Scope of the Research Work

This work aims to combine two recommendation techniques that are the
most successful approaches among CF methods. The objective of this project
is to develop a hybrid recommendation system to gain better performance
with fewer drawbacks of any of the individual approaches. Moreover, this
work tries to identify factors that affect the accuracy of hybrid recommen-
dation systems. Datasets that have been used in this study includes CiaoD-
VDs [18] and Epinions [47] and Yelp [4] datasets which are available publicly.
We will employ the root mean squared error (RMSE) and mean absolute er-
ror (MAE) as the evaluation metrics.

1.5 Contributions of this Reserch Work

As stated above, This work proposes a hybrid collaborative-filtering rec-
ommendation system. The proposed model utilizes a deep structure rec-
ommendation system that integrates auxiliary information with social local
low-rank matrix approximation. In particular, the study seeks to make the
following contributions:

• Proposing a novel loosely coupled hybrid recommendation system that
incorporates deep structured CF with local low-rank matrix approxi-
mation
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• Identifying key factors which affect the accuracy of hybrid recommen-
dation systems.

• Conducting experiment on three real-world datasets to evaluate the ef-
fectiveness of the hybrid recommendation system. Experimental re-
sults show that the proposed model outperforms the two techniques
that it is based on as well as state-of-the-art methods.

1.6 Thesis Organization

The rest of this work is structured as follows: Chapter 2 begins by explain-
ing the basic terminologies and concept related to recommendation systems.
Next, it introduces some of the foundational principles behind recommenda-
tion systems and describe collaborative-filtering and content-based model in
depth. Chapter 3 summarizes the related work that were done in the area
of recommendation systems. Chapter 4 is a detailed description of the pro-
posed recommendation system. It includes the description of the conceptual
design of the model and system structure. Chapter 5 covers the evaluation
and results of the proposed model in comparison with other state-of-the art
recommendation techniques. Finally, in chapter 6 summarizes the work and
provides some highlights for the future works.
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Chapter 2

BACKGROUND INFORMATION

This chapter gives an overview of the basic terminologies and concepts re-
garding recommendation systems and deep learning techniques. Starting
with a historical overview of recommendation systems, it introduces two
general techniques of recommendation systems. Then, the impact of deep
learning in recommendation systems is reviewed. Specifically, we are inter-
ested in collaborative-filtering techniques that make use of deep learning.

2.1 Historical Overview of Recommendation Sys-

tems

With the exponential growth of information on the internet, the demand for
effective recommendation systems have increased. Having a huge set of
options to chose from makes it difficult for users to decide the right infor-
mation that matches their preferences. Therefore, recommendation systems
have been developed to provide personalized recommendations based on
a users’ preference. While recommendation systems help users get person-
alized recommendations, no two companies or organizations are exactly the
same. Thus, finding the right recommendation system that fits their business
is difficult. Recommendation algorithms are commonly used as part of many
online retailer suggesting systems, such as Netflix movie recommendation,
YouTube video recommendation, Spotify music recommendation, and Ama-
zon and Ebay product recommendation systems. With an even increasing



Chapter 2. BACKGROUND INFORMATION 7

number of online companies utilizing recommendation systems, research in
this area has become an important topic for academic and corporate research.

Recommendation systems can be categorized into one of the two follow-
ing techniques: Content-Based systems that utilize information about users
and products to provide recommendation, and collaborative-filtering sys-
tems which exploit historical users’ interactions on a set of products in order
to make recommendations.

2.1.1 Content-Based Recommendation Systems

In general, content-based (CB) recommendation systems are domain depen-
dent techniques. This technique focuses on selected characteristics of prod-
ucts that are extracted from product descriptions. For example, textual de-
scription of a book might include, title, genre, author, and price. Based on
products that a user liked in the past, user preferences would be generated
for the user. During the recommendation process, the model compute simi-
larity of unseen products with the user preferences. The most similar prod-
ucts to a user preference would be recommended.

In order to generate meaningful recommendations, CB recommendation
systems use different types of concepts to extract and measure similarities of
items. They usually use Term Vector Models such as Latent Semantic Anal-
ysis (LSA) [34]; Term Discrimination (TD) [13], and Term Frequency Inverse
Document Frequency (TF-IDF) [62]; or Probabilistic models such as Bayesian
Classifiers [64], Cluster Analysis [5], Decision Trees [55] and Artificial Neural
Networks [91] for analyzing and extracting a set of features that represent
their objective criteria. Furthermore, Pearson Correlation [8], Cosine [23],
and Jaccard [52] Similarities are mostly used to determine the similarity of
items.

The following advantages have been identified for CB methods:

• They rely solely on the characteristics of items rated by a given user in
order to build his/her profile.

• The process of generating recommendations is transparent.
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• They are capable of recommending new products to users without any
previous interactions.

• They are able to quickly recommend a set of items due to its low com-
plexity computation.

Despite the success of CB, several limitations have been identified that re-
duce the quality of recommendations:

• The type and number of features that are associated to users/products
are limited. Thus, if the features do not contain enough information to
distinguish between products, the recommendation system would not
be accurate.

• They have a tendency of over-specializing which limits the ability of
the technique to expand a users’ existing interests.

• If there is not enough information to build a profile for a user, recom-
mendation cannot be provided.

[41], [6], and [73] are among well-known CB recommendation systems.

2.1.2 Collaborative-Filtering Recommendation Systems

Collaborative-filtering (CF) approaches utilize past activities or preferences
of a group of similar minded users in the system to provide a prediction for
each user in the group. The key idea behind CF relies on the assumption that
users who share similar interest in the past are more likely to share same
interest in the future.

User-item (U-I) matrix is the basis for CF techniques. In CF techniques,
user profile and item characteristics are generated from a U-I matrix, rather
than directly from item descriptions and a user information that is used
by CB techniques. Typically, users with similar preferences are grouped as
neighbours. Similarities between users are computed by exploiting resem-
blance of users’ historical preferences. During prediction process, user pref-
erences for unseen items are computed as a combination of preferences of all
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the user’s neighbours. Most similar neighbours have the highest influence
on the predicted preference for the target user [45]. U-I matrix is the only
required information to make predictions using CF techniques, which might
include, user historical preferences, interactions or ratings on a set of items
in the system. A major appeal of CF techniques is that they are domain free,
yet they are able to address aspects of the data that are often elusive and very
difficult to profile using CB techniques [22]. Although CF techniques proved
to be more accurate than CB techniques, they suffer from the cold start prob-
lem, which prevents the model from recommending items to new users with
no prior rating.

In a standard setting of CF, there is a list of M users U = {u1, u2, . . . , um}
and a list of N items I = {i1, i2, . . . , in}. User preferences for items can be
represented by an M × N preference matrix denoted by R, where Ru,i is the
preference for item i given by user u, if Ru,i > 0. The user preferences can
be expressed either explicitly, such as by ratings, like/dislike, or implicitly
as an interactive process between user and items in the form of views, clicks,
purchases. In the case of explicit preference, R typically can range from 1 to
5 as a graded preference, while in the implicit setting the preference is often
binary. Conventionally, Ri,j = 0 denotes an unknown preference of user u for
the item i. Under this setting, the CF problem can be formulated as follows,
given specific user u and matrix R, the goal of the recommender is to provide
an ordered personalized list of items based on the user preferences.

There are two approaches to CF, memory− based and model − based which
can be explained as follows:

2.1.2.1 Memory-Based Collaborative Filtering

In general, the memory-based approach consists of two methods: user-based
and item-based. The user-based method is based on the assumption that sim-
ilar users prefer similar items, therefore the method seeks for “like minded
users” to compute predictions. As it is shown in Figure 2.1a, in a user-based
method recommendations to a target user to view an unseen item is deter-
mined by preferences of similar user. More specifically, given rating matrix
R, a user-based method predicts an active user’s preference on an unseen
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(A) User-Based CF:
Recommend items by finding similar users

(B) Item-Based CF:
Calculate similarity between items and

make recommendations

FIGURE 2.1: Different Type of Memory-Based Collaborative
Filtering

item by aggregating the preferences of similar users that have previously
selected the target item [57]. Commonly used similarity functions include
Euclidean, Cosine, Pearson correlation, and Jaccard [68], which by applying
to the rating vectors of users can help identify similar users. At the predic-
tion process, usually the K nearest neighbours that is, K most similar users to
the active user are selected, and their preferences are aggregated to compute
preference of the active user on a target item. The predicted preference of
user u on item i in simplest form can be formulated as follows:

ˆ︁Ru,i =
1
C ∑

k∈Zu

sim(u, k)Rk,i (2.1)

where Zu represents the set of K nearest neighbours of target user u, C de-
notes normalizing constant, and sim(u, k) is the similarity between user u
and user k measured by a similarity function.

In contrast to user-based CF, item-based CF approaches are based on the
assumption that if multiple users share similar interest on two items, the
items are more likely similar. As it is shown in Figure 2.1b, in an item-based
method the preference of a user on an unseen item is determined by aggre-
gating the similarity between target item and items that they have expressed
positive preference. The similarity of items is usually computed by measur-
ing similarity between vectors that represent preferences expressed by users
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for each item. Commonly used similarity functions include cosine and ad-
justed cosine similarity [3]. The predicted preference of user u on item i in
simplest form can be formulated as follows:

R̂u,i =
1
C ∑

k∈Zi

sim(i, k)Ru,k (2.2)

where Zi represents the set of K nearest neighbours of target item i, C denotes
normalizing constant, and sim(i, k) is the similarity between item i and item
k measured by a similarity function.

Overall, item-based method provides better results than user-based method
since the similarity between items are more reliable than the similarity be-
tween users. Furthermore, preferences of users might change over time, but
items’ properties usually stay constant. Moreover, datasets often have more
users than items which makes it difficult for a user-based method to scale.
Additionally, due to the fact that recommended items are similar to other
items preferred by the user in the past, providing explanations on how rec-
ommendations are generated is easier in item-based methods.

Memory-based CF are effective; easy to implement; and context indepen-
dent, however there are some typical drawbacks associated to this approach.
The computed similarity between users or items is the key point of memory-
based CF, thus rating matrix R has to reside inside memory during predic-
tion which reduces the scalability of the approach. In the system with many
users and items, computation of similarities between pairs affect cost and
time complexity of the approach.

2.1.2.2 Model-Based Collaborative Filtering

Model-based CF approach systems develop a predictive model with a set
of parameters based on the rating matrix R. In the prediction process, the
model can be used to generate recommendations for users. This technique
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builds a model that represents user preferences according to preferences ex-
pressed by users for items in the past. The model building process is per-
formed using variety of machine learning techniques such as bayesian net-
work, clustering, and rule-based, or data mining techniques which usually
require a significant amount of time. However, the recommendation pro-
cess tends to be fast for such a system as they are using pre-computed mod-
els [16]. In the simple and general form, model-based CF can be formulated
as follows:

f (pu, qi) → Ru,i, ∀ u = {1, 2, ..., M}, i = {1, 2, ..., N} (2.3)

in which pu and qi represent the vector of parameters learned by the model
for user u and item i, respectively. f (.) is a function that maps the model pa-
rameters to the known data (e.g., ratings). Thus, the task of model-based CF
is to estimate unknown data based on the learned parameters P = {p1, p2, . . . , pm}
and Q = {q1, q2, . . . , qn} from R under the function f (.). Singular Value
Decomposition (SVD) [63], Latent Semantic methods [21], and Matrix Fac-
torization Techniques [35] are some of the popular techniques used in this
approach.

Matrix Factorization Techniques

Matrix factorization (MF) is one of the most successful realizations of la-
tent factor models based on CF. MF generally decomposes the rating matrix
R into two matrices of low-rank representation (also referred as latent fac-
tors) of users and items, which is further used to predict new ratings between
users and items. MF techniques have become popular in recent years due to
their accurate results, speed in providing predictions, and scalabilities. In its
simplest form, MF can be formulated as follows:



Chapter 2. BACKGROUND INFORMATION 13

P∗, Q∗ = arg min
P,Q

{︄
1
2

M

∑
u=1

N

∑
i=1

Ωu,i(ru,i − pu
Tqi)

2+

λP

2
∥P∥2

F +
λQ

2
∥Q∥2

F

}︄ (2.4)

in which P and Q represent two learned matrices of latent factors, and P∗

and Q∗ denote their optimal values obtained from the minimization func-
tion. Specifically, pu is a vector of P, representing the latent factors of user
u. Likewise, qi is a vector that represents the latent factors of item i. Ωu,i

is an indicator function that is equal to 1 if Rij > 0, and 0 otherwise. ∥.∥F

denotes the Frobenius norm of the matrix, and λP and λQ are regularization
parameters that are usually set to avoid overfitting.

Model-based CF techniques usually have better scalability than memory-
based CF techniques, since the generated prediction models are much smaller
than the actual dataset. Moreover, the process of generating recommen-
dations is usually faster than memory-based CF techniques, as the predic-
tion models are pre-computed. Furthermore, model-based CFs are capable
of handling the problem of sparsity better than memory-based approaches.
However, generating the prediction models are often computationally ex-
pensive.

2.1.2.3 Pros and Cons of Collaborative Filtering Techniques

The major advantage of CF techniques over CB are as follows:

• Their ability to perform in domains where analysis of content associ-
ated with items and users are very expensive or difficult (such as movie
and music suggestion).

• They are capable of providing serendipitous recommendations, which
is the ability of recommending items that are relevant to the user even
without the content being in the user’s profile [25].
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Despite the success of CF techniques, they often suffer from the following
problems:

• Cold start, incapability of the technique to recommend items to users
without any previous interactions.

• First rater, incapability of the technique in recommending new items
that have not been previously rated.

• Sparsity, when there are not enough interactions, ratings in the dataset
to provide meaningful recommendations.

2.2 Deep Learning

Another technology that has brought revolutionary advances in Artificial In-
telligence is deep learning. Deep learning advancements in recent years has
had a great impact on many applications such as image recognition and natu-
ral language processing (NLP). The influence of deep learning is also demon-
strating its effectiveness on developing new generations of smarter and ac-
curate recommendation systems. Deep structure and non-linear activation
function of deep learning technique helps recommenders extract complex
feature representations of users and items from rating matrix, which signifi-
cantly improves the performance of recommender systems [89]. Built around
the basic notion of neural networks (NN), several deep learning techniques
have been developed to improve recommendation systems. Among the dif-
ferent configuration of a deep NN, here we are interested in Multilayer Per-
ceptron (MLP) and Autoencoders (AE) collaborative techniques which are
closely related to our work.

2.2.1 Multilayer Perceptron Based Recommendation System

Multilayer Perceptron (MLP) is the most commonly used Artificial Neural
Network (ANN) for non-linearity modeling. It is concise and effective as
such it has been used for many areas [14, 15]. MLP is a supervised learning
algorithm of feed forward artificial neural network. It consists of multiple
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FIGURE 2.2: Multilayer Perceptron (MLP) Neural Network

fully connected layers of nodes, an input layer, one or more hidden layer and
an output layer, where the activation functions of hidden layers introduce
nonlinearity into the model.

In its simplest form, a MPL takes an input vector x ∈ Rkx and maps it to
output y ∈ Rky , parameterized by θ = {W, b} as follows:

y = f (x) = σ(W.x + b) (2.5)

where W = [kx]× [ky], b = [ky] and σ are the weight matrix, bias vector and
activation function of the function f (x). Finding the optimized value of θ

that minimize error between x and y can be achived as follows:

θ∗ = arg min
θ

L(x, y) (2.6)

where L(.) is the loss function of the MLP. Figure 2.2 illustrates a MLP neural
network that maps input x ∈ Rk to output y ∈ Rk′ .

When providing a recommendation, two sources of information are re-
quired. Considering CB techniques, generated recommendations are based
on the similarities between user information and item characteristics [41].
Similarly, MF (section 2.1.2.2) as a CF technique, decomposes a rating matrix
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into two matrices of low-rank representations of users and items informa-
tion. Thus, it is natural to build a dual deep neural network to capture inter-
actions between users and items. Neural Collaborative-Filtering (NCF) [20]
is a framework aiming to capture the non-linear relationship between users
and items.

Let pu and qi represent the feature vectors of user u and item i (e.g. user
profile and item feature) respectively. The prediction rule can be formulated
as follows:

ˆ︁ru,i = f (pu · WP, qi · WQ|pu, qi, θ f ) (2.7)

where function f (.) defines the multilayer perceptron, and θ f = {W∗} de-
notes the model parameters of this network. The loss function for predicting
explicit preferences can be defined as the weighted square error as follows:

L = ∑
(u,i)∈Ω

wu,i(ru,i −ˆ︁ru,i)
2 (2.8)

where Ω denotes the set of observed preferences in R, and wu,i represents
the weight of training instance (u, i). Moreover, in the case of implicit pref-
erences a probabilistic approach such as binary cross entropy can be used as
the loss function. Binary cross-entropy function is formulated as follows:

L = − ∑
(u,i)∈Ω

ru,i log(ˆ︁ru,i) + (1 − ru,i) log (1 −ˆ︁ru,i) (2.9)

Integrating MLP with MF technique formulates a special case of CF tech-
niques that benefits from both non-linearity of deep learning and low-rank
approximation of matrix factorization. Neural Social Collaborative Rank-
ing (NSCR) [80] and Cross-domain Content-boosted Collaborative Filtering
Neural Network (CCCFNet) [39] are other typical examples of this tech-
nique.
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2.2.2 Autoencoder Based Recommendation System

Autoencoders (AE) as an unsupervised modeling technique have recently
received a lot of attention in the recommendation systems. AE in its simplest
form is a feed forward ANN that aims to reconstruct the initial input as out-
put. In general, the middle layer of an AE is used as low-rank representation
of the input features which is a direct connection to the matrix factorization
principle [51].

Basically, an AE consists of two parts, an encoder and a decoder. It is usu-
ally considered as an unsupervised dimensionality-reduction technique [60],
where the encoder transforms an input into a reduced dimensional hidden
representation and the decoder maps the hidden representation into a re-
construction of the original input through a minimization of a cost func-
tion. In particular, an AE with linear activation functions (linear AE) and
a lower number of neurons in the hidden layers as its input features, pro-
duces a low-rank hidden dimension in the same space of the initial input [7].
Linear AE transform function is almost equivalent to Principal Component
Analysis (PCA), however AE with non-linear activation functions obtains a
deeper hidden representation of the initial input which offers better general-
ization. Moreover, the hidden layer of AE can have a greater dimensionality,
which transforms the initial input feature space into a higher dimensional
space wherein the data in the new feature space disentangles factors of vari-
ation [59].

In its simplest form, an AE takes an input vector x ∈ Rkx and transforms
it into a hidden representation h ∈ Rkh , parameterized by θ = {We, be} as
follows:

h = f (x) = σe(We.x + be) (2.10)

where We = [kx]× [kh], be = [kh] and σe are the weight matrix, bias vector and
activation function of the encoder function f (x) respectively. The resulted
hidden representation h is then mapped back to a reconstruction x̂ in the
same space of x, with θ′ = {Wd, bd} as follows:
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FIGURE 2.3: Autoencoder (AE) Neural Network

ˆ︁x = g(h) = σd(Wd.h + by) (2.11)

where Wd = [kh] × [kx], bd = [kx] and σd are the weight matrix, bias vec-
tor, and activation function, respectively. The weight matrix We can be con-
strained by We = Wd

T which called "tied weights". In particular, each input
feature xi is mapped to the corresponding constructed feature ˆ︁xi. Figure 2.3
shows a multilayers autoencoder.

Finding optimized values of θ and θ′ to minimize reconstruction error can
be achieved through optimizing the following objective function:

θ∗, θ′∗ = arg min
θ,θ′

1
k

k

∑
i=1

L(xi, ˆ︁xi)

arg min
θ,θ′

1
k

k

∑
i=1

L
(︂

xi, f
(︁

g(xi)
)︁)︂ (2.12)

where L(.) is the loss function of AE. Typical choice for range values (e.g.
[1,5]) is the squared error:

L(x, ˆ︁x) = ∥x − ˆ︁x∥2 (2.13)
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and binary cross-entropy when values are either binary or probability:

L(x, ˆ︁x) = −
k

∑
i=1

xi log (ˆ︁xi) + (1 − xi) log (1 − ˆ︁xi) (2.14)

There are several other types of autoencoders. One of the most commonly
used is a denoising autoencoder (DAE), which reconstructs the initial input
from a corrupted version of the data with the motivation of learning a more
effective representation from the input. Typically, a DAE is trained to re-
construct the initial input x from its corrupted version ˜︁x by minimizing the
following objective function:

θ∗, θ′∗ = arg min
θ,θ′

1
k

k

∑
i=1

L
(︂

xi, f
(︁

g(˜︁xi)
)︁)︂

(2.15)

Common corruption choices include additive isotropic Gaussian noise (GS),
masking noise (MN) and salt and pepper noise (SP) [75].

Moreover, Vincent et al [75] introduced the concept of stacked denoising
autoencoder (SDAE) to generate a high-level hidden representation. SDAE
is a slight modification of regular AE, consisting of multiple layers of DAE,
which leads to better performance.

Generally speaking, there are two ways of applying AE into recommen-
dation systems. Firstly, model that are solely based on AE to learn low-rank
representations of user and item features. Secondly, incorporating AE with
traditional recommendation systems.

2.2.2.1 Autoencoder Based Recommendation Systems

In its basic mode, AE takes user or item sparse rating vectors (pu or qi re-
spectively) as input and transforms them to a low-dimensional hidden rep-
resentation, and then reconstructs them in the output layer. Formally, given
sparse rating vector x ∈ Rd, the reconstruction can be interpreted as:
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FIGURE 2.4: Autoencoder (AE) Based Recommendation Sys-
tem Structure

ˆ︁x = σd

(︂
Wd · σe(We · x + be) + bd

)︂
(2.16)

where σd and σe are the activation functions, parameterized by θ = {We, Wd, be, bd}
. Finding optimized value of θ that minimizes reconstruction error can be
achieved though optimizing the following objective function:

θ∗ = arg min
θ

d

∑
i=1

Ωi∥xi − ˆ︁xi∥2
2 (2.17)

∥.∥2
2 denotes the squared Euclidean norm of an observed rating, and Ωi rep-

resents an observed rating in the vector of x. Figure 2.4 illustrates the Basic
Structure of Autoencoder (AE) Based Recommendation System.

Moreover, this technique can be extended to reconstruct input from its
corrupted version, which leads to more robust hidden representations of
data. Also, auxiliary information such as user information and item char-
acteristics can be simply integrated to the model. The reconstruction for in-
corporating auxiliary information can be formulated as follows:

ˆ︁x,ˆ︁a = σd

(︂
Wd · σe(We · (x, a) + be) + bd

)︂
(2.18)
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where a ∈ Rd′ represents the auxiliary information for vector of x. Op-
timized value of θ can be achieved by minimizing the following objective
function:

θ∗ = arg min
θ

{︄
d

∑
i=1

Ωi∥xi − ˆ︁xi∥2
2 +

d′

∑
j=1

Ωj∥aj − ˆ︁aj∥2
2

}︄
(2.19)

Integrating auxiliary information reduces the sparsity of rating vectors, which
leads to improvement in the overall performance of the model. Collaborative
Filtering with Stacked Denoising AutoEncoders and Sparse Inputs [65] and
Collaborative Denoising Auto-Encoder (CDAE) [84] are typical examples of
this technique.

2.2.2.2 Integration of the Autoencoder and the Traditional Recommender
System

In contrast to the AE based recommendation systems, many studies have
tried to come up with hybrid models that integrate AE techniques with tra-
ditional recommendation systems, such as MF-based techniques and nearest
neighbors’ algorithms. These hybrid models can be divided further into two
types, tightly coupled, and loosely coupled models.

Tightly Coupled Technique

In this technique, AE model is responsible for extracting hidden features
from content (user/item partial rating vector and auxiliary information),
which guides learning of latent factors by the integrated CF model. Dur-
ing learning process, AE and CF parameters are optimized simultaneously,
which leads to mutual influence between their parameters. Collaborative
Deep Learning (CDL) [77] is a typical example of this technique. CDL is
a hierarchical Bayesian model that incorporate stacked denoising autoen-
coder (SDAE) [75] and probabilistic matrix factorization (PMF) [49] with
a combined objective function. CDL utilizes SDAE to extract hidden fea-
tures from item auxiliary information. The hidden features then used by
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FIGURE 2.5: Collaborative Deep Learning (CDL) Structure

the PMF technique to learn item latent factors. Moreover, latent factors for
users are directly learn from the rating matrix R. Let P = {p1, p2, . . . , pn},
Q = {q1, q2, . . . , qm} denote the set of latent factors for users and items.
S = {s1, s2, . . . , sm} represents the set of auxiliary information for items. σe(.)
is the hidden representation of auxiliary information generated by the en-
coder part of SDAE. λS, λQ and λP are hypermeters, and C is a confidence
parameter for measuring the confidence to observations [22]. CDL tries to
maximize the following joint log-likelihood function:

L =− λS

2
∥S − ˆ︁S∥2

2−

λQ

2
∥Q − σe(We · S + be)∥2

2 −
C
2
(R − PT · Q)2−

λP

2
∥P∥2

2 −
λAE

2
(∥W∥2

F + ∥b∥2
2)

(2.20)

where the first component of Equation (2.20) measures the error of SDAE.
Components on the second row measure the error of generating hidden rep-
resentation of items’ auxiliary information, and the error of predicted rating.
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Components on the third row are the regularization terms for user latent fac-
tors, weights and bias of SDAE. Figure 2.5 presents the overall structure of
CDL.

Tightly coupled models benefit from automatic learning of features from
content. Their learning process is a two-way interaction, which helps the
model learn more sematic features [92]. Specifically, extracted hidden rep-
resentation by AE helps the CF technique learn more effective latent factors,
while learned latent factors provide feedback to guide the extraction of hid-
den representation [77]. Nevertheless, they are prone to getting stuck in local
optima, which requires careful finetuning of the model hyperparameters and
optimization technique [24]. Collaborative DeepRanking (CDR) [88], Col-
laborative Deep Learning with Heterologous Side Information for Ranking
(CDHR) [69] are other typical examples of this technique.

Loosely Coupled Technique

In this technique, AE processes content to extract latent feature first, and
then feed them to the integrated CF model to learn latent factors. AE and CF
technique are implemented separately thus, their parameters are optimized
independent and cannot provide feedback to guide one another. Hybrid rec-
ommendation model with collaborative filtering and deep learning (HRCD)
is a typical example of this technique [82]. HRCD incorporates stacked de-
noising autoencoder (SDAE) and timeSVD++ [29]. It makes use of SDAE
to learn hidden representation of item auxiliary information, which are then
used by timeSVD++ to learn latent factors of users and items. TimeSVD++
is an effective CF model which tracks time changing behaviour in data [83].
Let pu and qi represent the latent factors of user u and item i respectively.
The prediction rule can be formulated as follows:

ˆ︁ru,i = µ + bi(t) + bu(t) + qi ·
(︄

pu + |Nu|
1
2 ∑

j∈Nu

sj

)︄
(2.21)
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where µ is the overall average rating and bu(t) and bi(t) represent the time-
aware observed deviations of user u and item i respectively. Nu is the num-
ber of items rated by user u, and sj is the vector of auxiliary information
of item j. Let σe(.) denotes the hidden representation of user i, learned by
SDAE. HRCD tries to minimize the following objective function:

P∗, Q∗ = arg min
P,Q

{︄
∑

(u,i)∈Ω
(ru,i −ˆ︁ru,i) + λ

(︂
∥qi − σe(We · si + be)∥2+

∥pu∥2 + ∥bi(t)∥2 + ∥bu(t)∥2 + ∑
j∈Nu

∥sj∥2
)︂}︃ (2.22)

Loosely coupled technique benefits from greater reusability and flexibility.
Their components can be easily replaced by an advanced model [92]. Nev-
ertheless, they often suffer from manual feature engineering [77]. Moreover,
previous scholars have shown that tightly coupled models usually outper-
form loosely models [24].

2.2.3 Pros and Cons of Deep Learning Based Recommenda-

tion Systems

In comparion with traditional recommendation system, deep learning rec-
ommendation systems have the following advantages:

• They are capable of modeling non-linear and complex user-item rela-
tionships. This ability enables recommendation systems to learn a rich
and deep representation of data at higher layers.

• Their ability to effectively combines CB and CF techniques to a hybrid
model. Most of the traditional hybrid models suffer from additional
objective terms and feature engineering that complicate learning and
inference, however deep learning hybrid models can achieve the same
accuracy without any feature engineering.
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• They are flexible models which makes them suitable for integrating to
any recommendation technique such as [50]:

– Integrating with CB technique to effectively capture nonlinearity
of user-item interactions.

– Integrating with CF technique to utilize auxiliary information

– Integrating with Social network-based recommendation systems
to enhance the modeling of user relationships

• Their ability to mitigate the data sparsity and cold start problems by
utilizing additional sources of heterogeneous auxiliary information.

Despite the success of deep learning recommendation systems, they suffer
from the following problems:

• It is extremely difficult to provide a reasonable explanation to recom-
mended results, because it’s practically impossible to follow the non-
linear transformation of data.

• In general, the performance of deep learning techniques is strongly cor-
related with the amount of data available for training. Therefore, in
order for the model to learn rich hidden representation of data, a suffi-
cient amount of data is required.

• Compared to other techniques, deep learning recommendation sys-
tems usually suffer from an intense amount of hyperparameters. Thus,
optimization of the model requires substantial hyperparameter tuning.

2.3 Conclusion

This chapter covered and evaluated two categories of recommendation sys-
tems techniques. Related advantages and shortcomings of each technique
were presented, as well as methods and advantages of hybrid deep learning
recommendation systems related to our work.
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Chapter 3

RELATED WORK

This chapter reviews the work related to our study. Starting with matrix fac-
torization, it reviews the models that assume the underneath of rating matrix
is locally low-rank as opposed to the typical assumption that the rating ma-
trix is globally low-rank. Then, it reviews the deep structured collaborative
filtering techniques that utilize auxiliary information for improving perfor-
mance of the predictions. Specifically, the section is centered on the models
that make use of autoencoders for learning effective latent factors of users
and items.

3.1 Low-Rank Matrix Factorization

Matrix Factorization (MF) is the most popular approach in recommendation
systems to predict missing rating due to its good performance and scalabil-
ity [28, 32, 37, 42, 49, 53]. Typically, MF assumes that there exist a small num-
ber of hidden features that control users’ preferences for items. Therefore,
rating behavior of users can be explained by finding specific hidden features
of users and items. Based on this assumption, MF technique decomposes
user-item (U-I) rating matrix into two lower dimensionality matrices of la-
tent factors, representing user and item specific hidden features. In other
words, the rating matrix is globally low-rank and thus can be approximated
by the inner product of user and item latent factors.

Although MF-based approaches have proven effective in recommenda-
tion systems, the assumption of globally low-rank does not always lead to
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the best performance. Most real datasets include hundreds of thousands
users and items, thus assuming that a few number of latent factors can cover
all the diverse ratings behaviors is unrealistic. In contrast, local low-rank
assumption assumes that the global rating matrix can be decomposed into
multiple sub-matrices of users and items that are locally low-rank. There-
fore, instead of a global approximation of the rating matrix, these techniques
perform local low-rank approximation in each sub-matrix. Some scholars
have tried to decompose the rating matrix into multiple local sub-matrices,
however construction of sub-matrices is a fundamental problem. The fol-
lowing scholars have tried to address this problem.

3.1.1 LLORMA, Local Low-Rank Matrix Approximation

Low-rank assumption of MF technique implies that the rating matrix R can
be decomposed into two matrices that have lower dimensions. More for-
mally, considering R ∈ Rn,m, reconstructed matrix ˆ︁R = P · QT, where P ∈
Rn,k and Q ∈ Rm,k are the latent factors of users and item respectively; and
k ≪ min(n, m) is the dimension of latent factors.

Local low-rank matrix approximation (LLORMA) proposed by Lee et al.
assumes that the rating matrix is composed of several local low-rank matri-
ces. Therefore, they try to approximate ratings matrix R by decomposing it
into multiple sub-matrices. After defining sub-matrices, each local matrix is
optimized independently. Since sub-matrices are overlapping, a weighted
assembling scheme is designed to approximate the overall predicted rating.
Constructing local sub-matrices is the main challenge in the local low-rank
approximation techniques. LLORMA addresses it by first, randomly select-
ing some anchor points from training set. Next, for each anchor point, a
local sub-submatrix is constructed by selecting ratings that are similar to the
anchor point.

As an example, considering ri,j as tth randomly selected anchor point
from the observed rating set of Ω. A local sub-matrix can be constructed
by first, finding the subset of user Ut and items It that are similar to the user
i and item j as follows:
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Ut =
{︂

uk | Distance(ui, uk) ≤ d1

}︂
It =

{︂
ik′ | Distance(ij, ik) ≤ d2

}︂ (3.1)

where, k ⊆ [n] and k′ ⊆ [m], and d1 and d2 are the similarity threshold for
users and items respectively. The local sub-matrix Rt can be defined as:

Rt =
{︂

ri′,j′ |i′ ∈ Ut, j′ ∈ It
}︂

(3.2)

The Distance(.) is a distance function that measures the similarly of two users
or items. For example, the similarity of two users can be computed by mea-
suring similarity of their partial rating or auxiliary information. Lee et al.
used arc-cosine as the similarity measure. The arc-cosine similarity of user
ui and uk (and item ij and ik′) can be formulated as follows:

Distance(i, k) = arccos
(︃

⟨ui, uk⟩
∥ui∥.∥uk∥

)︃
, Distance(j, k′) = arccos

(︄ ⟨︁
ij, ik′

⟩︁
∥ij∥.∥ik′∥

)︄
(3.3)

Let s denote the number of local sub-matrices in R; after reconstructing all
the sub-matrices, approximation of rating ru,i can be formulated as follows:

ˆ︁ri,j =
s

∑
t=1

K(us, u)K(is, i)
∑
v

K(uv, u)K(iv, i)

[︃
pt

i ·
(︂

qt
j

)︂T
]︃

(3.4)

where K(.)K(.)
∑ K(.)K(.) is a weighted average kernel that ensure ratings close to ri,j

has higher impact on the ˆ︁ri,j than those further away. pt
i and qt

j represent
the latent factors of user ui and item ij respectively, from the tth sub-matrix.
In other word, ˆ︁ri,j rating is the weighted average of all the ˆ︁rt

i,j from all sub-
matrices where ri,j occurred.

Experiment on several datasets proved that LLORMA outperforms Non-
negative Matrix Factorization (NMF) [35], Bayesian Probabilistic Matrix fac-
torization (BPMF) [61], Singular Value Decomposition (SVD) [9], Accelerated
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Proximal Gradient (APG) [72], and Divide and Conquer Matrix Factorization
(DFC) [44] which are extensions of MF on how user-item matrix is factorized
to user and item latent factors. Moreover, variety of other domains includ-
ing, image processing, topK ranking, multi-label classification and document
analysis also demonstrates the effectiveness of local low-rank assumption.

3.1.2 SLOMA, Social Local Low-Rank Matrix Approximation

As discussed aforementioned in section 3.1.1, LLORMA outperforms its pre-
vious proposed models, however this method suffers several problems. First,
since anchor points are selected randomly, different initial points lead to dif-
ferent sub-matrices making it difficult to explain the meaning of sub-matrices.
Second, since sub-matrices are generated based on a manually selected thresh-
old, identifying an optimal threshold is a challenging problem. Finally, since
the distance of all users and items must be measured in all sub-matrices,
initialing the model can be prohibitively expensive for large datasets.

To overcome these problems, Zuan el al. proposed the Collaborative
Filtering with Social Local Models (SLOMA) [93], which assumes that lo-
cal low-rank sub-matrices can be interpreted from social connection among
users. Based on the Social Homophily Theory [48] that socially connected
users are likely to exhibit similar preferences and influence on each other
in a social network, SLOMA utilizes social graph to find similar users for
obtaining local sub-matrices in rating matrix. In this technique, the model
begins by selecting influential users in social graph as anchor points. Next,
the social group around each anchor point is identified. Third, ratings of
users within a social group are grouped together to construct a local sub-
matrix. Finally, similar to LLORMA, each local sub-matrix is optimized in-
dependently, and a weighted assembling scheme approximates the overall
predicted rating. In contrast with LLORMA, SLOMA is able to provide an
explanation on how sub-matrices are constructed, since they are created by
utilizing users’ relationships.

Formally, Let G = (U, E) represent a social network in which U denotes
the set of users and E is the set of edges corresponding to connection among
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users. The weight of an edge (i, j) ∈ E is either 1, indicating existence of so-
cial connection between users ui and uj or 0, indicating lack of social connec-
tion. For constructing each local matrix, the model first selects an influential
users ui as the tth anchor point from G. Next, the social group of Ut can be
obtained as follows:

Ut =
{︂

uk | Distance(ui, uk) ≤ d
}︂

(3.5)

where d is the distance threshold for the number of hops between ui and uk

in G. Then, the subset of items for the social group Ut can be assembled as
follows:

It =
{︂

ik′ | (i, k′) ∈ Ω, ui ∈ Ut
}︂

(3.6)

where It can be interpreted as the set of items that are rated by users in the
social group of Ut. Finally, sub-matrix Rt is constructed as follows:

Rt =
{︂

ri′,j′ | i′ ∈ Ut, j′ ∈ It
}︂

. (3.7)

Similar to LLORMA, sub-matrices in SLOMA overlap, therefor the following
rating approximation is employed to recover overall rating from all the sub-
matrices that ru,i is predicted:

ˆ︁ru,i =
1
s

s

∑
t=1

[︃
pt

i ·
(︂

qt
j

)︂T
]︃

(3.8)

The authors compared performance of SLOMA with LLORMA (3.1.1), the
first matrix factorization method based on local low-rank assumption; Im-
proving regularized singular value decomposition for collaborative filtering
(RSVD) [53], a matrix factorization technique based on norm 2 regulariza-
tion; and Recommender Systems with Social Regularization (SocReg) [43],
a matrix factorization technique that integrates social connections as regu-
larization term. Experiments on Yelp [36] and Douban [43] datasets show
that SLOMA consistently outperforms LLORMA and RSVD, which indicates
the effectiveness of incorporating social connection for constructing local
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sub-matrices. However, SoReg performance is slightly better than SLOMA,
which indicates the efficiency of social regularization. Based on this com-
parison the authors proposed SLOMA++ as an extended version that inte-
grate social regularization with SLOMA. Social regularization in SLOMA++
makes sure that users with social connections have similar latent factors.
SLOMA++ as a social local low-rank matrix factorization technique that in-
corporate social regularization achieves better performance than SocReg, which
demonstrate the efficacy of incorporating social connection and local low-
rank assumption.

3.1.3 FDLMA, Local Matrix Approximation via Asymmetric

Distance Measure

Although SLOMA (section 3.1.2) has proved relationship among users are
effective in constructing sub-matrices, sparsity of social information in real
datasets might limit the performance of this model. To this end, Yang et
al. proposed, Local Matrix Approximation Via Automatic Anchor Selection
and Asymmetric Neighbor Inclusion Based on Feature Divergence Measure
(FDLMA) [86], which decomposes a global rating matrix into several local
matrices by measuring asymmetric similarities between user and item rat-
ing vectors. The authors argue that symmetric distance measures such as
cosine similarity and Pearson correlation coefficient are inefficient when the
number of co-rated items are small. Therefore, using an asymmetric distance
measure can improve the construction of local matrices in techniques based
on local matrix approximation.

FLDMA begins by applying non-negative matrix factorization (NMF) [35]
to the rating data to reduce dimensionality of user (item) representation.
Next, a customized distance measure based on KL-divergence [31] is used
to measure similarities of users (items). Users (items) within a similarity
threshold are grouped together to construct local matrices. Finally, each sub-
matrices is approximated locally, and a kernel based assembling approxi-
mates the global rating predictions.
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As an example, considering ui and uk as two users with observed rating
in the rating matrix. Their distance can be measured as follows:

KLdistance(ui, uk) = pi ln
(︃

pi

pk

)︃
(3.9)

where pi and pk are the latent factors of ui and uk, computed by NMF. Equa-
tion (3.9) measures the feature divergence of users (items). Next, the average
distance of users are computed as follows:

AVGdistance(ui, uk) = min
uk :pk>pi

(︃
KLdistance(ui, uk) + KLdistance(uk, ui)

2

)︃
(3.10)

Users (items) with largest KL-divergence and average distance are selected
as anchor points. Next, a local sub-matrix is constructed by finding a sub-
set of users (items) which their KL-divergence distance to an anchor point is
smaller than a defined threshold. After obtaing all the sub-matrices, Nadaraya-
Waston regression is employed to approximate the global ratings.

Experiment results on several real datasets indicate that FLDMA outper-
forms LLORMA (section 3.1.1) and CLLORMA [85], Local Low-Rank Matrix
Approximation with Preference Selection of Anchor Points. In particular,
FLDMA performs better than local matrix approximation techniques that are
based on a symmetric distance measure in constructing local sub-matrices.

3.2 Deep Learning Based Recommendation Systems

As mentioned in section 3.1, Matrix Factorization is the most successful ap-
proach among CF-based methods to learn effective latent factors directly
from user-item rating matrix [30]. However, users can rate a limited num-
ber of items, therefore the rating matrix is often very sparse in the real world
which effects the efficiency of CF techniques for learning appropriate latent
factors. Additionally, CF techniques suffer from the cold start problem. Cold
start problem refers to when a new item (user) arrives to the system with no
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previous interactions. In this situation, CF techniques are incapable of gen-
erating latent factors for the item (user) and thus it is not possible to provide
recommendations. To address these issues, a general strategy is to exploit
additional sources of information about the users or items, also known as
the auxiliary information, and hence hybrid CF methods have gained pop-
ularity in recent years [66]. Auxiliary information refers to a set of personal
information that describe users and items attributes such as users’ profile
(e.g. age), social connections of users (e.g. friends), and item properties (e.g.
category, brand). Most existing hybrid CF techniques incorporate auxiliary
information as regularization term for alleviating the sparsity problem of
rating matrix [79]. However, these methods are not very effective when aux-
iliary information are sparse [2]. Consequently, inspired by success of deep
learning in a wide range of application, some recent scholars have exploited
deep leaning to incorporate auxiliary information with the rating matrix to
learn effective latent factors. The following scholars are among these meth-
ods.

3.2.1 CMF, Collective Matrix Factorization

Collective Matrix Factorization (CMF) [67] proposed by Singh et al. can be
considered the first study that incorporate auxiliary information with MF.
CMF has become a general technique that learn shared latent representations
by integrating multiple related heterogeneous data sources. CMF learns a
joint latent factor for each user (item) based on jointly factorizing all the data
sources that are related. This way, the model benefits from any correlation
that exist between relations in the inputs. The key assumption of CMF is that
all the inputs share same low rank structure [33]. Since CMF includes joint
factorization of multiple sources of data, it is also known as Joint Matrix Fac-
torization (JFM) [90] and Augmented Multiview Learning [27]. In CMF, the
input matrices are simultaneously factorized and share parameters among
factors when an entity participates in multiple relations. To measure error
Singh el al. employed Bregman divergences.

Given R ∈ Rn,m as the rating matrix, A(u) ∈ Rn,k1 as the auxiliary infor-
mation for users, and A(i) ∈ Rm,k2 as the auxiliary information for items, the
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model aims to jointly obtain low-rank latent factors of all entities that satisfy
relationship between all three matrices. A decomposition of R has the form
of R ≈ f (P ·QT), that can be estimated by optimizing the following objective
function:

P∗, Q∗ = arg min
P,Q

L1

(︂
R, f

(︁
P · QT)︁)︂+R1

(︂
P, Q

)︂
(3.11)

where, P ∈ Rn,d and Q ∈ Rm,d are the latent factors for users and items
respectively, f (.) denotes a non-linear function to reconstruct R, L1(.), and
R1(.) represent the loss function and regularization term for R respectively.
Additionaly, a low-rank decomposition of A(u) ≈ f (P ·XT) can be optimized
as:

P∗, X∗ = arg min
P,X

L2

(︂
A(u), f

(︁
P · XT)︁)︂+R2

(︂
P, X

)︂
(3.12)

And eventually, a low-rank decomposition of A(i) ≈ f (Q ·YT) are optimized
as:

Q∗, Y∗ = arg min
Q,Y

L3

(︂
A(i), f

(︁
Q · YT)︁)︂+R3

(︂
Q, Y

)︂
(3.13)

where, X ∈ Rd,k1 and Y ∈ Rd,k2 are the latent factors for users and items
auxiliary information respectively. Since CMF factorizes all the matrices si-
multaneously, the joint objective function is formulated as follows:

P∗, Q∗, X∗, Y∗ = arg min
P,Q,X,Y

L

∑
l=1

Ll +
E

∑
e=1

Re (3.14)

where L and E denote the total number of input matrices and entities re-
spectively, Ll represent the loss function for the lth matrix, and Re is the
regularization term for the eth entity.

Experiments on real datasets shows that CMF outperforms traditional
MF techniques, which proves the effectiveness of incorporating auxiliary in-
formation with MF. Latent factors learned by CMF benefits from correlations
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between relations. Moreover, factorizing all matrices by shared factors allevi-
ates rating sparsity which leads to better latent factors. CMF has become the
cornerstone of MF based techniques that incorporates different types of aux-
iliary information, such as Multi-Relational Domains using Matrix Factor-
ization (MRMF) [40], Convex Collective Matrix Factorization [11], and Deep
Collective Matrix Factorization (dCMF) [46]. Despite the success of CMF, the
model is based on the assumption that all the related matrices can be factor-
ized with the shared latent factors and their interaction is linear. However,
when the relationships between latent factors of related matrices are not lin-
ear, the model suffers from Negative Transfer problem [33, 81].

3.2.2 CDL, Collaborative Deep Learning

Collaborative Deep Learning for Recommender Systems (CDL) [77] proposed
by Want et al. is the first hierarchical Bayesian model for deep recommender
systems. CDL incorporates deep learning and recommendation systems.
The model is a tightly coupled model which achieves jointly deep repre-
sentation learning from auxiliary information and rating matrix. In partic-
ular, the model integrates Stacked Denoising Autoencoder (SDAE) [75] into
Probabilistic Matrix Factorization (PMF) [49], allowing two-way interaction
to guide each other in learning. CDL utilizes SDAE to extract a deep rep-
resentation of features from the noisy version of item auxiliary information.
The features are then used by the PMF technique to learn item latent factors.
Moreover, latent factors for users are directly learned from the rating matrix
R.

Let ˜︁A denote the noisy version of items’ auxiliary information A, the gen-
erative process of CDL is as follows:

1. For each layer l of the SDAE,

(a) For each column n of weight matrix Wl, draw Wl,∗n ∼ N (0, λ−1
w IDl)

(b) Draw the bias vactor bl ∼ N (0, λ−1
w IDl)

(c) For each row i of Ll, draw Ll,i∗ ∼ N
(︂

σ(Ll−1,i∗Wl + bl), λ−1
s IDl

)︂
2. For each item i,
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(a) Draw a clean input Ai∗ ∼ N (LL,i∗, λ−1
n IIi)

(b) Draw a latent offset vector ϵi ∼ N (0, λ−1
v ID) and set the latent

factor item i as: qi = ϵi + LT
L
2 ,i∗

3. Draw a latent factor user u as: pu ∼ N (0, λ−1
u ID)

4. Draw a rating rui for each user-item pair (u, i), rui ∼ N (puqi
T, C−1

ui )

where σ(.) is the sigmoid function, λ∗ are the hyperparameters of the model,
Cu,i is a confidence parameter for determining the confidence the rating ru,i

and L L
2

represents the deep representation of items’ features learned by SDAE.

CDL can be considered the first tightly coupled deep learning model
that incorporates deep learning and CF techniques for utilizing auxiliary in-
formation and ratings with a combined objective function. Due to the its
Bayesian nature and nonlinearity, CDL can be easily generalized to jointly
extract deep feature representation from other sources of auxiliary informa-
tion. The authors compared the performance of CDL with Collective Matrix
Factorization (CMF) (section 3.2.1) as the first hybrid CF technique that in-
corporates auxiliary information with MF, and Collaborative Topic Regres-
sion (CTR) [76], a hybrid CF technique based on Latent Dirichlet Allocation
(LDA) [10]; and Probabilistic Matrix Factorization (PMF). Experiments on
several real datasets shows that CDL outperforms both CMF and CTR which
indicates the effectiveness of incorporating deep learning and CF techniques
for learning rich representation of data. Despite the success of CDL, it lacks
an effective technique for integrating users’ auxiliary information. Therefore,
the model is not applicable for cold start users.

3.2.3 DCF, Deep Collaborative Filtering

Deep Collaborative Filtering via Marginalized Denoising Autoencoder (DCF)
[38] proposed by Li et al. can be considered as the first general framework for
incorporating deep learning and CF techniques in a unified fashion. DCF is a
hybrid model that utilizes users and items auxiliary information, and ratings
to learn effective deep representation of user and item features. The model
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incorporates Marginalized Stacked Denoising Autoencoder (mSDA) 1, and
MF technique to create a highly efficient and scalable framework. Formally,
a given rating matrix R and users and items auxiliary information (A(u) and
A(i) respectively), the objective function of the model is formulated as fol-
lows:

P∗, Q∗ = arg min
P,Q

{︄
LR

(︂
R, f (P · QT)

)︂
+ α

(︂
Lu(A(u), P)

)︂
+

β
(︂
Li(A(i), Q)

)︂
+ λ

(︂
∥P∥2

F + ∥Q∥2
F

)︂}︄ (3.15)

where α and β are trade-off parameters for balancing the influences of the
auxiliary information and λ is a regularization term. There are two key
components in the DCF framework: First, the function LR(.) for decompos-
ing the rating matrix R into the two latent factors. Second, the functions
Lu(.) and Li(.) the deep learning processes in marginalized denoising au-
toencoder for extracting deep representation of users and item features from
auxiliary information. Furthermore, second components of Equation (3.15)
can be formulated as:

Lu(A(u), P) = ∥A(u) − W1 ˜︁A(u)∥2
F + γ∥P1PT − W1A(u)∥2

F (3.16)

Li(A(i), Q) = ∥A(i) − W2 ˜︁A(i)∥2
F + γ∥P2QT − W2A(i)∥2

F (3.17)

where ˜︁A(u) and ˜︁A(i) are corrupted version of A(u) and A(i) respectively; W1

and W2 are weights learned by the mSDA; P1 (P2) is the low dimensional pro-
jection of mapped latent factor P (Q) to feature space of A(u) (A(i)); and γ is
the trade-off parameter for balancing the influence of the inner components.

1an efficient variant of SDA [75] that random feature corruption is marginalized to reduce
the computational cost of learning.
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Experiments on several datasets proved that DCF outperforms prior men-
tioned deep collaborative filtering models that integrate auxiliary informa-
tion and CF techniques. Moreover, DCF is the first deep learning model that
extracts deep representation of features for both items and users which im-
proves the performance of the predictions.

3.2.4 aSDAE-CF, Additional Stacked Denoising Auto Encoder

Collaborative Filtering

CF-based methods are the most popular technique for developing recom-
mendation systems, however sparsity of rating matrices and the cold start
problem cause the methods to degrade significantly in learning appropri-
ate latent factors. Incorporating auxiliary information such as users’ profiles
and item properties could help the methods to learn better latent factors.
However, sparsity of auxiliary information in real scenarios reduces the ef-
fectiveness of learned latent factors. To overcome this problem, many schol-
ars have introduced hybrid models that integrate deep learning with CF to
learn effective latent factors jointly from rating matrix and auxiliary informa-
tion. CDL (section 3.2.2) is one of the first hybrid model that incorporate deep
learning with CF-based methods, nevertheless it only benefits from auxiliary
information of items and it is not applicable for cold start users. In contrast,
DCF (section 3.2.3) uses mSDA as its deep learning structure which is com-
putationally cost-effective, fast and scalable. Moreover, DCF benefits from
both auxiliary information for users and items. Although DCF had proved
effective in learning of rich representation of users and items features, the
large number of manually adjusted hyperparameters and evaluation of deep
learning techniques has paved the path for further research in this area.

To address the challenges above Dong et al. proposed Hybrid Collabora-
tive Filtering Model with Deep Structure (aSDAE-CF) [17] as a deep learning
framework for recommendation systems. Similar to previous deep struc-
tured models, this model utilizes items and users’ auxiliary information to
address the lack of information from the sparse rating matrix. aSDAE-CF is
a tightly coupled model which achieves simultaneously deep representation
learning from auxiliary information and rating matrix to guide the CF-based
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technique in learning effective latent factors. In particular, the model incor-
porates Additional Stacked Denoising Autoencoder (aSDAE) with MF tech-
nique. The model utilizes aSDAE to extract a deep representation of users
and items’ features from the corrupted version of auxiliary information and
rating matrix. The extracted features are then used by MF technique to learn
latent factors for both users and items. aSDAE is an extension of SDAE [75]
that jointly learns deep representation from multiple sources of data (e.g.
user auxiliary information and rating vector) to generate richer latent fac-
tors. Formally, the objective function of the model is defined as follows:

P∗, Q∗ = arg min
P,Q

{︄
LR

(︂
R, f (P · QT)

)︂
+ α

(︂
Lu(T (u), A(u), P)

)︂
+

β
(︂
Li(T (i), A(i), Q)

)︂
+ λ

(︂
∥U∥2

F + ∥V∥2
F

)︂}︄ (3.18)

where α and β are trade-off parameters for balancing the influences of learned
deep representation of users and items, and MF. λ is a regularization term,
R ∈ Rm×n is the rating matrix, and A(u) ∈ Rm×k1 and A(i) ∈ Rn×k2 are the
auxiliary information for users and items respectively. T (u) ∈ Rm×n and
T (i) ∈ Rn×m are the transformation of R for feeding to aSDAEs of users and
items.

The model includes two components: First, the function LR(.) for de-
composing the rating matrix R into the latent factors of P and Q. Second, the
functions Lu(.) and Li(.) the deep learning processes in aSDAE for extracting
deep representation of users and item features from auxiliary information
and transformed version R. Furthermore, second components of Equation
(3.18) can be formulated as:
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Lu(T (u), A(u), P) =γ
(︂
∥T (u) − W1 ˜︁T (u)∥F

)︂
+ (1 − γ)

(︂
∥A(u) −W1 ˜︁A(u)∥F

)︂
+

λ
(︂
∥W1∥2

F + ∥W1∥2
F

)︂
(3.19)

Li(T (i), A(i), Q) =γ
(︂
∥T (i) − W2 ˜︁T (i)∥F

)︂
+ (1 − γ)

(︂
∥A(i) −W2 ˜︁A(i)∥F

)︂
+

λ
(︂
∥W2∥2

F + ∥W2∥2
F

)︂
(3.20)

where ˜︁T (u), ˜︁T (i); ˜︁A(u) and ˜︁A(i) are corrupted version of T (u), T (i) , A(u), and
A(i) respectively; W1 and W2 are weights learned by the aSDAE for transfor-
mations of R; W1 and W2 are weights learned by the aSDAE for auxiliary
information, and γ is the trade-off parameter to balance the influence of the
inner components.

Experiments on three different datasets indicate that aSDAE-CF outper-
forms CMF (section 3.2.1), CDL and DCF. In particular, aSDAE-CF constantly
outperform DCF which proves the effectiveness of aSDAE in learning rich
representation of features when rating matrix and auxiliary information are
sparse.

3.3 Conclusion

This chapter presented two different methods that has applied to CF-based
techniques to improve their performance. Starting with the development
and implementation of local low-rank assumption for MF techniques it cov-
ered, LLORMA as the first MF method that employed local low-rank as-
sumption for factorizing global rating matrix into multiple local sub-matrices.
Next, it provided a summery of SLOMA as the state-of-the-art technique
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that incorporates social connections among users for constructing local sub-
matrices. Last, FLDMA as an extension of LLORMA that leverages asym-
metric distance measure explained. Comparing the performance of LLORMA
with state-of-the-art MF techniques that are based on global low-rank as-
sumption proves that local low-rank assumption is realistic. Furthermore,
comparison between LLORMA, FDLMA and SLOMA demonstrates the ef-
fectiveness of utilizing social connections for constructing local sub-matrices.
The second part of the chapter covered hybrid CF-based techniques that inte-
grate auxiliary information for improving the performance of predictions. In
comparison among all mentioned models, CMF has the lowest accuracy due
to the fact that collaborative filtering is not capable of discovering all cor-
relation between rating matrix and auxiliary information if these matrices
are sparse. CDL achieves better performance that CMF which demonstrates
the effectiveness of incorporating deep learning and auxiliary information.
DCF outperforms CMF and CDL models which indicates the effectiveness
of integrating deep learning with both user and item auxiliary information.
aSDAE-CF outperforms all the above models which proves stacking several
autoencoders that simultaneously extract latent factors from rating matrix
and auxiliary information generate more effective latent factors which lead
to better prediction performance.
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Chapter 4

PROPOSED TECHNIQUE

This chapter proposes a hybrid recommendation system that incorporates
local matrix approximation with deep learning. In particular, the proposed
model is a loosely coupled recommendation system that integrates social lo-
cal low-rank matrix factorization with additional stacked denoising autoen-
coder. The model is designed to effectively utilizes deep learning and several
sources of information for extracting rich representation of user and item fea-
tures.

4.1 Introduction

Matrix factorization (MF) [30] technique as one the most common used tech-
nique among CF-based approaches has achieved a wide range of applica-
tions and excellent performance not only in research but also in industry.
However, despite its promising results, sparsity of rating matrix and cold
start problem alleviate the ability of this technique to generate effective la-
tent factors. In an effort to overcome these problems, MF has attracted the
attention of many scholars.

One of the popular techniques for alleviating the above problems is by
exploiting additional sources of information. In particular, this technique
utilizes correlated auxiliary information about users and items from multi-
ple contexts to compensate for lack of rating data. Auxiliary information
that are used in this technique conventionally includes, user profiles (e.g.,
age and gender), demographic information, metadata, non-textual content
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(e.g., image, videos), item properties (e.g., category, price), etc., which are
usually available in the form of incomplete matrices beside rating matrix in
most of the recommendation system datasets. A hybrid recommendation
system that incorporates rich auxiliary information and the MF technique
can learn appropriate latent factors from less ratings. However, traditional
hybrid CF-based models generally try to integrate auxiliary information as
regularization to constrain learning process of latent factors, which does
not fully exploit the power of auxiliary information [93] . More advanced
techniques have seamlessly integrated auxiliary information into MF feature
extraction process, which makes positive contribution in the learning of la-
tent factors and rating predictions. Although learning latent factors jointly
from auxiliary information and rating data has proved to be successful, the
sparsity of auxiliary information and complexity of simultaneously factor-
ing several matrices causes models based on these techniques to degrade
significantly in learning effective latent factors [2] . Recently, by the develop-
ment of deep learning techniques and their abilities to automatically perform
complex and non-linear feature extraction from multiple data sources while
providing state-of-the-art performance has encouraged scholars to leverage
deep network for incorporating auxiliary information and rating data.

Despite the success of hybrid collaborative filtering with deep structure,
assuming a few numbers of latent factors can represent all conceivable latent
distributions of rating behaviours is problematic. Recently some scholars
have tried to decompose a rating matrix into several sub-matrices of simi-
lar users and items. In this technique instead of assuming rating matrix is
globally low-rank, it is assumed that the rating matrix is constructed from
multiple matrices that are locally low-rank and therefore can be represented
by a small number of latent factors. Even though, local low-rank assump-
tion has shown to be successful, obtaining local sub-matrices has proved to
be challenging [93] . Another approach that gained substantial attraction in
the past decade is utilizing social relationships among users for improving
the performance of recommendation systems. Social relationships are usu-
ally presented as a matrix where value of one represents a relationship be-
tween two users, and zero indicates otherwise. Many traditional MF-based
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techniques have leveraged social relationships among users as regulariza-
tion [19,43,92] . Based on “Homophily Theory – the tendency for individuals
to associate with similar others [70] ”, these techniques assume similar users
have a higher chance of being friend and therefore constraint latent factors
of socially connected users to be similar. Despite the positive effect of this
approach on the performance of recommendation systems, determining sig-
nificance of each relationship (weak and strong relationships) on users rating
behaviour is a fundamental problem [71] . A novel technique to address the
above dilemma is by exploiting the social relationship among users for con-
structing local sub-matrices. In this technique it is assumed that the social
relationship matrix embeds a number of social groups, within which users
have similar preferences to and influences on each other. Therefore, instead
of treating the rating matrix as a global low-rank matrix, it can be decom-
posed to locally low-rank sub-matrices based on the number of the social
group inside the social relationship matrix. Thus, instead of having a single
vector of latent factors for each user (item), users (items) have multiple vec-
tor of latent factors based on the number of social groups exist. Extensive
experiments indicate the effectiveness of this technique.

Inspired by the techniques discussed above and their ability to improve
prediction accuracy of MF, we propose a Deep structured LOw Rank Matrix
Approximation technique (DLORMA) for recommendation systems. DLORMA
is a general framework that incorporates both deep learning and local low-
rank matrix approximation in a loosely coupled fashion. The model inher-
its the best of the two techniques: First, the power of deep learning for ex-
tracting rich representation of user and item features from rating data and
auxiliary information. Second, the effectiveness of local low-rank assump-
tion in capturing all the diverse rating behaviours. The current version of
DLORMA benefits from SLOMA [93] for local low-rank matrix approxima-
tion and aSDAE-CF [17] for deep learning structure. To the best of our
knowledge DLORMA is the first recommendation system that incorporated
local low-rank matrix approximation with deep structured collaborative fil-
tering that utilizes auxiliary information in the learning process.

In the next part of this work, we will first present the construction of local
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sub-matrices in a rating matrix via social relationships. Next, we will pro-
vide the deep structure of collaborative filtering model that has been used
for learning latent factors from localized rating sub-matrices and auxiliary
information. Then, we demonstrate the DLORMA structure. Lastly, we eval-
uate the performance of our hybrid framework with several real datasets
against the baselines.

4.2 Social Low-Rank Matrix Approximation

This section describes the low-rank matrix approximation of DLORMA in
depth.

4.2.1 Background

We start by notation used throughout this work. We donate matrices us-
ing upper case letters, and entry of a matrix using lower case letter with
index (i,j) for the row and the column of the entry respectively. Let U =

{u1, u2, . . . , um} and I = {i1, i2, . . . , in} be the sets of users and items re-
spectively. The original rating matrix is denoted by R ∈ Rm×n. A low
rank approximation of R is denoted by ˆ︁R = PQT, where P ∈ Rm×k,
Q ∈ Rn×k, and k ≪ min(m, n). The set of integers {1, 2, .., t} is abbre-
viated as [t]. The set of indices of observed rating of R is denoted by
Ω def

= {(u1, i1), (u2, i2), . . . , (ut, it)} ⊆ [m]× [n]. A projection PE with respect
to a set of rating matrix indices E is the the function defined by:

[PΩ(R)]i,j
def
=

⎧⎨⎩ri,j, (i, j) ∈ Ω

0, otherwise
(4.1)

Let G ∈ Rm×m represents the social relationship matrix. The set
of indices of the observed social connection of G is denoted by
Ψ def

= {(u1, u1), (u2, u2), . . . , (um, um), } ⊆ [m] × [m]. A projection PE

with respect to a set of social connection matrix indices E is the function
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defined by:

[PΨ(G)]i,j
def
=

⎧⎨⎩1 (i, j) ∈ Ψ

0 otherwise
(4.2)

Moreover, the auxiliary information matrix of users and items are denoted
by Au ∈ Rm×k1 and Ai ∈ Rn×k2 , respectively.

4.2.2 Low-Rank Matrix Approximation

Based on the Social Homophily Theory [48] that socially connected users are
likely to exhibit similar preferences and influence on each other in a social
network, social connection matrix can be utilized to find similar users for ob-
taining local sub-matrices in a rating matrix. Therefore, based on the number
of required sub-matrices, the model first randomly selects a set of influential
users from G as anchor points. After selecting u(s)

i as the sth anchor point,
the shortest distance between u(s)

i and all the users uk in G can be computed
from social connection matrix as follows:

Distance(ui
(s), uk), ∀ uk ∈ G (4.3)

Next, based on the assumption that the anchor point influence on its directly
connected users can propagate to other users that are indirectly connected,
a social group in social network is determined by selecting users that their
maximum distance to the anchor point is not higher than a defined threshold.
Thus, a subset of users for constructing the sth sub-matrix can be obtained as
follows:

U(s) =
{︂

uk : Distance(ui
(s), uk) ≤ h

}︂
(4.4)

where h is the maximum number of hops for constructing a social group
(e.g., four). Then, the subset of items that are rated by Us can be obtained
from the rating matrix as follows:
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FIGURE 4.1: Illustration of Local Sub-Matrices Construction

I(s) =
{︂

j : (i, j) ∈ Ω, ∀ui ∈ U(s)
}︂

(4.5)

Finally, R(s) as the sth local sub-matrix is constructed by grouping ratings
given by the U(s) to I(s).

R(s) =
{︂

ri,j : i ∈ U(s), j ∈ I(s)
}︂

(4.6)

Figure 4.1 shows a graphic illustration of composing rating matrix to a num-
ber of sub-matrices based on underlying social groups in the social connec-
tion matrix.

Similarly, the sth sub-matrices of auxiliary information for U(s) and I(s)

are selected as follows:

Au(s) =
{︂

au
i,∗ : i ∈ U(s)

}︂
(4.7)

Ai(s) =
{︂

ai
i,∗ : i ∈ I(s)

}︂
(4.8)
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4.3 Low-Rank Additional Stacked Denoising Au-

toencoder

This section demonstrates the deep structure of DLORMA in depth.

4.3.1 Background

Classical MF technique, decomposes a rating matrix R into user and item
matrices, where both user and item can be mapped to a joint latent factor
space. Therefore, user-item interactions are modeled as inner products in
that space. Formally, matrix factorization decomposes the original rating R
into two low-rank matrices P and Q consisting of the user and item latent
factor vectors respectively. Thus, the objective function of MF can be formu-
lated as follows:

P∗, Q∗ = arg min
P,Q

L
(︂

R, f (P · QT)
)︂

(4.9)

where, L(.) is the loss function that minimizes the error between R andˆ︁R = f (P · QT). Furthermore, if the rating matrix is denoted by R ∈
Rm×n, each user i can be represented by a partially observed vector tu

i =

{ri1, ri2, . . . , rin} ⊆ [n], and T u ∈ Rm×n is the transformation of R into
m instances of {tu

1, tu
2, . . . , tu

m} ⊆ [m] × [n] for all the users. Identi-
cally, each item j can be represented by a partial observed vector ti

j =

{r1j, r2j, . . . , rmj} ⊆ [m], and T i ∈ Rn×m is the transformation of R into n
instances of {ti

1, ti
2, . . . , ti

n} ⊆ [n]× [m] for all the items.

4.3.2 Additional Stacked Denoising Autoencoder

aSDAE is an extension of the stack denoising autoencoder that integrates
auxiliary information to the input. Additionally, aSDAE constructs the in-
put from its corrupted version with the motivation of discovering a more
robust low-dimensional representation of the input [74]. As an example,
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given the partial observed vector t = {t1, t2, . . . , tn} and the auxiliary in-
formation of a = {a1, a2, . . . , ap} for a user u, t̃ and ã are obtained by adding
Gaussian noise to t and a, respectively. Therefore, an aSDAE reconstructs t
and a from their corrupted version as follows:

t̂ = decoder

(︃(︂
encoder(t̃We + ãWe + be)

)︂
Wt̂ + bt̂

)︃
â = decoder

(︃(︂
encoder(t̃We + ãWe + be)

)︂
Wâ + bâ

)︃ (4.10)

where t̂ and â are the reconstructed version of the original input t and a, re-
spectively. W and W are the weight matrices and b is the bias vector. encoder(.)
and decoder(.) denote element-wise activation function such as sigmoid func-
tion, and encoder(t̃We + ãWe + be) is considered as the joint latent factor rep-
resentation of inputs. Let ˜︁T ∈ Rm×n and ˜︁A ∈ Rm×p denote the corrupted
versions of inputs T and A by adding Gaussian noise, respectively. Note
that Equation (4.10) represents a one-layer aSDAE, but in reality, an autoen-
coder can consist of multiple hidden layers. By mapping the deep feature
generated by encoder(.) of an aSDAE model to the latent factor of MF model,
the aSDAE bridges feature learning and rating data prediction for joint train-
ing. The objective function of an aSDAE can be formulated as follows:

arg min
[W],[W ],[b]

ς
(︂
∥T − ˆ︁T ∥2

F

)︂
+ ϱ
(︂
∥A − ˆ︁A∥2

F

)︂
+ λ

(︂
∑
(︁
∥W∥2

F + ∥W∥2
F + ∥b∥2

F
)︁)︂

(4.11)

where ς and ϱ are the trade-off parametes to balance the influence of the in-
put components, λ is a regularization term. Considering our model, utilizes
two aSDAE; one for converting users and their auxiliary information to user
latent representations; and the other for converting items and their auxiliary
information to item latent representations (P and Q respectively), the total
objective function can be formulated as follows:
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P∗, Q∗ = arg min
P,Q

{︄
LR

(︂
R, f (P, Q)

)︂
+ α

(︃
Lu

(︂
T u, Au, ˜︁T u, ˜︁Au

)︂)︃
+

β

(︃
Li

(︂
T i, Ai, ˜︁T i, ˜︁Ai

)︂)︃
+ λ

(︂
∑
(︁
∥W∥2

F + ∥W∥2
F + ∥b∥2

F
)︁)︂}︄ (4.12)

where LR(.) is the loss function for decomposing the rating matrix R into
two latent factor matrices P and Q. Lu(.) and Li(.) are the loss functions of
aSDAEs of users and items, α and β are the trade-off parameters to balance
influence of two aSDAEs in the objective function and λ is a regularization
parameter. Furthermore, Equation (4.12) can be formulated as the following
cost function:

L =
⃦⃦⃦
PΩ ⊙

(︂
R − P · QT

)︂⃦⃦⃦2

F
+ α

(︂
ς
⃦⃦⃦
T u − ˆ︁T u

⃦⃦⃦2

F
+ ϱ

⃦⃦⃦
Au − ˆ︁Au

⃦⃦⃦2

F

)︂
+

β
(︂

ς
⃦⃦⃦
T i − ˆ︁T i

⃦⃦⃦2

F
+ ϱ

⃦⃦⃦
Ai − ˆ︁Ai

⃦⃦⃦2

F

)︂
+ λ

(︂
∑
(︁
∥W∥2

F + ∥W∥2
F + ∥b∥2

F
)︁)︂

(4.13)

where PΩ is the set of observed ratings in R and ⊙ denotes the point-wise
multiplication. Note that the middle layers of aSDAEs perform as bottle-
necks to capture a deep representation of user and item features jointly from
their rating vectors and auxiliary information. These middle layers are the
key in enabling the model to simultaneously learn effective feature repre-
sentations and capture the similarities and relationships between users and
items.

4.4 DLORMA

DLORMA is built on the top of two state-of-the-art recommendation tech-
niques namely aSDAE-CF and SLOMA. It is a loosely coupled hybrid model
that incorporate deep learning with local low-rank matrix approximation.
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Input: Rating matrix R ∈ Rm×n whose entries are defined over ob-
served index set of Ω, Social connection matrix G ∈ Rm×m, num-
ber of local model l, distance threshold h, and auxiliary informa-
tion Au and Ai for users and items respectively.

1: for all s : 1 to l do
2: Select ui

(s) as an anchor point from Ω
3: for all users k : 1 to m do
4: Compute shortest distance using (4.3)
5: end for
6: Construct subset U(s) using (4.4)
7: Construct subset I(s) using (4.5)
8: Construct local rating data R(s) using (4.6)
9: Construct local user auxiliary information Au(s) using (4.7)

10: Construct local item auxiliary information Ai(s) using (4.8)

11: Transform R(s) into T u(s) ∈ Rm×n and T i(s) ∈ Rn×m

12: Construct a noisy version of ˜︂T u(s), ˜︂T i
(s)

, ˜︂Au(s) and ˜︂Ai
(s)

13: for i : 1 to number o f iteration do
14: Update P(s) using objective function (4.12)
15: Update Q(s) using objective function (4.12)
16: end for
17: end for
Output:{ui

(s), P(s), Q(s)}l
s=1

ALGORITHM 4.1: Local Sub-Matrices Training

The model exploits social connections among users to factorize rating matrix
and auxiliary information into local sub-matrices. Next, sub-matrices are fed
to a deep structured CF-based technique for learning effective representation
of user and item features. Finally, an unweighted average ensemble method
is employed for approximating the global rating matrix from each individual
sub-matrices.

4.4.1 Parallel DLORMA

Algorithm 4.1 represents the parallel phase of the DLORMA. After obtaining
user and item latent factors in each local model through joined deep learning
processes, each local model is estimated independently. By training each
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local model, s groups of user and item latent factors ({P(1), P(2), . . . , P(s)},
and {Q(1), Q(2), . . . , Q(s)} for users and items respectively) are obtained. At
the end of this phase, user and item latent factors and anchor point for each
local model are returned to be processed by the next phase.

Users participated in local models may have overlaps which is aligned
with the assumption that users tend to participate in multiple groups in so-
cial network. Note that intuitively different friends could have a different
amount of impact on a user. Therefore, depending on each local model that
a user participated in, a different set of latent factors are assigned to that user
(or item). This phase is called parallel as estimation of s local models can be
performed in parallel, since they are independent.

FIGURE 4.2: The Structure of Parallel DLORMA. The Model
Consists of Two Components: The Local Low-Rank Sub-
Matrices Construction and Additional Stacked Denoising Au-

toencoders

Figure 4.2 shows the structure of parallel DLORMA. the model consists
of two components: the local low-rank sub-matrices construction, which
decomposes the rating matrix R, and auxiliary information of Au and Ai

into several regional sub-matrices; and additional stacked denoising autoen-
coders, which achieve simultaneously deep learning representation learning
from the regional sub-matrices to guide MF technique in learning effective
local latent factors for users and items.
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4.4.2 Global DLORMA

After obtaining user and item latent factors from phase one, they are com-
bined to produce ˆ︁R using the following equation:

ˆ︁ri,j =
1

|l|

l

∑
s=1
ˆ︁r(s)i,j (4.14)

where ˆ︁r(s)i,j is the predicted rating for ri,j in the sth local model. l is the set of
local models that rating ri,j observed, and |l| denotes the size of l. In other
word, the predicted rating of item j given by user i is the average of local
predicted rating that user i gives to item j in all the local models of l.

Although accuracy of ˆ︁ri,j as an estimation of ri,j improves with the num-
ber of local models s that the rating belongs to, it is bounded by the quality
of {ˆ︁r(1)i,j ,ˆ︁r(2)i,j , . . . ,ˆ︁r(s)i,j }. Thus, by selecting s large enough in a system with suf-
ficiently social connection among its user, it is safe to assume error ˆ︁ri,j − ri,j

is likely to be small as we will analyze in the next chapter.

Despite the possibility that local models overlap, the algorithm learns
each local model independently based on different subsets of the rating ma-
trix and the auxiliary information of users and items. On the other hand,
it is possible to approximate R by a joint loss function for all local models
simultaneously using Equation (4.14) with respect to {Ps, Qs}l

s=1 as follows:

∑
(i,j)∈Ω

(ri,j −ˆ︁ri,j)
2 = ∑

(i,j)∈Ω

(︂
ri,j −

1

l

l

∑
s=1

[P(s) · Q(s)]i,j
)︂2

(4.15)

where P(s) and Q(s) obtains from the middle layer of aSDAEs, however for
simplicity in this work we optimize one local model at the time.
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4.4.3 Optimization

The objective function 4.13, is not jointly convex in all the variables but, it
is convex for each variable while the others are fixed. Thus, we can alter-
nately optimize the cost function for each of the variables using gradient-
based methods, as they are usually used for non-local matrix factorizations.
In our work we used gradient descent with Adam [26] momentum for learn-
ing latent factors. Denoting the latent factors P and Q of the cost function
collectively as the parameter vector θ, and using η for the learning rate with
respect to each local model. Therefore, we have the following general update
rule:

θ = θ − η∇L(θ) (4.16)

where ∇L(θ) is the gradient of the objective function. In general, the update
rule for P and Q when the other one is fixed are as follows:

P = P − η
∂L(θ)

∂P
(4.17)

Q = Q − η
∂L(θ)

∂Q
(4.18)

and the detailed gradients are as follows:

∂L(θ)
∂pi

=− ∑
i

(︂
ri,j − (pi · qT

j )
)︂

qj +

ς ∑
i
(tu

i −ˆ︁tu
i )

∂ˆ︁tu
i

∂pi
+ ϱ ∑

i
(au

i − ˆ︁au
i )

∂ˆ︁au
i

∂pi
+ λpi

(4.19)
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∂L(θ)
∂qj

=− ∑
i

(︂
ri,j − (pi · qT

j )
)︂

pi +

ς ∑
i
(ti

j −ˆ︁ti
j)

∂ˆ︁ti
j

∂qj
+ ϱ ∑

i
(ai

j − ˆ︁ai
j)

∂ˆ︁ai
j

∂qj
+ λqj

(4.20)

Furthermore, update roles of weights and biases of two aSDAEs in each local
model are based on backward propagation of errors technique using gradi-
ent descent with Adam momentum.

4.5 Conclusion

This chapter presented the conceptual design of the proposed hybrid recom-
mendation system. The model is designed to effectively utilize the advan-
tages of two recommendation techniques discussed in the previous chapter.
The model is designed to successfully exploits multiple sources of auxiliary
information and to achieve performance improvement over other mentioned
baselines.
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Chapter 5

EXPERIMENTAL RESULTS

In this chapter, performance of the proposed hybrid recommendation sys-
tem (DLORMA) is evaluated. In particular, the research was centered on
the achieved performance of DLORMA (section 4.4.1) in comparison with
the two state-of-the-are recommendation techniques that the hybrid model
is based on.

5.1 Experiments

In this section, experiments are detailed, including the datasets and the eval-
uation metrics. Furthermore, it compares the performance of DLORMA with
baseline models that the model is based on and two additional state-of-the-
art recommendation systems.

5.1.1 Dataset

There are a few recommendation systems datasets that provide both social
relationships and auxiliary information for users and items, therefore the
experiments are limited into three datasets, CiaoDVDs [18], Epinions [47]
and Yelp [4] datasets.

Ciao website was a European-based online shopping portal for users to
write reviews and rate a variety of products that were available to public.
CiaoDVDs is a part of collected data by Ciao website that are related to rating
and reviewing of movies. The subset includes three sources of data, movie
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ratings, review ratings and user relationships. The dataset contains 72K rat-
ings from 17K users on 16K movies in 17 categories, 1.6M review ratings
based on the helpfulness of the review that can be used as auxiliary informa-
tion and 40K directed trust relationships. All the ratings are integer values
in the range of 1 to 5. Additionally, auxiliary information of movies con-
tains, number of reviews, average rating, genres of movies, and a range of
date that movies were rated. Identically, user auxiliary information contains
number of reviews, average rating, genres of movies that each user rated,
and a range of date that movies were rated by each user. The auxiliary in-
formation are encoded into binary vectors of length 182 and 184 (users and
items respectively).

Epinions is an online website that users can write reviews and rate other
users reviews on a variety of products. In our work we are using the ex-
tended version of the dataset which also includes trust and distrust among
users. The dataset contains 13M ratings from 120K users on 755K reviews
in 200K subjects, as well as 1.5M written reviews, 717K directed trust rela-
tionships and 123K directed distrust relationships. All the ratings are inte-
ger values in the range of 1 to 6. Please note that for the user relationships
we are only using trust relationships. Furthermore, auxiliary information of
reviews contains number of reviews, average of rating, subjects of reviews
and a range of dates that reviews had rated. Identically, user auxiliary infor-
mation contains number of review that each user wrote, average rating that
each user’s review received, subjects that reviews written by each user, and
a range of dates that the reviews were rated by. The auxiliary information
are encoded as binary vectors of length 50 for users and items.

Yelp is an online website and mobile application which users can write
reviews and rate business on. The collected dataset from Yelp contains over
6M reviews from 1.6M users on 192K businesses. The dataset also provides
friendship among users. All the reviews include integer rating values in
range 1 to 5. Furthermore, auxiliary information of businesses contains a
wide range of attributes from location of the business to parking and avail-
ability. However, auxiliary information about users are limited to a nar-
rowed range of attributes such as, number of reviews, number of fans and
compliment types. Business auxiliary information are encoded as binary
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vectors of length 133 and 30 (businesses and users respectively).

Furthermore, pre-processing of datasets includes, removing users with
no friend and items with less than 5 ratings. Table 5.1 represents the statistics
of the datasets after pre-processing.

Dataset Users Items Ratings Social connections R-sparsity S-sparsity U-sparsity I-sparsity

CiaoDVDs 404 9726 17768 6752 99.5% 95.9% 87.4% 95.4%
Epinions 2745 3889 53510 133156 99.5% 98.2% 71.8% 83.5%

Yelp 6584 5669 385864 247838 99.0% 99.4% 46.3% 51.4%

TABLE 5.1: Statistics of Datasets

(A) CiaoDVDs (B) Epinions (C) Yelp

FIGURE 5.1: Distribution Frequency of the Distinct Ratings in
CiaoDVDs, Epinions and Yelp Datasets

(A) CiaoDVDs (B) Epinions (C) Yelp

FIGURE 5.2: Average Distribution of the Number of Users in a
Cluster to the Total Number of Users by the Number of Hops

in CiaoDVDs, Epinions and Yelp Datasets
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5.1.2 Experimental Settings

In order to divide the datasets into training and testing sets, 20 percent of
the ratings from each dataset are selected randomly to be used as testing
data. Therefore, during training only 80 percent of the rating data is used
for training the model, and the reminder ratings are used to evaluate the
accuracy of the model. Furthermore, DLORMA and the baselines are imple-
mented using Tensorflow [1]. The following hyperparameters are used in the
experiment. For the fixed hyperparameters the following configurations are
set: 1) in the denoising autoencoder based model, the corrupted version of
inputs are created by applying Gaussian noise with corruption level = 0.03
and number of hidden layers are set to 3. 2) In DLORMA and aSDAE-CF,
inner threshold ϱ = ς = 0.2; outer threshold α = β = 0.8. 2) In TDAE++,
the initial value of the tuning parameters of α is set to 0.07 and then grad-
ually increased to 1.00. In FDLMA, the kernel smoothing value h = 8 and
the distance threshold dc = 2. For the dynamic hyperparameters we used
the following configuration: 1) In DLORMA and SLOMA, number of local
models l = {10, 20, 30, 40, 50}; number of hops h = {1, 2, 3, 4, 5, 6} and an-
chor points for the training set are selected randomly from influential users.
Furthermore, the learning rate η = 0.001; The dimensionality of learned la-
tent factor for users and items is set to 64, and the number of epochs is set to
300 for DLORMA and the baselines. Additionally, each experiment repeated
five times and the average is reported.

5.1.3 Evaluation Metric

Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) are em-
ployed as the evaluation metrics. They are defined as follows:

RMSE =

⌜⃓⃓⎷ 1

|Ω′|
∑

(i,j)∈Ω′
(ri,j −ˆ︁ri,j)2 (5.1)
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MAE =
1

|Ω′|
∑

(i,j)∈Ω′
|ri,j −ˆ︁ri,j| (5.2)

where ri,j and ˆ︁ri,j denote the observed rating and predicted rating of the user
i for the item j, respectively. Ω′ denotes the set of all user-item ratings in the
test set and |Ω′| is the size of the test set.

5.1.4 Baselines

In order to evaluate the performance of the proposed model, the perfor-
mance of DLORMA compared with the following baselines.

• SLOMA [93]. Collaborative Filtering with Social Local Models, is a
local low-rank matrix factorization technique which incorporate social
connection among users into the local low-rank matrix approximation.

• aSDAE-CF [17]. Hybrid Collaborative Filtering Model with Deep
Structure for Recommender Systems, is a deep structured collabo-
rative filtering model based on stacked denoising autoencoders that
learns latent factors for items and users from auxiliary information and
rating data.

• FDLMA [86]. Local Matrix Approximation via Automatic Anchor Se-
lection and Asymmetric Neighbor Inclusion Based on Feature Diver-
gence Measure, is a local low-rank matrix completion technique that
computes similarity between users and between items by an asymmet-
ric measure distance.

• TDAE++ [78]. Trust-Aware Collaborative Filtering with a Denoising
Autoencoder, is a deep structured collaborative filtering model based
on denoising autoencoder that learns latent factors for users and items
from explicit and implicit relationship among users and rating data.
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For all the baselines, the models are trained with 80 percent of each the
dataset, and the remaining is used as the testing set. Each experiment re-
peated five times by randomly splitting the datasets.

5.1.5 Anchor Points Selection

1. Complete. Selecting anchor points randomly from the social connec-
tion matrix.

2. Highest relationship. Selecting anchor points from users that have
highest relationships.

3. Clustering. Selecting anchor points with highest relationships in dis-
tinct clusters of dataset.

The first method is easy to implement, however some of the local models
might end up without any entry which degrades the effectiveness of local
modeling. The second method is effective if most of the users with highest
relationships are not in a same cluster, which was not the case in our ex-
amined datasets. The third method has the best performance, however it
imposes another machine learning technique to our model, which makes the
model difficult to implement and increases average elapsed time for training.

5.2 Results and Analysis

Table 5.2 shows the average RMSE and MSE of the proposed model and the
baselines. It should be noted that for SLOMA and DLORMA, the reported
performance in the table is obtained by selecting the best of average RMSE
and MAE achieved by combining different number of local models and hops
mentioned in section 5.1.2.

Two set of experiments were conducted to evaluate the performance of
DLORMA. First, the performance of DLORMA is compared with the base-
lines. Second, the impact of number local models and the number of hops
are analysed.
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Datasets

——Models—— Metrics————- ——–Yelp——– ——Epinions—— ——CiaoDVDs——

DLORMA

RMSE 0.9416 0.6055 0.7062

Improvement

MAE 0.7016 0.4679 0.5201

Improvement

SLOMA

RMSE 1.0297 0.6666 1.0544

Improvement 8.52% 9.16% 33.03%

MAE 0.7994 0.4867 0.8313

Improvement 12.22% 3.87% 37.43%

aSDAE-CF

RMSE 0.9461 0.6329 0.7315

Improvement 0.47% 4.33% 2.86%

MAE 0.7060 0.4713 0.5355

Improvement 0.62% 0.72% 2.86%

FDLMA

RMSE 1.0166 0.6636 0.8699

Improvement 7.37% 8.75% 36.55%

MAE 0.8108 0.4894 0.8699

Improvement 13.47% 4.39% 40.21%

TDAE++

RMSE 1.0774 1.0456 1.1347

Improvement 12.60% 42.09% 37.76%

MAE 0.8415 0.6733 0.9920

Improvement 16.62% 30.50% 47.57%

TABLE 5.2: Comparison of the Average RMSE Error and MAE
Error for DLORMA, SLOMA and aSDAE-CF on CiaoDVDs,
Epinions and Yelp Datasets. Improvements are Measured by

the Reduction of RMSE in Comparison to DLORMA

5.2.1 Comparison of Different Models

Table 5.2 shows the result that compare DLORMA, SLOMA, FDLMA,
aSDAE-CF and TDAE++ using Yelp, Epinions and CiaoDVDs datasets. The
best results in each dataset are highlighted. Based on the result given in
the Table 5.2, TDAE++ has the worst performance in all cases. This is not
unexpected as the model relies solely on a deep structured autoencoder to
provide predictions. In addition, TDAE++ does not exploits auxiliary in-
formation about items, which degrade the quality of learned latent factors.
Moreover, FDLMA performance is slightly better than SLOMA by a margin
of 1.2% and 0.4% on the Yelp and Epinions dataset, respectively. This is due
the fact that sparsity of social connections in the mentioned datasets prevents
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SLOMA from identifying appropriate social groups in the social network.
However, in CiaoDVDs dataset that the sparsity of social connection is some-
what denser, SLOMA achieves better performance in comparison to FDLMA
by a margin of 5.5%. Thus, we can infer that social relationships are more ef-
fective than asymmetric measure distance in constructing sub-matrices, if
density of social connection is larger than 5%. Furthermore, aSDAE-CF is
a strong baseline which outperforms SLOMA, FDLMA and TDAE++ by a
sizeable margin in all datasets. Finally, DLORMA has a better performance
than aSDAE-CF, which validate the efficiency of incorporating deep learning
and local low-rank approximation in achieving performance improvement.

5.2.2 Impact of Auxiliary Information

As shown in Table 5.2, the performance of DLORMA is much better than
TDAE++ in all three datasets. Both models leverage auxiliary information
to learn rich representation of user and item features. TDAE++ integrates
social relationship among users (explicit relationships); similarity between
users (implicit relationships) with rating data to deal with sparsity of rating
matrix. Although integrating user auxiliary information and rating data im-
proves the performance of TDAE++, the model lacks an effective technique
for integrating information about items. On the other hand, DLORMA in-
tegrates information about user; rating data and item characteristics, which
increase the ability of the model in extracting the deeper and richer latent
factors in comparison to TDAE++. This demonstrates the efficiency of deep
learning in extracting effective latent factor jointly from multiple source of
information.

5.2.3 Impact of Deep Learning

Based on the results, DLORMA consistently outperforms SLOMA and
FDLMA in all three datasets. The improvement in the performance is more
evident in the CiaoDVDs dataset as their rating matrix sparsity and low
number of users compared to items alleviate the ability of SLOMA in learn-
ing proper representation of users and items latent factors. On the other
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hand, our proposed model exploits additional sources of information such
as auxiliary information about users and items to compensate for lack of
rating data. In particular, the model leverages deep learning to simultane-
ously factor rating data and auxiliary information to learn effective latent
factors which lead to a better performance. Furthermore, non-linear activa-
tion function of denoising autoencoder in DLORMA obtains a deeper repre-
sentation of user and item latent factors that linear activation of SLOMA and
FDLMA lacks. This demonstrates the effectiveness of incorporating auxiliary
information and deep learning with MF in extracting rich representations of
users’ preference and items’ properties.

5.2.4 Impact of Local Sub-Matrices

Both DLORMA and aSDAE-CF simultaneously learn latent factors for users
and items from rating data and auxiliary information. Both models benefit
from non-linearity as well as complex feature extraction of deep learning.
They effectively combine auxiliary information with traditional collabora-
tive filtering techniques. Nevertheless, when comparing these two models,
DLORMA invariably achieves better performance in all three datasets. This
improvement is more substantial in CiaoDVDs dataset which its extreme
sparsity in auxiliary information matrices degrades the ability of aSDAE-CF
technique in learning effective latent factors. On the contrary, the proposed
model takes advantage of social connection among users for decomposing
rating matrix into several local rating matrices better enables the model in
extracting effective latent factors. This demonstrates the efficiency of incor-
porating local low-rank assumption with MF to improve recommending per-
formance.

5.2.4.1 Dependency on the Number of Local Models

Figure 5.3 shows the performance of DLORMA and SLOMA as a function of
the number of local models. The results are achieved by selecting the number
of local models in range 10 to 50, and the number of hops is set as 2.
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(A) CiaoDVDs (B) Epinions (C) Yelp

FIGURE 5.3: RMSE of DLORMA, SLOMA and aSDAE-CF as a
Function of the Number of Local Models on CiaoDVDs, Epin-

ions and Yelp Datasets

It is worth to highlight that then DLORMA always outperforms SLOMA,
FDLMA and TDAE++ in Yelp and CiaoDVDs datasets. However, in Epin-
ions dataset, DLORMA performs worst than SLOMA and FDLMA when the
number of local models is smaller than 40. More specifically, when the num-
ber of local models is smaller than 40, a large portion of rating data are not in-
cluded in any of the local sub-matrices. The prediction accuracy of DLORMA
on this group is worst than SLOMA and FDLMA. In comparison with aS-
DAE -CF, the proposed model consistently performs worst than aSDAE-CF
in all three datasets when the number of local models is smaller than 40. The
reason as stated in [93], is that fewer social group means less overlaps in the
local models which diminishes the ensemble prediction accuracy according
to Equation (4.14). Moreover, both SLOMA and DLORMA benefit from in-
creasing number of local models as their performance improve by additional
local models, however when the number of local models is more than 40 the
gain in performance is usually either flatten or rather minor. This flatten
performance is due to the fact that having more local models do not neces-
sary increase the number of social groups in the social connection matrix, it
just selects another anchor point in the same social local groups which are
already defined.
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(A) CiaoDVDs (B) Epinions (C) Yelp

FIGURE 5.4: RMSE of DLORMA, SLOMA and aSDAE-CF as a
Function of the Number of Hops on CiaoDVDs, Epinions and

Yelp Datasets

5.2.4.2 Dependency on the Number of Hops

Figure 5.4 shows the performance of DLORMA and SLOMA as a function
of the number of hops. The results are achieved by selecting the number of
hops in range 1 to 6 and the number of local models is set as 50.

Regardless of the number of hops, DLORMA outperforms SLOMA, and
TDAE++ in all three datasets. When comparing DLORMA and FDLMA,
we observe that DLORMA has better performance on Yelp and CiaoDVDs
datasets. However, FDLMA outperforms DLORMA on Epinions dataset
when the number of hops is smaller than 2 on Epinions dataset. In com-
parison with aSDAE -CF, DLORMA consistently outperforms aSDAE -CF
on all three datasets, when the number of hops is greater than 1. However,
aSDAE-CF outperforms DLORMA when the number of hops is equal to 1.
The reason is that each local model covers a few numbers of users and items,
therefore DLORMA overfits the training set and its ability to generalize on
the test set, is reduced significantly. However, when the number of hops is
larger or equal to 2, each local model is big enough to benefit from localiza-
tion and penalizing term to generalize well on the test set.

Moreover, when comparing the performance of DLORMA with other
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baselines, it is evident that the improvement in the performance of DLORMA
is more significant when the sparsity of rating data and auxiliary information
prevent other baselines from generating effective latent factors. Additionally,
aSDAE-CF always performs better than SLOMA, regardless of number of lo-
cal models and hops. This indicates the advantage of simultaneously per-
forming deep users and items latent factors learning from rating data and
auxiliary information

5.3 Conclusion

In this chapter two experiments with recommendation datasets were
conducted. First, the performance of hybrid recommendation system
(DLORMA) was compared with SLOMA, FDLMA, aSDAE-CF and TDAE++.
It was aimed to prove that a hybrid model which incorporates local low-rank
approximation with deep learning outperforms other state-of-the-art mod-
els that are based on each individual technique. The next experiment was
aimed to investigate the dependency of DLORMA and SLOMA on the num-
ber of local models and hops among users for constructing social groups.
The experimental results presented, demonstrates that DLORMA as a com-
bination of local model assumption and deep learning obtains, lower RMSE
than other baselines even when the number of local models and hops are at
a minimum. Furthermore, DLORMA can achieve good prediction accuracy
even when a dataset and its auxiliary information are sparse.
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Chapter 6

CONCLUSION

In this study we have shown how two existing recommendation strategies
can be incorporated to develop a hybrid recommendation system to improve
the performance of recommendation systems. In this chapter we provide a
summary of our work and highlight a broader perspective for the future
work.

6.1 Summary

Developing a hybrid recommendation system that combines two or more
recommendation techniques is an interesting and practical research topic.
The objective of developing such a system is to create a recommendation sys-
tem that benefits from the complementary advantageous of combined tech-
niques to provide a better prediction accuracy. Therefore, in a broader per-
spective, creating a hybrid recommendation system should be based on com-
bining best techniques to maximize the efficiency of the combined model.
One of the most common technique that often used for creating recommen-
dation systems is matrix factorization (MF). Classical MF decomposes rating
matrix into two low-rank hidden representation of users and items features.
Despite the fact that the MF is a popular and successful approach among
recommendation systems, the performance of the technique degrades sig-
nificantly when rating data is sparse. To alleviate this problem many schol-
ars have tried to learn latent factors from rating data and additional sources
of information such as auxiliary information. Thus, many researches have
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employed deep learning as the technique which simultaneously learns la-
tent factors from rating data and auxiliary information. Another approach
that recently has been used to elevate performance of MF based models is
local low-rank matrix approximation technique. In this technique, instead
of approximating rating matrix globally, the matrix is decomposed into sev-
eral sub-matrices that are low-rank and can be approximated locally. Ex-
perimental results indicate the effectiveness of this technique in improving
prediction accuracy. Inspired by success of above techniques, we proposed
a Deep structured LOw Rank Matrix Approximation (DLORMA) for recom-
mendation systems which incorporates mentioned techniques. In particu-
lar, DLORMA utilizes social relationship among users for decomposing rat-
ing matrix into several local sub-matrices. Next, it uses additional stacked
denosing autoencoder to jointly learn latent factors for users and items from
rating data and auxiliary information. Extensive experimental results on
three real-world datasets demonstrates that our hybrid model outperforms
methods which are solely based on one of these techniques.

6.2 Future Work

As the recommendation systems have become the key technology for help-
ing and guiding users in an immense amount of data, developing an effec-
tive recommendation system has presented scholars with several research
opportunities. In this study, we exploited developing a hybrid recommen-
dation system which incorporates two of the state-of-the-art strategies in rec-
ommendation systems. We now outline a few other directions which can be
explored further.

1. In many recommendation domains, users are not expressing their in-
terest by providing explicit feedback. Therefore, it maybe effective to
extend this work to learn from implicit feedback, such as click, like, etc.

2. In this study we integrated only one source of auxiliary information
for users and items, however our work has the potential to learn from
multiple heterogeneous sources of information such as, frequency and
duration of users’ visits, as well as reviews and description of items.
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3. In this study we used social relationships among users for decompos-
ing rating matrix into sub-matrices, however it is unreasonable to as-
sume this source of information is available in all domains. Thus, it
is worth exploiting other sources of information for constructing local
matrices.

4. The current version of DLORMA benefits from additional stacked
denoising autoencoder for features extraction and social relationship
among users to localize the rating matrix. Since these components are
coupled in a loosely fashion, they can be easily replaced by a new ad-
vanced technique.
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