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Recommender systems (RSs) are the systems that were developed to provide a
personalized recommendation on the suitable items that would be satisfied by an
individual user. In recent years, as the amount of information created by people's daily
activities has increased, users have found it challenging to select products that best suit
them from among several options available. As a result, RSs have been developing over
the years to solve the problem of information overload. Nowadays RSs have become an
important engine for many platforms, e.g. e-commerce, online news, and social network
sites (SNS).

There are many approaches in RSs. The most popular approach for
recommending items to a target user (the user to whom recommendations are targeted)
is the collaborative filtering (CF) approach, which is based on the similarity of users or
items from previous interactions. It utilizes historical interaction (e.g., clicks, rates,
purchases, etc.) to infer the user's preference and recommends items based on the
matching score between the target user and the target item.

Typically, CF can be divided into two approaches: a neighborhood-based
approach and a model-based approach. Although the neighborhood-based approach is
simple and works reasonably well in practice, it requires a high cost in terms of
computing time and space complexity. Also, it can suffer from sparsity problems, which
is one of the challenges in the RSs field. Therefore, nowadays, a model-based approach
has gained more popularity than a neighborhood-based approach because it is more
capable of handling the problem of sparsity and scalability. However, the model-based
approach requires a great resource to develop the model and may lose information when
performing dimensionality reduction. In addition, the model-based approach still
suffers from interpretability and lack of explainability.

From the previous paragraph, it indicates that both the neighborhood-based
approach and model-based approach have both advantages and disadvantages. In this
thesis, I propose a hybrid CF model that leverages and preserves the advantages of both
neighborhood-based and model-based approaches while overcoming their disadvantages.
Therefore, this thesis focuses on solving the problems in both the neighborhood-based
approach and model-based approach and focuses on how to combine them into the
hybrid CF model.

In the neighborhood-based approach, people in the real world tend to believe



their friends' opinions when making decisions. Therefore, in CF RSs, the target user's
friends might have an impact on the target user when making decisions on items. Based
on this real-world assumption, RSs utilize the opinions of friends to predict how much
the target user would like an item.

Typically, the neighborhood-based approach utilizes user rating data to compute
the similarity between users or items. In order to predict the rating score of the user
toward the target item, CF RS aims to identify the set of the target user's friends and
use their actual rating scores to determine how much the target user would like the target
item. There are several approaches to finding a set of friends. In case there is no explicit
friendship relation in the dataset, most RSs often aim to find the set of users who have
rated the target item in the past or have mutually rated items with the target user. Then,
the predicted rating score for the target user toward the target item is calculated using
the actual scores of friends. However, directly utilizing the actual rating scores from
friends often leads to low-accuracy predictions because of the improper rating-range
problem.

The improper rating-range problem occurs when the range of rating patterns of
each user is different. Because each user has a unique rating pattern, a rating score needs
to be interpreted. Even if two users give the same item the same score, it does not always
indicate they like it to the same extent if their rating patterns are different. As a result,
utilizing the actual ratings from users who rate items within different ranges to predict
the rating score of the target user is ineffective and may result in low recommendation
accuracy. Therefore, some researchers adjust the ratings from several ranges to match
the common range in advance before using them in the prediction step. These methods
can be called rating conversion.

Aside from the improper rating-range problem, there is one more problem to
consider because each of the target user's friends is likely to have a different level of
influence on the target user. In the real world, everyone has biases. It is common to say
that all friends are not equal, with user A having more or less influence on the target
user than user B. Therefore, there should be a module that helps the model in modifying
each friend's rating score to match the target user's perspective before using their scores
in the calculation. This can address the issue of improper rating-range. Then, to account
for each friend's different influence level, such module should assign an individual
weight to each user based on the relation between each friend and the target user-item
pair.

For neighborhood-based CF and such rating conversions, the most essential
input is ratings that represent the degree of users' interest in an item. For evaluating the
performance of RSs, there are two popular approaches, which are rating prediction and
item ranking. Item ranking has recently become more popular because some datasets
contain implicit feedback and most recent works focus on implicit feedback. Implicit

feedback is the interaction between a user and an item that does not have a rating score



(i.e., click, buy, rate, etc.). However, some methods have treated explicit feedback as
implicit feedback which I believe would be preferable if the model could leverage and
make the most use of the data in the form of explicit feedback rather than transforming
it into the implicit feedback form. Because explicit feedback or ratings are more
expressive and more powerful than implicit feedback. Each rating score might imply a
different meaning. Therefore concrete ratings are important for prediction in RSs.

Although some works use explicit ratings in their neural network (NN) models,
they only use ratings as labels for optimization. Those ratings are not directly
incorporated as input and don't play an important role in their model. Also, their user
and item representations are usually in the form of one-hot vectors which do not indicate
specific characteristics of user's ratings or item's ratings. This thesis incorporates
ratings as an input of this end-to-end CF model and specifies the interaction between a
pair of user-item in more detail by incorporating rating information.

On the other hand, for the model-based approach, even though some works
report that it can provide more accurate results than the neighborhood-based approach,
it still has some flaws and weaknesses. Recently, some model-based CF models have
usually been implemented based on deep learning. Collaborative metric learning (CML)
is one of the model-based CF that tries to assign a user-item pair to the same location
in a vector space by reducing the distance between each user-item interaction, in which
their scoring function is geometrically restrictive. Because this model tries to fit a user
and all his interacted items onto the same point, it causes geometrically congestive and
inflexible. This thesis proposes a solution to such problem by utilizing the knowledge
graph (KG) embedding approach to learn the latent relation vector between user-item
pairs instead of trying to put them into the same point in the vector space.

In summary, this thesis extensively studies the challenges of the improper
rating-range problem (a problem in neighborhood-based CF), the geometric inflexibility
problem (a problem in model-based CF), and how to utilize neighbors directly into the
end-to-end hybrid CF model (a challenge in hybrid CF). The main model of this thesis
is Attentive Hybrid Collaborative Filtering for Rating Conversion in RSs (AHCF),
which consists of modules that solve the aforementioned problems.

First, an approach to utilize neighbors in a hybrid CF model is proposed. Unlike
the traditional existing CF RSs model, the novel user and item representations, called
user representation matrix (UR-matrix) and item representation matrix (IR-matrix) are
introduced to this model. In order to store neighbors' information which is usually in
the form of explicit feedback, UR-matrix and IR-matrix can store and specify
characteristics of each user and item, respectively.

Second, in the neighborhood-based CF approach, the issues to consider are: 1)
different influence of neighbors on the target user and 2) different rating patterns of
users. According to the first issue, all friends' influences are not equal from the target

user's perspective. The closest friend should have the most influence on the target user



and should have the highest contribution to the model. Likewise, for the item side, the
historical item that is most similar to the target item should have more influence than
the less similar historical item. Thus, the friends and historical items selection module
are proposed to solve this issue.

In addition to the first issue, the different rating patterns of users are solved in
the model as well. Due to the improper rating-range problem that occurs when users
have different rating patterns, the rating of friends should be converted into the target
user's perspective before prediction. The rating conversion between a pair of users is
proposed in the friend module which can be categorized as a user-based CF that first
converts friends' ratings to match the target user's perspective and then assigns a
nonuniform individual weight to each user. Moreover, the item module which can be
categorized as item-based CF is proposed to capture relations between the target item
and the target user's historical items based on their similarity.

Third, in the model-based CF approach, we need to consider how to model the
relationship between users and items. Some model-based CF techniques try to construct
user-item relationships by minimizing the distance between users and items in a vector
space. In order to prevent the geometric inflexibility problem, TransE concept, one of
the most popular translation-based KG embedding models, is introduced to this
proposed model. In this work, the latent relation between a pair of target user-item is
constructed from two components: 1) combination between the target user and his/her
friends and 2) combination between the target item and the target user's historical items.
Then the optimization of this model is done based on TransE idea. The experimental
results demonstrate that AHCF provides more effectiveness by generating more accurate
recommendations than the existing methods.

In addition to the main work AHCEF, this thesis proposes two more models,
which are Translation-based Embedding model for Rating Conversion in RSs (TransRS)
and Integrating the importance levels of friends into trust-based ant-colony RSs
(TrustAnt). TransRS is a hybrid CF model which combines neighborhood-based and
model-based CF approach into a model. Although TransRS is a hybrid CF RS, the model
architecture is a pipeline model, not an end-to-end model like AHCF. On the other hand,
the proposed model TrustAnt is a neighborhood-based CF model that also applies a
rating conversion method to solve the improper rating-range problem, which is one of

the main challenges of this thesis.
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