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Dealing with cold-start problems in
Recommender Systems: a Deep Neural
Network-based method

Guannan Qu

Nowadays, Recommender Systems (RSs) have been ubiquitously used on the internet-based plat-
forms to make recommendations for users. However, the mainstream recommendation algorithms
such as Collaborating Filtering (CF) and Matrix Factorization (MF) are usually plagued by the
new user and new item cold-start problems. The root of the problems is the lack of prior infor-
mation of new users and new items that these mainstream algorithms rely on. Researchers have
attempted to use various approaches to ameliorating the cold-start problems in RSs. However,
most of them have only achieved to mitigate one of the cold-start cases, either the new user cold-
start or the new item cold-start. Therefore, the main goal of this thesis is to fully utilize users’
and items’ observable side information to train a Deep Neural Network (DNN) based model,
which can alleviate both new user and new item cold-start problems. The proposed model is
trained and evaluated on MovieLens-1M dataset, and hence it is a movie recommender system.
However, once auxiliary information of users and items is provided, the proposed model can be
applied in various fields. Furthermore, to verify the effectiveness of the proposed model, several
state-of-the-art recommendation algorithms will be adopted for comparison. The experimental
results indicate that the proposed model can outperform all the compared algorithms in terms of
the Mean Absolute Error (MAE) metric.

1. Introduction

As online information exponentially increases, information overload has become
an unavoidable dilemma. A primary challenge for information producers is to
efficiently provide users with the information that interests them from the overloaded
information. To this end, Recommender Systems (RSs) have emerged to overcome
this challenge by using data mining techniques. The essence of RSs is leveraging big
data on consumers and products to generate customized dynamic recommendations.
RSs are ubiquitously used in our daily life, such as in e-commerce, social networks,
and entertainment (Da’u and Salim 2019). Thus, building an effective personalized
recommender system is of importance for internet-based platforms to attract and retain
customers and maximize the value of their products.

Content-based (CB) and collaborative filtering (CF) are two main classic approaches
to building RSs (Wang, Jiang, and Lou 2020). CB recommender system makes rec-
ommendations by analyzing users’ preferences for items’ attributes based on users’
historical behaviors. Similarly, CF recommender system also leverages users’ browsing
and evaluating history to generate recommendations, yet it tends to detect correlations
or similarities between users and items from the user-item rating matrix. The system
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then makes recommendations based on similar items or similar users. Both CB and
CF methods are commonly used and have their own advantages. However, they are
not without their downsides, such as data sparsity and cold-start problems (Barjasteh
et al. 2016). Most users generate very limited feedback or ratings to the items produced,
making the user-item matrix very sparse (see Table 1). Hence, CF method is incapable of
extracting valid correlations or similarities between users and items to provide valuable
recommendations. Another crucial issue for both CB and CF recommender systems is
known as the cold-start problem. It includes the new user cold-start problem and the
new item cold-start problem. The problems arise because there is no historical rating
information of new users and new products. Therefore, both CB and CF recommender
systems are not feasible in this situation.

Table 1

An example sparse user-item matrix presenting ratings (on a five-point scale) provided by K
users to N items, where "?" denotes the missing ratings. It can hardly provide useful information
like correlations or similarities between users and items.

Ratings H Ttem 1 ‘ Ttem 2 ‘ Ttem 3 ‘ Ttem 4 ‘ ...... ‘ Item N
User 1 2 ? ? 3 5
User 2 ? 3 ? 3 ?
User 3 4 4 ? ? 2
User 4 ? 1 3 ? 4
User K 2 ? 5 2 ?

Traditional CB and CF methods merely concentrate on historical information to
generate recommendations (Son 2016), which causes the aforementioned problems.
However, except for the data on users’ browsing and evaluating history, side
information of users and items can also be exploited in RSs to ameliorate these
problems (Low, Yap, and Tee 2018). Such information includes but is not limited to
users’ demographic data and item attributes. These auxiliary data are not difficult to
obtain (Gupta and Katarya 2020), as they are mostly provided when users register and
items are launched online. However, these data can be extremely complex due to their
high dimensionalities and multiple modalities (Gupta and Katarya 2020). To manage
such massive and complex data, deep learning methods can be applied, as they have
shown extraordinary strength in learning complex feature representations in various
fields (Da’u and Salim 2019).

Thus, the main goal of this thesis is to utilize deep neural networks trained on side
information of users and items to build a personalized recommender system that can
mitigate both new user and new item cold-start problems. To achieve it, the main
research question below is needed to be answered.

RQ: How does the deep neural network leverage users” and items’ side information to alleviate
cold-start problems in Recommender Systems (RSs)?

To tackle the main research question, I aim to train the deep neural networks on
side information of users and items to build a movie recommender system by using
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MovieLens-1M dataset (Harper and Konstan 2015). Once the side information of users
(ID, age, gender, and occupation) and movies (ID, genre, title, and released year) are
provided, they can be used as input features feeding in neural networks to predict the
labels—ratings. Due to the full use of side information of users and movies, instead
of only focusing on prior information, the proposed model can mitigate the cold-start
problems that plague traditional CB and CF RSs.

Following the main research question come three sub research questions aiming to
examine and improve the performance of the proposed model:

SQ1: How hyperparameters, such as learning rate, dropout rate, and batch size, affect the
accuracy of the proposed model?

This sub question is proposed to find the optimal model for further model evaluations.
To answer it, it needs to be examined whether different hyperparameter configurations
can influence the model’s performance and which configuration can yield the best
result. Thus, hyperparameter optimization is needed to be implemented. However, due
to the limited time and experimental hardware conditions, only three hyperparameters
(i.e., learning rate, dropout rate, and batch size) are tuned for 30 trials based on Bayesian
optimization method. The results show that different hyperparameter combinations
indeed significantly impact the performance of the proposed model. Therefore, the
model that generates the best result will eventually be selected to compare with several
baselines and competitors.

SQ2: Does the proposed model outperform other classic RSs models?

The second sub question aims to further verify the effectiveness of the proposed model.
To answer it, it needs to be examined whether and to what extent the proposed model
can outperform the compared algorithms. In experiments, two baselines and three
competitors are employed to compare with the proposed model in terms of the Mean
Absolute Error (MAE) and Root Mean Square Error (RMSE) metrics. The baselines
are user’s average rating and movie’s average rating, while the competitors include
user-based CF (UBCF), item-based CF (IBCF) and Singular Value Decomposition (S5VD)
algorithms. The comparisons are conducted on different sampling settings (i.e., 60%,
70%, 80%, and 90% training sizes). For each sampling setting, it is found that the
proposed model is superior to the compared algorithms.

SQ3: Instead of only utilizing observable side information, does adding extra latent features
improve the proposed model’s performance?

Historical rating data are not fully used in the proposed model, while some useful latent
features can be mined from them to further increase the accuracy of recommendations
(Bi, Liu, and Fan 2020). Hence, the third sub question is proposed to examine whether
the use of historical rating data can contribute to improving the model’s performance.
From another point of view, SQ3 also tries to investigate whether purely using side
information as inputs while ignoring historical data in the proposed model will
compromise the model’s performance. Thus, except for observable side information,
three extra features extracted from historical rating data are also fed into the proposed
model as inputs. One of them is a latent feature that represents the user’s preference
degree to each movie genre. It is extracted by using the method proposed by Cai et al.
(2014). The other two extra inputs are user’s average rating and movie’s average rating.
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Consequently, an improved model trained on three more features is built. In order to
answer S@)3, it needs to be examined whether and to what extent the improved model
can outperform the base model proposed before. Interestingly, the results show that
adding these three extra features does not help improve the model’s performance. This
may be caused by overfitting problems, as the extra features usually also bring in more
noise.

For providing more detailed answers to the research questions, the following sections
are formulated. Section 2 introduces related works that also focus on the cold-start
problems in RSs. Section 3 describes the framework of the proposed model and the
improved model in detail. Section 4 discusses the dataset, experimental settings and
environment. The experimental results are then showed in Section 5 and analyzed more
specifically in Section 6. Finally, Section 7 makes a conclusion for this paper.

2. Related work

To date, researchers have investigated a variety of approaches to mitigating cold-start
problems in RSs. The literature review of this thesis mainly discusses the research works
that attempt to use different sources and types of data to solve cold start problems. Some
of these studies only address one of the cold-start problems, either the new user cold-
start problem or the new item cold-start problem. However, they are still of considerable
referential importance and have provided valuable insights in this domain, such as
the methods of managing users and items auxiliary information and extracting more
useful data. Some other studies have achieved to ameliorate both new user and new
item cold-start problems in RSs, which provide some model architectures with reference
significance and numerous insightful findings.

2.1 Addressing new item cold-start problem

Several studies have revealed that the key to solving new item cold-start problem is to
fully use the existing items and users’ interactive behaviors with them. These interactive
behaviors can be users’ reviews or purchases of the existing items. Some of the studies
exploited content-based (CB) method to alleviate new item cold-start problems. Given
the existing items’ properties (i.e.items’ contents), and users’ historical behavioral
data, Saveski and Mantrach (2014) utilized non-negative matrix factorization technique
to factorize the item-property matrix and the item-user rating matrix to extract the
association between users and each of items’ properties. Based on the association
extracted and new item’s properties, Saveski and Mantrach (2014) claimed that the
score representing how likely the new item can interest a user can be predicted.
However, Yuan et al. (2016) argued that CF method can generate more accurate
and diverse recommendations than CB, as CB limits users’ choices (Zhu et al. 2020).
Therefore, Yuan et al. (2016) created a deep learning-based CF recommender system
that leverages the document embedding technique (i.e.,doc2vec) to pair (match) each
new item I, with the existing item I,;q that has ratings based on the similarity. By
doing this, a pair (Inew, {oia) is generated and considered as one item. Therefore, when
1514 is recommended to a user by utilizing CF method, I,,¢,, will also be recommended
to this user. Yuan et al. (2016) applied the proposed system in job searching domain and
achieved to make recommendations for new jobs. In addition to only focusing on items’
content information, Zhu et al. (2019) took active learning method into account as well.
Active learning is basically selecting some users to randomly rate new items. In order to
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maximize the effectiveness of active learning, Zhu et al. (2019) designed user selection
criteria based on users’ historical ratings and items’ properties. Thus, users who meet
the criteria are selected to rate new items. According to these ratings, users’ previous
ratings and items’ properties, Zhu et al. (2019) can predict the ratings of other users
on new items. Another research work inspires me is the one from Ameen et al. (2020).
The authors proposed a convolutional neural network (CNN) and matrix factorization
based model that recommends travel locations to travelers. To overcome new travel
location cold-start problem, the authors trained a CNN on the images of new travel
locations to extract latent factor representations of them. Based on user-travel location
attributes extracted from historical data and new location’s latent factors, Ameen et al.
(2020) achieved to recommend new locations to users who are interested in them.
Ameen et al. (2020) presented a method of combining image data for recommendation
in a recommender system. In the movie recommender system proposed in this thesis,
movie posters, as image data, may also be exploited by using the same method. Besides,
the authors tuned one of the hypeparameters in their proposed model to achieve better
results. Therefore, hyperparameter optimization will be taken into account in this thesis
for generating more accurate recommendations.

The aforementioned studies use some side information of items, such as their properties
and descriptions, to mitigate new item cold-start cases. However, they neglect auxiliary
information of users. Thus, new user cold-start problem is not solved. Low, Yap, and Tee
(2018), however, took side information of users and items into account to build a hybrid
model using generalized matrix factorization and CNN for movie recommendations.
Nevertheless, their main goal is not to ameliorate cold-start problems and they only
used user ID and movie ID as inputs, which may cause poor generalization. As (Low,
Yap, and Tee 2018) summarized themselves, more side information can be involved to
generate more accurate recommendations.

2.2 Addressing new user cold-start problem

Compared with dealing with new item cold-start problems, handling new user cold-
start cases is sometimes considered to be harder, as new items are often launched online
with auxiliary information, such as some descriptions or tags, that can be used for
recommendations. As for new users, Feng et al. (2021) utilized their explicit and implicit
feedback data, Lika, Kolomvatsos, and Hadjiefthymiades (2014) and Safoury and Salah
(2013) purely exploited users demographic attributes to generate recommendations,
while Sahebi and Cohen (2011) also took external information into account. Specifically,
explicit feedback data refer to users” available ratings, and implicit feedback data can
be users’ clicking or browsing history (Feng et al. 2021). By using Bayesian Personalized
Ranking (BPR) model on implicit feedback data, Feng et al. (2021) extracted implicit
features of users and items. Likewise, based on explicit feedback data, Probabilistic
Matrix Factorization (PMF) is utilized to extract explicit features. Feng et al. (2021)
then combined these two types of features to train the model, and hence the fused
user-item matrix can be obtained to predict recommendations. However, it should
be pointed out that Feng et al. (2021) assume the users with less than 20 ratings as
new users in their research, which may not be meticulous, as in real world, new users
are the users without any historical information. Considering that, Sahebi and Cohen
(2011), Lika, Kolomvatsos, and Hadjiefthymiades (2014) and Safoury and Salah (2013)
suggested to fully use users’ social networks information and demographic data for
recommendation generation. The basic idea of Sahebi and Cohen (2011) is to build
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communities based on users external profiles and similarities between these profiles.
The external profiles can be composed of users social networks information provided
in other systems. Similarly, Safoury and Salah (2013) and Lika, Kolomvatsos, and
Hadjiefthymiades (2014) proposed to construct a neighborhood for new users based
on the similarities on their demographic data. Thus, the items that are commonly
highly-rated by the neighborhood users can be recommended to new users who are in
the same neighborhood.

Generally, when users register on an online platform, they often provide some basic
data, such as demographic data mentioned by Safoury and Salah (2013). Furthermore,
sometimes they even directly provide or select personal preferences on the platform or
connect their external profiles (Sahebi and Cohen 2011). All these data can be fully used
in RSs to generate more personalized recommendations. However, these basic data are
usually with multiple modalities and can be very complex (Gupta and Katarya 2020).
Deep learning algorithms, in this scenario, can be the most ideal tool to manage these
data to generate better results due to their powerful feature representations learning
ability (Gupta and Katarya 2020; Ma, Geng, and Wang 2020). Ma, Geng, and Wang
(2020) utilized deep neural networks on three types of interactions between services
and mashups to extract useful features, thereby recommending appropriate component
services to new mashups for developers.

2.3 Addressing both new item and new user cold-start problem

Previous studies show the importance of utilizing users and items data in RSs. Whether
it is observable auxiliary information or latent features extracted from the existed data,
they all play a vital role in generating accurate recommendations in the cases of cold-
start. Natarajan et al. (2020) suggested to use the Open Linked Data (LOD) cloud to col-
lect new users or new items basic data, subsequently exploit these data in RSs to make
recommendations. Guo, Sun, and Theng (2019), Bi, Liu, and Fan (2020) and Bahrani et al.
(2020), on the other hand, suggested in their studies that the provided side information
of users and items can be used in various recommendation engines. It can be used
in deep neural networks for nonlinear latent representations learning (Guo, Sun, and
Theng 2019; Bi, Liu, and Fan 2020). It can also be used for similarity computing. Bahrani
et al. (2020) proposed to expand users and items profiles by extracting and combining
users’ demographic similarity and cosine similarity, items’ ontological similarity and
cosine similarity to deal with cold-start cases. In addition to basic side information like
users demographic data, social networks information can also be leveraged in RSs to
extract similarities or links between users and items in the cold-start situation (Camacho
and Alves-Souza 2018; Liu et al. 2020).
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3. Methods

Deep learning algorithms are applied in this project to solve a regression problem. The
main framework of the proposed model is a multi-layer feedforward neural network
trained on side information of users and items to predict a continuous label —users’
ratings for items. It should be mentioned that MovieLens 1M dataset (Harper and
Konstan 2015) is used in this thesis to build a movie recommender system, so the
items mentioned throughout this section refer to the movies. More details about the
dataset itself are discussed in Section 4.1. Based on the dataset, users’ side information
including users” online IDs, genders, ages and occupations can be used in the deep
neural network for representations learning of users. Similarly, items’ side information
that contains items’ IDs, genres, titles and released years is utilized in the deep neural
network to extract useful features of items. The extracted user’s and item’s features are
then concatenated to act as the user-item features to represent each instance. The whole
process of representations learning and concatenation is completed through the input
layer, embedding layer, convolutional layer, pooling layer and dense layer in the neural
network. The predicted ratings then are yielded from the output layer.

The proposed model mentioned above is considered as a base model aiming to answer
the main research question, SQ1 and SQ2 that are stated in Section 1. To answer S@3,
not only observable side information, but also 3 latent features extracted from historical
rating data will be used to examine whether additional features can help improve
model’s performance. The extracted latent features are user’s average rating, movie’s
average rating and user’s preference degree to each movie genre (Cai et al. 2014).
However, it should be noted that in new user cold-start cases, it is not feasible to obtain
user’s average rating and preference degree to each movie due to the lack of history
records of new users. Likewise, movie’s average rating cannot be gained and used
while dealing with a new movie.

In summary, a base model trained only on the observable side information of users and
items and an improved model trained on both observable side information and latent
information are discussed in Section 3.1 and Section 3.2, respectively.

3.1 Base model

The main framework of the base model is shown in Figure 1. A multi-layer feedforward
deep neural network including the input layer, embedding layer, fully connected layer,
convolutional layer, pooling layer and output layer is conducted. Next, each part of the
proposed model is introduced in details.

1. Inputs

Side information of users and items utilized in the base model is either categorical or
textual data that cannot be directly processed in the deep neural network, as arithmetic
operations cannot be performed on the values taken by categorical and textual data (Bi,
Liu, and Fan 2020). Therefore, these data are needed to be encoded to numerical values
before they enter into the input layer in the neural network.

Categorical data
As for categorical data, such as user’s gender, age and item’s genre, released year,
ordinal encoding (i.e., integer encoding) is applied. In ordinal encoding, each unique
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Figure 1
The main framework of the proposed model (base model) that consists of the input layer,
embedding layer, fully connected layer, convolutional layer, pooling layer and output layer.

category value can be represented by an integer. The integers assigned can be arbitrary
or in accordance with a certain logical relationship or order. For the categorical data
mentioned above, each category value is assigned the index value of each category in
the category set. For example, in the set {Animation, Comedy, Drama, Romance}, the
category Animation can be represented by its index in the set, which is the number
zero, and Comedy is one, Drama is two, Romance is three.

Text data

In this thesis, only item’s title is considered as text data. Tokenization (i.e., word segmen-
tation) is implemented to split the text into a sequence of strings, the element of which is
called token. For example, for the movie titles: "The Cat From Outer Space", "Cats Don’t
Dance", and "Space Cowboys", they can be split into the lists of the words: ["The", "Cat",
"From", "Outer", "Space"], ['Cats", "Don’t", "Dance"], and ["Space", "Cowboys"] by using
Tokenization. Each unique word in the list is a token. Each token then can be assigned
a numerical value (integer) according to the frequency it appears and its position in the
text. In this case, the word "Space" is assigned the number one, as it occurs the most
in the text, while others occur only once. After that, the integers are endowed to other
words based on their positions in the text (see Table 2). This suggests that each movie
title can be represented as a sequence of integers respectively. Moreover, padding is
used to ensure all text data to be with the same length, as shown in Table 3.
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Table 2 Table 3
An example presenting how text An example illustrating how text data (i.e., movie titles)
data (i.e., movie titles) are are represented by the sequences of integers that are with
segmented into tokens and then the same length and can be processed in the neural
converted to numerical values. network.
Token Index-b:ased Text Sequence of
Encoding Integers
?pac? 1 The Cat Fror”n Outer [2,3,4,5,1]
The 2 Space
"Cat" 3 "Cats Don’t Dance" [6,7,8]
"From” 4 "Space Cowboys" [1,9]
"Outer” 5 :
After Paddin
”Cats” 6 g
"Don’t" 7 The Cat FI‘OI’P Outer 2,3,4,5,1]
"Dance" 8 Space
"Cowboys" 9 "Cats Don’t Dance" [6,7,8,0,0]
"Space Cowboys" [1,9,0,0,0]

However, the user and item inputs (i.e., integer representations) have very limited
representation capability (Ying et al. 2018), as they are merely assigned based on the
frequency and index values and independent with each other. As a result, the word
"Cat" and "Cats" in the above example are completely unrelated, yet this is obviously
not in line with reality. Thus, a word should be represented from different dimensions,
such as the singular and plural form in this case and semantics, instead of only from
the perspective of frequency and basic index.

2. Embedding layer

The embedding layer is employed to learn more informative vector representations for
categorical and text data. It maps the encoded categorical and text data (i.e., integer
representations) to n-dimensional dense vectors (Jun et al. 2020). Each element in the
vector represents a feature or a combination of features for each discrete variable. For
this reason, these vectors are generally more informative than the index-based integer
representations discussed previously. It should be noted that the dimensionality of
word embeddings, which is denoted by d, can be arbitrarily specified. In the base
model, word embeddings are set to 32-dimensional (i.e., d = 32).

Take the movie title "The Cat From Outer Space" as an example, each integer represen-
tation in Table 2 can be transformed into a four-dimensional dense vector by passing in
the embedding layer. The results are shown in Table 4.

3. Convolutional layer

Kim (2014) has proposed the TextCNN algorithm that leverages the convolutional
neural network (CNN) to extract text features for sentence classification tasks (Gong
and Ji 2018). The structure of TextCNN is mostly consistent with that of CNN when
CNN is used for image representations learning (Zhang and You 2021). The only
difference is that when using CNN to extract image features, since image data are
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Table 4
Embedding representations endowed after passing in the embedding layer.

Token Index-b.a sed Four-dimensional Word Embedding
Encoding
"The" 2 [-0.0400, -0.0189 , -0.0412, 0.0415]
"Cat" 3 [ 0.0237, -0.0418, 0.0038, -0.0208]
"From" 4 [-0.0326, -0.0395, -0.0494, -0.0398]
"Outer" 5 [ 0.0243, -0.0068, -0.0075, -0.026 ]
"Space" 1 [-0.037, 0.0322, -0.0193, -0.0481]

two-dimensional, the convolution kernel needs to slide from the left column to the
right column and from the top row to the bottom row for feature extraction, while the
horizontal sliding between columns is no longer meaningful when using TextCNN
to extract text features. For example, the word "Cat" in Table 4 is represented by a
dense vector [0.0237,—0.0418,0.0038, —0.0208]. When the convolution kernel slides
from left to right, the generated vector constantly represents the same word "Cat"
without gaining any other useful information. As a result, for text data, the width of
the convolution kernel is the same as the dimension of word embedding d, while the
height h of the convolution kernel is the number of words taken in each window (i.e.,
window size) (Zhang and You 2021). The height i can be adjusted generally between
3 and 5 (Zhang and You 2021) to capture various types of contextual features (Bi, Liu,
and Fan 2020; Kim et al. 2017), which can interpret text data more comprehensively
(Zhang and You 2021).

In summary, the TextctNN model can be considered as a variant of the CNN model
with only one convolutional layer and one max pooling layer (Zhang and You 2021).
In this thesis, these two layers are built after the embedding layer in the proposed
model to extract item features from item titles. Let the word embedding gained from the
embedding layer be denoted as e, where n € N, representing the n;;, word in the item
title that contains N words in total. Consequently, a matrix E%Y*¢ can represent an item
title and a matrix with the size of i x d can represent a sliding window (convolution
kernel). This indicates that there will be up to N — h + 1 sliding windows used to extract
the contextual feature C,, of the input word embedding e, that the submatrix E/'*% ,
contains. Finally, the vector C is the output generated from the convolutional layer and
its element C;, where j € N — h + 1, can be calculated by Equation (1):

Cj=f(K"™ % B, | + B), 1)

n,on

where K"*? is the convolution kernel, "«" is the convolution operator (i.e., element-
wise multiplication and sum them up), B is the bias part and f represents a non-linear
activation function. Accordingly, the output vector C can be denoted by Equation (2):

C=1[C1,Cq ... Cn_pg1]- )

Specifically, take the four-dimensional word embedding vectors that represent the first

10
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item title "The Cat From Outer Space" presented in Table 4 as an example. Let the
(1) (1) é 8} with the height A = 2 and the width
d = 4. The bias term B is considered to be zero. Besides, the Rectified Linear Unit (ReLU,
ie., f(z) = maxz(0,z)) is set as the activation function, as it helps avoid the vanishing
gradient problem (Kim et al. 2017). Thus, the process of how the convolutional layer
extracts the contextual feature vector C' can be shown in Figure 2. More specifically,

convolution kernel be specified as K =

Word Embedding Matrix Convolution Kernel Feature Map
The | -00400 | -0.0189 | -0.0412 | 00415 1o 1o
*
—>
Cat 00237 | -00418 | 00038 | -0.0208 ojrjofo II'

Cat 0.0237 -0.0418 0.0038 -0.0208 1]10 1|0

. I
o[1]ofo| ™™

From -0.0326 | -0.0395 -0.0494 | -0.0398

From -0.0326 | -0.0395 | -0.0494 | -0.0398 110 110 II'

Outer 00243 | -00068 | -0.0075 | -0.0260

Outer 00243 [ -00068 | -0.0075 | -0.0260 1]o]1]o0

Space 00370 | 00322 | -00193 | -0.0481 ojrjofo

Figure 2

The input is a word embedding matrix with the size 5 x 4, 5 represents the number of words in
this title, 4 is the dimensionality of embeddings. "+" denotes the convolution operator between
input word embeddings and convolution kernel K € R?**. The output is a vector C,
representing the extracted contextual features of the title.

each element C; in C can be calculated as below:

o o [LO10]  [-0.0400 —0.0189 —0.0412 0.0415
1=mari®i9100 0.0237 —0.0418 0.0038 —0.0208

= max(0, (—0.0400 + 0 — 0.0412 4+ 0+ 0 — 0.0418 + 0 + 0))
= maz(0,—0.123)
=0.
Accordingly,
Cy = max(0, (0 + 0+ 0.0038 + 0 — 0.0326 + 0 + 0 — 0.0398)) = 0
C3 = max(0,(0+ 0 —0.0494 + 0+ 0.0243 + 0+ 0 — 0.026)) = 0
Cy = max(0,(0.0243 + 0 — 0.0075 + 0 + 0 + 0.0322 + 0 + 0)) = 0.049

As a result, the output of the convolutional layer can be denoted as the vector
C' =10,0,0,0.049], which is also known as a feature map. Different convolution kernels
generate different feature maps that represent the contextual features extracted from
the text data by passing in the convolutional layer.

4. Max pooling layer

The max pooling layer is used to process the feature maps generated from the convo-
lutional layer and extract the maximum values from each feature map. Such maximum
values are the outputs of the max pooling layer. The advantage of using max pooling
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layer is that while maintaining the important features in the feature maps, the number
of parameters can be greatly decreased, thereby reducing the model’s execution time.
Moreover, this is also helpful to avoid overfitting to some extent. It can be seen from
Figure 3 that the feature map has been transformed from four-dimensional to one-
dimensional by passing in the max pooling layer.

Maxpooling
0 0 0 |o0049 | ————» | 0049

Figure 3
The four-dimensional input and one-dimensional output of the max pooling layer.

5. Dense layer and concatenation

The dense layer is also known as fully connected layer, which is used to learn the com-
binations of the features extracted from the previous layer. Each node of the previous
layer is connected to each one of the dense layer by multiplying by a weight matrix and
adding a bias term. The outputs then can be used to compute an activation function,
such as ReLU, for non-linear learning. Moreover, the weights assigned represent the
degree of connectivity between nodes, they are initialized to random values (usually
small values like zero) and altered to reduce the errors as training process repeats (Jun
et al. 2020).

As shown in Figure 1, there are three different dense layers built in the proposed
model. The first dense layers are built for learning representations of each feature of
the user and item (except for the item title, as representations of it is learned through
the convolutional and max pooling layer). After that, all the learned representations
of each user feature are concatenated to feed into the second dense layer for further
learning the integrated user feature. The process of learning the item feature is same as
learning the user feature. The outputs of the second dense layer are two matrices, which
respectively represents the user feature and item feature. These two feature matrices
are then concatenated to feed into the third dense layer to learn the integrated user-
item feature. The output of the third dense layer is a matrix representing the user-item
feature, which is then connected to the output layer to generate the final predictions.

3.2 Improved model

The main framework of the improved model is shown in Figure 4. As can be seen that
except for the eight discrete variables used in the base model, another three continuous
variables are added in the network as inputs. They are user’s average rating, movie’s
average rating and user’s preference score to each movie genre. It is worth noting that
these three numerical variables are extracted based on historical rating data. User’s
average rating and movie’s average rating can be easily computed based on the rating
data. As for user’s preference score to each movie category, the method of calculation
proposed by Cai et al. (2014) is adopted. The idea is if the user v has rated the movie
i and there are n genres of i, then each genre obtains 1 attention score for the user u
regarding to movie i. As a result, the preference score of user v for each movie genre g
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Figure 4

The main framework of the improved model. Combined with the features used in the based
model, three extra numerical features are added as inputs. They are user’s average rating,
movie’s average rating and user’s preference score to each movie category.

can be computed by Equation (3) and Equation (4):

Z sgn(u,i,t)

i€Dy (u) N(l)
g = ®

1 if genre g belongs to movie i

sgn(u,i,t) = 4)

0 otherwise.

Where, r,, represents the preference degree of user u for movie genre g, N(i) is the
number of genres that belong to movie i, while i is one of the & movies rated by u.
Accordingly, if there are j movie genres in total, then the preference degree of user u for
each genre can be represented as the vector U,, shown in Equation (5)

Uu:(rulyruQ;---;ruj)- (5)
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4. Experimental setup
4.1 Dataset description

GroupLens (https://grouplens.org/) provides several classic datasets with
different sizes that are specifically applicable for recommender system research. The
dataset used in this project is MovieLens-1M (Harper and Konstan 2015). The dataset
includes three DAT files containing users’ demographic information (ID, age, gender,
occupation), movies’ basic data (ID, genre, title, released year), and ratings. The ratings
are continuous while all the other eight variables are discrete, among which, seven
are categorical (user ID, age, gender, occupation, movie ID, genre, released year) and
movie titles are text data. The dataset consists of 6040 users, 3952 movies, and 1, 000, 209
ratings. Each user has rated at least 20 movies (Harper and Konstan 2015).

There are a few reasons why I choose this dataset to build the model. Firstly, it
provides real-world data. Besides, the dataset is large-scaled labeled. As Sun et al.
(2017) demonstrate in their research, large datasets can usually enhance model’s
performance. Lastly, the movie titles in the dataset are identical to the ones on IMDB.
Therefore, more information related to the movies on IMDB, such as movies” posters
and descriptions, can be further utilized in the proposed model to achieve more
accurate recommendations in the future study.

For more visually understanding the dataset and each variable, the following figures are
generated. Figure 5 describes the age distribution, gender distribution, and occupation
distribution of users in the dataset. As can be seen that there are seven age groups, two
gender groups and 21 occupation groups in the dataset. The largest age group is young
people who are around 25-34 years old, which is in line with the occupation patterns
shown on the right side of the figure. Besides, there are more than twice as many male
users as female users in this dataset.
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Figure 5

User data distribution in MovieLens-1M. It includes user age distribution (top left), user gender
distribution (bottom left), and user occupation distribution (right side).
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As for movie data, Figure 6 shows that the dataset contains 18 movie genres, of which
drama movies account for nearly 50%, followed by comedy movies. By contrast, there
are less than 100 film-noir movies out of 3952 movies in the dataset, which has the
smallest proportion.

Movie Genres Distribution

o 200 400 G600 800 1000 1200 1400 1600

Figure 6
Movie genres distribution in MovieLens-1M. There are 18 movie genres in total, some movies
have various genres. All in all, more than 40% movies are drama, less than 2.5% are film-noir.

For other types of data, such as ID, movie title, and movie released year are not plotted,
as some of them only contain unique values (i.e., user ID, movie ID, and movie title),
while the released year has 81 categories, so plotting may not show more clearly.
Finally, Figure 7 displays the distribution of ratings in the dataset. The ratings are on a
scale of one to five and whole number only. As can be seen that most users rate movies
with the scores from three to five, while only 16.4% of the total 1,000,209 ratings are
between one and two.

Rating Distribution

1

56%
5 10.8%

34.9%

22.6%

26.1%

Figure 7
Ratings distribution in MovieLens-1M. There are in total 1, 000, 209 ratings, of which 61% are
either four or five, which implies that users generally tend to give high scores.
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4.2 Hyperparameter setting

Often, deep learning algorithms contain a large number of parameters, some of which
can be optimized by training, such as the weight and bias terms in the neural network.
Nevertheless, some of these parameters cannot be optimized by training, such as the
learning rate and the number of epochs, which are known as hyperparameters. It
should be noted that during the training process, the parameters like the weights are
updated and the hyperparameters are constant.

Hyperparameters are different parameter values used to control the learning process,
which can be tuned to influence the performance of the machine learning and deep
learning models (Shankar et al. 2020 ; Kimura et al. 2020). However, when the data
is as large as or even larger than the one used in this thesis, the tuning process can
be extremely time-consuming (Joy et al. 2016). Considering this, only learning rate,
dropout rate and batch size, as three important hyperparameters in the proposed
model, are tuned based on the value of the loss function on the validation set during
training process. That is, the combination of hyperparameters that can minimize
the loss function on validation set will finally be used in the proposed model. In
this thesis, the library Hyperopt (Bergstra et al. 2013) in Python based on Bayesian
optimisation method is used for hyperparameter tuning. 80% data are randomly
sampled from the original dataset for training, and 10% compose the validation set for
hyperparameter optimization, the rest 10% are used for testing. The predefined loss
function in this scenario is the Mean Absolute Error(MAE), which will be explained in
more details in Section 4.4. The following part of this subsection mainly describes the
three hyperparameters tuned in experiments, which are learning rate, dropout rate and
batch size.

1. Learning rate

The learning rate is one of the most important hyperparameters affecting model’s
performance. It can determine how fast the model converges. In general, the learning
rate is assigned to small values between zero and one. If it is set too high, the model
can converge very fast, which possibly results in missing the optimal solution, whereas
a small learning rate makes the model learn very slowly due to the tiny update step for
the weights in the model. Therefore, an appropriate learning rate plays a vital role in
improving the model’s performance.

2. Dropout rate

Dropout is a regularization technique used in the neural network to alleviate overfitting
problem (Krizhevsky, Sutskever, and Hinton 2012). Krizhevsky, Sutskever, and Hinton
(2012) have proposed that only keep half of the neurons active while training to
improve the generalization ability of the network. That is, each neuron can be set to
zero (i.e., dropped out) with a probability of 0.5, thereby ensuring that the presence of a
neuron does not depend on other specific ones. Thus, the neural network can be more
robust, as it learns the representations that are in conjunction with various random sets
of neurons, instead of only the same set of neurons (Krizhevsky, Sutskever, and Hinton
2012). Therefore, in addition to the learning rate, dropout rate, which is the probability
of each neuron being set to zero can also greatly influence model’s performance. In this
thesis, dropout is used on the last dense layer before the output layer to prevent the
model from overfitting.
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3. Batch size

As noted by Bottou, Curtis, and Nocedal (2018), deep learning optimization is based on
the optimization algorithms, such as Gradient Descent and its variants. As one of the
variants, Mini-batch Gradient Descent is a usual choice, as it goes through a stochastic
subset of training examples in each iteration, rather than going over the whole training
set (Batch Gradient Descent), thereby increasing the efficiency of computing gradients.
Its update rule relies on the gradient of the loss function on the training set, based on a
stochastic subset of training examples (Masters and Luschi 2018). Batch size, therefore,
represents the size of this small subset (mini-batch) that will be propagated through the
neural network. More specifically, a large batch size can reduce training time, as with
the same number of epochs, a large batch size leads to a reduction in the number of
batches. However, a large batch size may also impair the generalization performance of
the model due to insufficient training time and fewer updates for the parameters under
the same number of epochs (Hoffer, Hubara, and Soudry 2017). Hence, tuning batch
size to be smaller may contribute to improving the model’s generalization performance
(Masters and Luschi 2018).

In summary, Table 5 shows the search space configuration of the hyperparameters for
the proposed model, where the learning rate has four possible values exponentially
ranging between 1072 and 10~°, while the dropout rate has ten potential values within
one and the batch size value is among 65, 115, 165, 215 and 265. In fact, there should
be 180 possible combinations in total if use grid search method. However, only 30
combinations (trials) are tested in this thesis by applying Bayesian optimisation method.

Table 5
The search space configuration of the hyperparameters.
Hyperparameter Range
Learning rate 1075,107%,10°3,10°2
Dropout rate 0-0.9,step=0.1
Batch size 65 - 265, step = 50

Except for the tuned hyperparameters mentioned above, other hyperparameters in-
volved in the model are set to arbitrary values. Section 3.1 has noted that the dimension
of word embeddings is 32 (i.e., the width of the convolution kernel d = 32). The height
of the convolution kernel, namely the window size h is set to the integers between two
and five for each trial. The number of such convolution kernel used in the convolutional
layer is eight. As for dense layer, there are three dense layers with different output
dimensions built in the proposed model. The output dimension of the first, second and
third dense layer is 32, 200 and 64, respectively. Besides, the model is trained for 50
epochs with the early stopping technique applied for addressing overfitting issues.

4.3 Baselines and competitors

In experiments, the proposed model is firstly compared with two baselines, including:
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e User average rating (UserMean): the mean of the target user’s available
ratings on every movie is used as the predicted rating for each user.

*  Movie average rating (MovieMean): the mean of the target movie’s
available ratings from every user is used as the predicted rating for each
movie.

These two baselines are selected due to two reasons. Firstly, they are straightforward
and easy to compute and understand. Secondly, the other compared algorithms used
in the experiments are not capable of dealing with the cold-start problems, while the
movie average rating can be a baseline when dealing with the new user cold-start
problem in the system and the user average rating can be a baseline in the new item
cold-start situation.

Apart from the basic baselines, three classic recommender system algorithms are
adopted as competitors to verify the effectiveness of the proposed model, those are:

*  User based Collaborative Filtering (UBCF): it computes the similarities
between each user to find the users who have similar preferences, thereby
recommending the items that these similar users like (Breese, Heckerman,
and Kadie 1998).

e  Item based Collaborative Filtering (IBCF): it computes item-item
similarities to find the items with similar rating patterns, thereby
generating recommendations based on these patterns (Sarwar et al. 2001).
Besides, Cosine similarity is used as the similarity measure in both user
based and item based collaborative filtering methods.

e  Singular Value Decomposition (SVD): it is a method of matrix factorization
(Sarwar et al. 2000). Utilizing this function, the missing ratings can be
predicted by decomposing the user-item rating matrix. As shown in
Equation (6), the sparse user-item rating matrix A € R™*"™ (m represents
the number of users and n denotes the number of items) can be
decomposed into three matrices:

A=UxVT, (6)

where, U € R™** is the user feature matrix, representing user’s preference
for k features, while V € R»*k performs as the item feature matrix,
indicating the relevance of each item with & features. Besides, ¥ € RF*k jg
a diagonal matrix with positive values in descending order as the diagonal
entries (i.e., singular values). These values can be considered as the
eigenvalues that determine the movement of the matrix A towards the
direction of the corresponding eigenvectors.

4.4 Evaluation metrics
Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) metrics are used

to evaluate the performance of the proposed model and the compared algorithms.
MAE is the mean of the absolute errors between predicted values and actual values,
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while RMSE is the square root of the mean squared errors between predicted and
actual values. Both of the metrics are typically used in RSs for evaluation. They can
be calculated by Equation (7) and Equation (8):

1 n
MAE = — Ji — Ui 7
= 1di il (7)

=1

RMSE =

where n is sample size, y; is the predicted rating and y; is the actual rating.

4.5 Software

The experiments are conducted by using Python (version of 3.7.10 ) programming
language. Several main libraries in Python Provide different technical supports for
each part of the experiments. The library Keras (Chollet et al. 2015) using Tensorflow
as backend contributes to building the whole neural network. The library Hyperopt
(Bergstra et al. 2013) mentioned in Section 4.2 is used for hyperparameter optimization.
Besides, as a Python scikit, Surprise (Hug 2020) provides the ready-to-use competitor
algorithms discussed in Section 4.3. Moreover, the whole modeling process is conducted
on Google Colab platform with the use of graphics processing unit (GPU).

5. Results

This section contains three subsections. Section 5.1 mainly analyzes the results of hy-
perparameter optimization. Section 5.2 reports the results of comparing the proposed
model (base model) with the baselines and competitors mentioned in Section 4.3. Sec-
tion 5.3 compares the performance of the base model and the improved model.

5.1 Hyperparameters

The first sub research question focuses on the impact of hyperparameters on model’s
performance. According to Section 4.2, 30 combinations of three hyperparameters (i.e.,
learning rate, dropout rate and batch size) are used for hyperparameter optimization.
The validation loss generated per iteration is presented in Figure 8. More specific results
obtained from hyperparameter tuning process are set out in Appendix A. It can be seen
that the loss hovers between 0.67 and 0.78, which indicates changes in hyperparameters
do affect the performance of the proposed model. The minimum loss occurs in the fifth
iteration, which is about 0.67, while the maximum loss appears in the seventh iteration,
with the value around 0.78. Besides, based on the results, the relation between each
hyperparameter (i.e., learning rate, dropout rate, batch size) and the resulted validation
loss in 30 iterations will be discussed as following.
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The overall hyperparameter tuning results in 30 iterations.

1. Learning rate

Figure 9 displays the results of tuning learning rate in 30 iterations. It shows that the best
result occurs when the learning rate is set to 10—, where the resulted validation losses
are quite steady, ranging approximately between 0.67 and 0.69 constantly. Another
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The results of adjusting learning rate in 30 iterations.

observation from Figure 9 is the learning rate is positively correlated with validation
loss in general (a figure showing the correlation between each hyperparameter and
validation loss can be seen in Appendix B).

2. Dropout rate

The results of tuning dropout rate in 30 iterations are presented in Figure 10. It can be
seen that the best result emerges when the dropout rate is set to 0.2. The correlation
between dropout rate and validation loss in this case is not very obvious.
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Figure 10
The results of tuning dropout rate in 30 iterations.

3. Batch size

As for batch size, Figure 11 illustrates that the best result occurs when the batch size
is configured to 64, which is the smallest value in the search space configuration of the
batch size. This result is in line with the conclusion made by Masters and Luschi (2018),
who argue that a small batch size tends to improve the model’s performance.
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The results of tuning batch size in 30 iterations.

5.2 Base model vs. baselines and competitors
There are two proposed models in the thesis. One is the base model only utilizing

users and movies observable basic data to predict the ratings, while the other one is
considered to be an improved model with extra latent features added in the neural
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network to predict the ratings. In this subsection, the proposed model refers to the base
model. Moreover, for each algorithm, 60%, 70%, 80%, 90% data are randomly sampled
from original datasetas for training, and the rest are used for testing. The reported
results are testing scores.

The second sub research question explores if the proposed model outperform other clas-
sic recommender system algorithms, which in this thesis are user-based CF, item-based
CF and SVD approaches. Except for these algorithms, two simple baseline methods are
also compared with the proposed model. All the results of comparisons are set out in
Table 6, based on these results, a few insightful observations are gained and explained
as following.

Table 6
The performance comparison among UserMean, MovieMean, User-based CF, Item-based CF,
SVD, and the proposed DNN model on MovieLens-1M dataset.

Evaluation Metric

Setting Models MAE RMSE
UserMean 0.8236 1.0287
MovieMean 0.7779 0.9738

60% User-based CF 0.7759 0.9806
Item-based CF 0.7899 1.0058
SVD 0.7023 0.8931
DNN (the proposed model) 0.6866 0.8929
UserMean 0.8239 1.0287
MovieMean 0.7782 0.9743

70% User-based CF 0.7736 0.9790
Item-based CF 0.7843 1.0023
SVD 0.6943 0.8840
DNN (the proposed model) 0.6819 0.8860
UserMean 0.8233 1.0286
MovieMean 0.7776 0.9737

80% User-based CF 0.7709 0.9768
Item-based CF 0.7807 0.9999
SVD 0.6864 0.8750
DNN (the proposed model) 0.6728 0.8750
UserMean 0.8222 1.0278
MovieMean 0.7753 0.9717

90% User-based CF 0.7684 0.9759
Item-based CF 0.7772 0.9972
SVD 0.6805 0.8678

DNN (the proposed model) 0.6690 0.8717

1. Baselines
In the case of new user cold-start, MovieMean can be used as new user’s possible rating
for each movie to generate recommendations. Likewise, UserMean can be used while
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dealing with new item cold-start situation. However, not surprisingly, simply taking
user’s or movie’s average rating as the predicted value is not reliable, as it assumes
users do not have any preference. From the results, UserMean and MovieMean
perform worse than the proposed model constantly for each training setting, in terms
of both MAE and RMSE metrics. However, both UserMean and MovieMean methods
are relatively time-saving. Given the same computation time, MovieMean performs
slightly better than UserMean in this case.

The results indicate that the proposed model performs significantly better than the
baselines. On the other hand, the proposed model is also able to alleviate both new user
and new item cold start problems because it does not rely on any historical information,
but only trains a network based on the auxiliary information of users and items to
fully learn the features of them, thereby predicting the corresponding ratings. Thus,
the proposed model can be believed to be a relatively effective method to deal with
cold-start problems in RSs.

2. Competitors

The proposed model outperforms all the competitors for each sampling setting in
terms of MAE metric. This implies that by leveraging users and movies basic data,
neural networks can learn more complex features, which is a strong support for
prediction. However, for each sampling setting, SVD slightly outperforms or equals
to the proposed model in terms of RMSE metric, even though the differences are very
small, which are 0.0007, 0.002, and 0.0039.

3. Training size

Another observation that meets expectations is that all models except UserMean and
MovieMean perform better as the size of training set increases. A larger dataset can
provide more data for training, which can make the model perform better. This finding
is consistent with the research conclusion made by Sun et al. (2017).

5.3 Base model vs. improved model

The third sub research question is proposed to understand whether adding extra
features can improve model’s performance. The extra features used in the improved
model are user’s average rating, movie’s average rating and user’s preference
distribution to each movies genre. By using the same hyperparameter settings reported
in Section 5.1, each model is trained on 60%, 70%, 80%, and 90% data, respectively,
while the rest are used for testing.

Table 7 shows the results of comparing the improved model with the base model. After
adding three more extra features, the improved model performs basically the same as
the base model. For 60% and 70% sampling settings, the base model performs slightly
better than the improved model, in terms of both MAE and RMSE. However, when
training size increases to 80% and 90%, the improved model barely outperforms the
base model: MAE is 0.0009 less than the base model, while RMSE still 0.001 higher than
the base model for 80% training size; MAE is 0.00036 less than the base model, RMSE is
0.0041 lower than the base model for 90% training size. In addition, as the training data
increases, both models perform better.
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Table 7

The performance comparison between base model and improved model on MovieLens-1M
dataset. The base model utilizes eight features that are observable basic data of users and
movies. Based on that, the improved model adds three more features that are latent and
extracted from the present data.

Evaluation Metric

Setting Models Testing MAE Testing RMSE
609 Base model 0.6866 0.8929
’ Improved model 0.6891 0.8943
709 Base model 0.6819 0.8860
’ Improved model 0.6830 0.8884
80 Base model 0.6728 0.8750
’ Improved model 0.6719 0.8760
90° Base model 0.6690 0.8717
’ Improved model 0.6654 0.8676

6. Discussion

The main goal of this thesis is to explore the possibility of utilizing users and items
side information in deep neural networks to mitigate cold-start problems that plague
RSs. After a neural network trained on users and items auxiliary information is built,
its performance needs to be optimized and evaluated. Thus, the first and second
sub-questions are generated. Furthermore, since Bi, Liu, and Fan (2020) and Feng et al.
(2021) suggested to also take user-item interaction data (i.e. historical rating records)
into consideration, the third sub-question in this thesis then explores whether extra
information extracted from historical records can enhance model’s performance. From
another perspective, as historical rating data are not available in cold-start cases, the
third sub-question can also be understood as: in order to mitigate cold-start problems,
whether purely using side information as inputs while ignoring the use of historical
data in the proposed model will compromise model’s performance.

The classic MovieLens-1M dataset that contains plenty observable side information
of users and items is used to train and evaluate the proposed model. Considering
the complexity of the dimensionality and modality of these side information data,
deep learning algorithms are adopted to manage the data due to their superiority
on feature representations learning (Zhang et al. 2018, Gupta and Katarya 2020;
Ma, Geng, and Wang 2020). Compared with traditional CB and CF approaches,
deep learning algorithms usually have various hyperparameters that can influence
model’s performance. Kim et al. (2017), Zhu et al. (2019) and Ameen et al. (2020)
implemented hyperparameter optimization in their recommendation engines. The
results indicate that different hyperparameter settings can greatly impact the accuracy
of recommendations. In this thesis, three hyperparameters (i.e., learning rate, dropout
rate, and batch size) are tuned to find the optimal model. The validation loss during
tuning hovers between 0.67 and 0.78, which confirmed that hyperparameters have
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a great impact on model’s performance. Consequently, the model that generates the
lowest validation loss (i.e., 0.67) is selected as the final proposed model.

After model selection, the second sub research question further investigates the
effectiveness of the proposed model by comparing it with baselines and the state-
of-the-art algorithms. Much of the literature discussed in Section 2 has emphasized
and confirmed that the use of users and items side information in RSs can alleviate
cold-start problems. Moreover, the models trained on either items side information or
users side information can outperform other traditional RSs that are based merely on
historical information. Low, Yap, and Tee (2018), especially concluded in their research
that more side information should be utilized in the proposed model to improve its
performance. Inspired by these, this research utilize all observable side information of
users (i.e., ID, gender, age, occupation) and movies (i.e., ID, genre, title, released year)
presented in MovieLens-1M to train the neural networks. The results show that the
proposed model outperforms all the other baselines and competitors in terms of MAE
metric, which is in line with other literature’s expectations for the full use of auxiliary
information in RSs. However, there is a surprising observation about the competitors.
Item-based CF performs worse than the baseline MovieMean for each sampling setting,
even though as the training size increases, the performance of item-based CF becomes
better.

It is worth noting that none of the studies mentioned in literature review has purely
used both users and items observable side information in their models. This implies
that the proposed model in this thesis may be considered as a novel approach to dealing
with both new user and new item cold-start problems in RSs. On the other hand, this
fact may also cause limitations for the proposed model. Firstly, users side information
can be invalid, as some users may not provide real or sufficient information due to data
sensitivity and privacy, which can greatly impair the accuracy of recommendations.
However, there are various data sources can be used to collect more new users and
new items side information, such as the LOD Cloud suggested by Natarajan et al.
(2020) and social networks suggested by Camacho and Alves-Souza (2018) and Liu
et al. (2020), but this must be implemented within the scope of the law. Besides, for
some internet-based platforms without enough users and items data for training, the
generalization ability of the proposed model will be limited.

The third sub research question attempts to examine the hypothesis whether adding
some features that are extracted from historical rating data can generate more accurate
recommendations. In this research, three extra features (i.e., user average rating, movie
average rating, user preference degree for each movie genre) are added in the network
as inputs to train together with the previous 8 features. The results revealed that only
when training size reaches 80% and 90%, the improved model with 3 extra features
can perform slightly better than the base model trained merely on side information.
However, the performance difference between two models is negligible. Therefore,
the latent features extracted from historical data do not have much effect on model’s
performance, which is not consistent with the expectations and insights of Bi, Liu,
and Fan (2020) and Feng et al. (2021). Nevertheless, more latent features extracted by
some powerful algorithms, such as matrix factorization, should still be added in the
proposed model to further investigate the improvement on model’s performance.
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In summary, the proposed model can be used in cold-start cases, as it does not rely on
any historical rating data. Furthermore, based on the experimental results, the proposed
model can generate more accurate recommendations compared with the mainstream
approaches, such as CF and SVD algorithms. However, the experiments and the pro-
posed model itself are not without their downsides. As mentioned above, there may
not necessarily be sufficient data and valid users side information to train the model.
Secondly, integer encoding is applied to convert categorical data to numeric values,
which may cause an unfair bias between categories in high dimensional space in terms
of distance metrics. To alleviate this potential issue, one-hot encoding can be considered
and used to pre-process the categorical data in the future study. Besides, in this research,
only two trials are conducted for each sampling setting, and the best results are chosen
for comparisons. However, more independent trials are needed for training, and the
average score of them should be calculated, thereby generating more valid results.
This was conducted by Zhuang et al. (2017) and should be taken into account in the
future study. Moreover, in this study, only three hyperparameters are optimized due
to the limitations of time and experimental hardware conditions. In the future, more
hyperparameters, such as the number of filters in convolutional layer and the number
of epochs, should be tuned to achieve the optimal model. Finally, the model is based on
deep neural networks, which are often criticized to be incomprehensible like a black
box due to their complex internal structures (He, Ma, and Wang 2020). Fortunately,
abounding studies have proposed various methods to ameliorate this limitation (Liang
et al. 2021).

7. Conclusion

This thesis attempts to explore a deep neural networks based method that can alleviate
cold-start problems in RSs by using users and items side information. MovieLens-1M,
as a classic dataset for researching RSs, is adopted to train and evaluate the proposed
model’s performance. Therefore, the recommender system built in this thesis is a
movie recommender system. However, the proposed model can be widely applied to
various fields, such as job search and e-commerce platforms, as long as users and items
auxiliary information can be provided.

As stated in the Introduction section (Section 1), the main research question that the
experiments are conducted to solve is: "How does the deep neural network leverage users’
and items’ side information to alleviate cold-start problems in recommender systems(RSs)?”
To answer this question, a deep neural network trained merely on side information of
users and items is proposed as a base model. The model does not use any historical
data as input, hence, it can be applied in cold-start cases. To examine the validity of
the model and further answer the main research question, the following three sub
questions are formulated as below:

Sub question 1: "How hyperparameters, such as learning rate, dropout rate, and batch size,
affect the accuracy of the proposed model?”

To answer this question, the optimization of three hyperparameters is done. The results
show that there is a strong positive correlation between learning rate and validation
loss. As for dropout rate and batch size, they have no apparent correlation with
validation loss, but this may be caused by insufficient trials. In the end, a model with
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relatively small learning rate, dropout rate and batch size is selected, as it yields the
least validation loss. However, there are many other hyperparameters in the model,
which should also be tuned in order to get better results. This can be done in the future
study if time and experimental hardware conditions allow.

Sub question 2: "Does the proposed model outperform other classic RSs models?”

After answering sub question 1, the optimal model is generated and then compared
with several baselines and competitors to evaluate the model’s performance. The
results show that the proposed model outperforms all the baselines (i.e., user’s average
rating and item’s average rating) and competitors (i.e, user based CF, item-based CF,
and SVD) in terms of MAE metric. This implies that compared with the mainstream
CF and SVD algorithms, the proposed model can be used in practical to generate more
accurate recommendations. However, as the proposed model is only trained on side
information of users and items, once there is not sufficient side information provided
or there is unreal side information existing, the performance of the model will then be
greatly reduced.

Sub question 3: "Instead of only utilizing observable side information, does adding extra latent
features improve the proposed model’s performance?”

The main goal of this thesis is to explore an approach to mitigating both new user and
new item cold-start problems, thus, the proposed model does not use any features
extracted from historical data. As suggested by several studies, three extra latent
features (i.e., user’s average rating, item’s average rating, and user’s preference degree)
extracted from historical data are added in the neural network as inputs to further
improve the performance of the proposed model. On the other hand, this can also
investigate whether only use side information in the proposed model to solve the
cold start problem will be at the expense of the accuracy of recommendations. The
results indicate that the impact of the extra latent features on the performance of the
model is next to nothing. However, in this thesis, only three extra features simply
extracted from historical data are exploited in the proposed model. In the future study,
different approaches such as matrix factorization, can be utilized to extract more latent
information, which may be combined into the proposed model to generate more
accurate recommendations.
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Appendices

A. Hyperparameter tuning results

Table 8
The Search Space Configuration of The Hyperparameters.
Iteration Loss Learning Dropout batch size
rate rate
1 0.6733 101 0.1 65
2 0.6793 104 0.1 165
3 0.6971 10-° 0.3 265
4 0.6856 102 0.1 215
5 0.6721 104 0.2 65
6 0.6950 1072 0.1 265
7 0.6982 10-° 0.3 265
8 0.7775 1072 0.0 65
9 0.6870 102 0.2 215
10 0.6849 1073 0.0 115
11 0.6749 104 0.5 65
12 0.6917 10~ 0.5 165
13 0.7161 107° 04 265
14 0.7032 1072 0.5 215
15 0.6860 104 0.6 65
16 0.6991 102 0.5 265
17 0.6886 105 0.4 65
18 0.7237 1072 0.4 65
19 0.6982 1072 0.6 215
20 0.6881 1073 0.4 115
21 0.6834 104 0.8 65
22 0.6922 1074 0.8 165
23 0.7312 107° 0.7 265
24 0.7022 1072 0.8 215
25 0.6815 104 0.9 65
26 0.7028 102 0.8 265
27 0.6943 1075 0.7 65
28 0.7478 1072 0.7 65
29 0.7320 1072 0.9 215
30 0.6884 1073 0.7 115
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B. The correlation between each tuned hyperparameter and validation
loss.
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