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A B S T R A C T

The primary interest of this thesis is to design a graph-based recommendation approach to im-
prove the recommendation result. The traditional recommendation approaches did not address
data sparsity and insufficient information utilization issues. Consequently, we are motivated to
build a user-item combination graph and apply the graph traversals on that graph to address
these problems. Firstly, we use probabilistic graph traversals to solve the data sparsity problem
by exploring the indirect relationships between users-to-users and items-to-items. Besides, we
investigate graph kernels to effectively measure the similarity between a pair of graph nodes
and combine the diffusion kernel with the graph-based recommendation approach. Then, to
solve the insufficient information utilization problem, we aim to explore the item’s semantic in-
formation from knowledge graphs using deterministic graph traversals. We build the semantic
inter-item graph and combine it with the graph-based recommendation approach to improve the
recommendation result further. Finally, we experiment with our proposed methods on publicly
well-known datasets to investigate the recommendation performance.
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1 I N T R O D U C T I O N

With the rapid development of information technology, recommender systems have been in-
creasingly applied in many digital platforms from different domains like e-commerce and on-
line entertainment over the last few decades. Such a recommender system helps users filter
the negative information and find relevant items as personalized recommendations. Meanwhile,
semantic data enriches the meaning and contexts of data, making it more understandable and
usable. In this thesis, we will explore the methods that combine the semantic information of
items into the recommender system to improve the recommendation accuracy.

1.1 motivation

Recommender systems aim to suggest appealing items (e.g., songs, movies, books, and games)
to a user by analysing his prior preferences. Cognitively speaking, recommender systems are
such things that ‘If you like that, you may also like this’, as shown in Figure 1.1.

As the demand for recommender systems has increased dramatically during the last few decades,
improving recommendation performance has become a crucial problem. The recommendation
algorithms are the core part of a recommender system. A recommender system uses recommen-
dation algorithms to recommend items to the user. Ranking and rating prediction [BA11] are
the two fundamental recommendation strategies for measuring the accuracy of a recommender
system. The rating prediction strategy aims to give an explicit rating (e.g., 1 to 5 stars) that a
user would like to choose. In contrast, the ranking prediction strategy aims to generate a list
of items ordered by their predicted likelihood that a user will interact with and concentrates on
the position of the relative items within the ranked list. In this thesis, we only use the ranking

Figure 1.1: Recommender Systems [Fan21]
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1.2 research questions & contribution 2

prediction strategy.

The traditional recommender systems (e.g., collaborative filtering) only focus on the user-item
ratings or interaction data to build the user-item interaction matrix. However, data sparsity is a
significant challenge in designing a recommender system, as most elements are missing in the
matrix. Insufficient information usage is another issue. For example, memory-based methods
only use the user-item relationships but do not consider the deep inter-user and inter-item re-
lationships. Additionally, traditional recommender systems ignore semantic information about
users and items, which can prevent an understandable and usable interpretation. Data sparsity
and insufficient information usage are two significant factors limiting the recommendation’s use-
ability.

This thesis proposes a graph-based recommendation approach to address these three problems.
A graph is a data structure that models the pairwise relationships between objects. A graph
projects the users and items onto nodes and their interactions onto links. We can build a user-
item bipartite or inter-item graph or combine these two as a user-item combination graph. Then,
we can run a probabilistic graph traversal like a random walk on the user-item combination
graph, starting with a user node, and the user can choose to stop at one item node unrated by
the user as the recommendation after a few steps of moves. Afterwards, we plan to use graph
kernels to measure the similarity of item nodes on the combination graph to find the items
that mostly fit the user’s preference. At the end, we plan to explore the semantic information
about items from the knowledge graph. We use the item’s semantic information to measure
the semantic relatedness or similarity between a pair of items and improve the recommendation
results.

1.2 research questions & contribution

1.2.1 Research Questions

This thesis aims to build a graph-based recommendation engine that incorporates the items’
semantic information into the standard recommendation data and addresses these problems ex-
isting in the traditional recommender systems to improve recommendation accuracy. Therefore,
our main research question is: Can a graph-based recommendation engine combined with the
items’ semantic information perform better than using the standard recommendation data?
Several essential aspects need to be addressed during our research process. Therefore, we di-
vide our main research question into three sub-questions and solve them step-by-step in the
following chapters.

Research Question 1: Which diffusion kernel performs best on the standard recommendation
graph?
The first stage of our work is to build a graph-based recommendation engine. We first create a
user-item bipartite graph and an inter-item graph from the user-item interaction matrix. Then,
we combine these two graphs as a user-item combination graph. Afterwards, we apply the prob-
abilistic graph traversals starting with user nodes and terminating at the item nodes. As graph
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kernels measure the similarity or relatedness between a pair of graph nodes, we explore differ-
ent diffusion kernels and investigate which diffusion kernel outperforms the recommendation
result.

Output: Graph-based Diffusion Method for Top-n Recommendation

Research Question 2: Can we extract a sub-knowledge graph using the most relevant relations
from the source knowledge graph in order to enhance the recommendation data?

The second stage of our work is divided into two parts. The first part involves extracting the
sub-knowledge graph for each item of the standard recommendation dataset. We start by find-
ing the item’s entity URI using the standard entity linking technique. Then, we extract and filter
the local sub-knowledge graph for each item based on the set of candidate relations that reveal
the item’s semantic properties.

Research Question 3: Can the embedding representation be constructed from the knowledge
graph to accurately and precisely enhance the semantic representation of the items?

The next part transforms the sub-knowledge graph into items’ embedding representation. We
use the knowledge graph embedding technique to translate the sub-knowledge graph onto items’
embedding vectors. Then, we can calculate the semantic similarity or relatedness scores for a
pair of items using the items’ embedding vectors and build an embedded-item graph as the
embedded-item model instead of using the collaborative filtering user-item matrix.

1.2.2 Contribution

Overall, our contributions are developing a graph-based recommendation engine and exploring
items’ semantic information from knowledge graphs to improve the recommendation accuracy
consisting of:

1. Review some of the traditional collaborative filtering algorithms, like neighbour- and model-
based algorithms. Reproduce the results of some traditional recommendation algorithms on
datasets and compare them with others’ works.

2. Design a graph-based recommender engine (RecWalk*) that builds a user-item combination
graph. Apply the probabilistic graph traversals (like random walks) starting with the user nodes
and terminating at the item nodes on the graph to generate personalized recommendation re-
sults.

3. Investigate graph kernels (like diffusion kernels) as an efficient tool for measuring the similar-
ity or relatedness of graph nodes and integrate them into the graph-based recommender engine.

4. Extract the items’ semantic information from the knowledge graph (e.g., DBpedia) using de-
terministic graph traversals (like DFS) and convert them onto semantic embedding vectors using



1.2 research questions & contribution 4

knowledge graph embedding to accurately measure the semantic relatedness for a pair of items.

1.2.3 Structure of Thesis

The structure of the thesis is as follows. The following chapters discuss related works and
describe preliminary materials from recommender systems, knowledge graphs, and data aug-
mentation that form the fundamentals of our work.

Chapter 2 presents a systematic overview of recommender systems, with a particular focus on
the personalized recommendation strategy and various types of recommendation algorithms.
This Chapter underlines the limitations of traditional recommender systems and the compelling
rationale for adopting the graph-based method.

Chapter 3 describes the graph models and graph algorithms. We introduce the concepts of
graphs and give two graph representations of the standard recommendation dataset: a user-item
bipartite graph and an inter-item graph. We also give two types of graph traversals, including
deterministic and probabilistic, which are used to solve graph-based problems.

Chapter 4 discusses diffusion kernels, which accurately and effectively measure a pair of graph
nodes’ similarity or relatedness. To illustrate how a diffusion kernel works, we apply the proba-
bilistic graph traversals to the inter-item model.

Chapter 5 introduces our methodology. We propose a graph-based random walk framework
and demonstrate how this framework integrates with a diffusion kernel as a kernel-based rec-
ommendation method.

Chapter 6 sets up our experimental procedures in detail. We first select some classical item-
based and non-item-based recommendation algorithms as the baseline recommendation algo-
rithms. Then, we introduce some well-known standard recommendation datasets and conduct
experiments on these datasets to compare and analyze their results.
Chapter 7 mainly discusses items’ semantic information extraction and embedding transforma-
tion from knowledge graphs. We start by stating the entity linking technique, which connects
the items of the standard recommendation dataset to the entity nodes of the knowledge graph.
Then, we introduce the knowledge graph extraction, filtering, and embedding techniques to
obtain the concise knowledge subgraph for items. At the end of this chapter, we extend the
standard random-walk framework,RecWalk*, (as discussed in Chapter 5), using the knowledge
subgraphs.

Chapter 8 summarizes all contributions discussed in this thesis and answers all research ques-
tions, as we introduced in this chapter. We also give a systematic evaluation of the method
proposed in this thesis, including its advantages and disadvantages. At the end of this chapter,
we state our plans for future work.



2 B A C KG R O U N D : I N T R O D U C T I O N TO
R E C O M M E N D E R S Y S T E M S

Nowadays, many people have chosen online shopping and entertainment as their primary ways
to spend their spare time. Meanwhile, most people are unlikely to make decisions effectively and
wisely when they face massive information – Information Overload. This term was argued in the
research of modern information management from Bertram Gross’s book in 1965 [Gro65]. Some
researchers developed recommender systems (RSs) to provide personalized recommendations to
satisfy the specific preferences of different users. This chapter begins with the personalized rec-
ommender systems and introduces some classical algorithms. Then, we move on to the graphs
(in Chapters 3 and 4), introducing the concepts of graph data structures, graph models, graph
kernels, and graph algorithms and providing an example to illustrate each concept. Finally, we
briefly discuss the knowledge graphs (KGs).

2.1 personalized recommendation

Recommender Systems are techniques for information filtering and searching [KAU16], aiming
to find interesting items and filter out negative items for users. There are two major types of rec-
ommender systems: Non-personalized Recommendation and Personalized Recommendation [HAJ+22].
As a global recommendation strategy, the non-personalized recommendation also refers to the
popularity-based or average-based recommendation, suitable for new users or users with fewer
interaction records in the database. For instance, a system returns the top-10 selling books to
all users. Meanwhile, the personalized recommendation strategy can recommend items to a
user based on his or her preferences. Such a method explores the interactions between users
and items. Traditionally, a personalized recommender system includes three different types of
methods [WCL+23]: content-based filtering (CB), collaborative filtering (CF), and hybrid methods.

2.2 content-based filtering

Content-based filtering is the oldest recommendation strategy, in that an item is represented as
a vector of content features, and a user can be represented using a weighted vector of the same
content [PB07]. The item description is a vector of contents. The user description is also a vector
of contents which has the same dimension representing the features as item description. Given
a user, we compare the similarity between the user’s feature vector and all items’ feature vectors
using a similarity measure metric (such as the cosine measure). We then return the top items
with the highest similarity scores as the recommended list. Principally, all users are independent
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2.2 content-based filtering 6

of each other in the content-based recommendation method. Figure 2.1 below demonstrates an
example of a content-based recommendation. In this example, we provide three apps with six
categories: Education, Casual, Health, Timewaster, Science R Us, and Healthcare, as shown in
the first three rows, and a user profile with preferred item categories. Each cell in the app’s
profile represents whether an app belongs to a specific class. For example, the first app (the first
row on the table) occupies the ‘Educational’ and ‘Science R Us’ two cells. Each cell represents the
user’s preferences for this user profile, such as Education, Science R Us and Healthcare products.

Table 2.1 (a) below shows the app profile, where each cell gives the association score [0-1] of an
app belonging to a category. Table 2.1 (b) shows the user profile, where the one entries represent
the user’s preferences; otherwise, they are zeros.

Figure 2.1: Example of content-based recommendation [Goo24]

(a) Items feature vectors

(b) Users feature vector

Table 2.1: Items feature vectors and user feature vector

Next, we calculate the similarities between the user feature vector and all items’ feature vectors
using the cosine similarity measure [SKK+01], which returns a similarity score from the interval
[-1,1]. In general, due to the non-negativity of each feature, the final similarity score is from the
interval [0,1].
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Table 2.2 shows the Cosine similarity results of three items’ feature vectors compared with the
user feature vector ranked by their similarity scores in descending order. Obviously, the item
with the score (0.873) will be returned to the user as the result of content-based recommendation.

Table 2.2: Cosine similarity results

The advantages and disadvantages of the content-based recommendation are clear. As far as the
benefits are concerned, the recommendation process for each user is independent. Therefore,
there is no need to learn the data about other users. In addition, the recommendation results
are varied with different users’ preferences. The feature vectors can be changed with the chosen
user’s or items’ profiles. However, the drawbacks are obvious to see. One drawback is that
such an approach can only recommend items focused on content that the user has ‘liked before’;
in this situation, it cannot recommend App-2 because the user has not previously rated other
apps with the ‘Casual’ or ‘TimeWaster’ category. Another drawback is that we cannot provide
recommendations unless we obtain good descriptions of items.

2.3 collaborative-based filtering

Collaborative filtering (CF) is one of the most popular recommendation strategies. This method
collects ratings data from all users and puts the users with similar preferences into the same
groups [ERK+11]. The prediction score of an item to a user is based on the ratings of other users
with similar interests, and the ratings they gave to that item. One hypothesis under this method
is that if a person M has the same interests as another person N on an item, M is more likely
to have N’s opinion on a different item than that of a randomly selected person [RRS10]. In
other words, similar people like similar items. The significant difference between content-based
filtering and collaborative filtering appears in user engagement, as illustrated in Figure 2.2 below.

Collaborative filtering uses data from all users and items, but the content-based filtering uses
the data from the users and the data from the items, separately. For the collaborative-filtering
method, a user-item rated matrix is constructed from the database. Figure 2.3 below illustrates
an example of the user-item rated matrix. Within this figure, the rows represent three users
(John, Tom, and Conor), and the columns represent nine items (food). Each entry within this
table represents the preference or rating of the item a user gives. Each rating is on the scale
from 1-5 which is called the ‘Likert Scale’ [Lik32]. The question marks in the cells represent the
unknown data (missing values or the predicted ratings).
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(a) Collaborative-filtering (b) Content-based filtering

Figure 2.2: The difference between content-based Filtering and collaborative Filtering

Figure 2.3: User-item rated matrix

There are two major types of user feedback: Explicit and Implicit feedback [JSK10]. Explicit
feedback, accurately and explicitly represent a (good or bad) preference score that a user has
given to an item (e.g., a user has rated a favourite song as 5 out of 5 which means the user has a
very good preference on this song; a user only has rated a movie as 1 out of 5 which means the
user probably dislike this movie);

Collaborative Filtering can be divided into two approaches: similarity-based and model-based
approaches.
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Similarity Metric Explanation

Cosine cos(a, b) =
a · b

||a|| · ||b||

Pearson Correlation Coefficient PCC(a, b) = cos(a − a, b − b)

Euclidean Distance
n∑

i=1

√
(ai − bi)2

Table 2.3: Similarity metrics in memory-based filtering

2.3.1 Similarity-based Method

The similarity-based method, called memory-based or neighbour-based, compares and calcu-
lates the similarity between users and items [SKK+01]. The representation of users and items is
the row-based or column-based vectors of the user-item matrix. The standard vector similarity
measures include cosine [SKK+01], pearson correlation coefficient (PCC) [CKT10], and euclidean
distance [CLS90]. Table 2.3 below explains the similarity metrics. These three similarity metrics
all produce a symmetric similarity matrix. We can calculate the similarities of row-based vec-
tors to build a user-to-user similarity matrix as user-based CF or calculate the similarities of
column-based vectors to construct an item-to-item similarity matrix as item-based CF.

Figure 2.4: User row-based vectors

Figure 2.4 shows the row-based vectors for three users. The non-zero represents the rating of
the item the user gave, and all zero entries correspond to the question marks as the unknown
ratings in Figure 2.3. Table 2.4 shows the user similarity matrix using the cosine measure.

User John Tom Conor

John - 0.265 0.845

Tom 0.265 - 0.174

Conor 0.845 0.174 -

Table 2.4: Cosine similarity matrix
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In this example, the self-similarity to the user itself is omitted. John and Conor are more similar
in this metric than any other pair of users. Sometimes, we set a threshold to filter out low-scored
links between unrelated users. Some metrics (e.g., Pearson) may produce a negative similarity
score for a pair of unrelated users, and those links will not be considered.

ru,m =

∑
i∈u(k) sim(u, i) ∗ ri,m∑

i∈u(k) |sim(u, i)|
(2.3.1)

Eq 2.3.1 [SKK+01] above shows a ‘weighted average approach’ to compute the predicted
rating score (ru,m) for an unseen item (m) to the user (u) as the user-based collaborative filtering.
The predicted score is calculated by the weighted sum of the user similarity sim(u, i) and the
rating to the item (ri,m) scaled by the sum of user similarities for all top-k most similar users.
In this equation, the (k) is the number of selected similar users to the target user (u). The
user-based collaborative filtering is called the UserKNN (or ItemKNN [SKK+01] for item-based
collaborative filtering). Figure 2.5 below illustrates the user-based collaborative recommendation
process to the user ‘Conor’. In this example, we set the number of the nearest neighbours as 1.
Eqs 2.3.2 - 2.3.5 calculate the prediction score for each unseen item to the user ‘Conor. Based on
the cosine similarity result in Table 2.4, ‘John’ was most similar to ‘Conor’. The prediction scores
of all unseen items for Conor were computed using John’s ratings.

rConor,2 = sim(Conor, John)× rJohn,2 = 0.845× 1 = 0.845 ≈ 0.85 (2.3.2)

rConor,4 = sim(Conor, John)× rJohn,4 = 0.845× 0 = 0 (2.3.3)

rConor,6 = sim(Conor, John)× rJohn,6 = 0.845× 2 = 1.69 (2.3.4)

rConor,7 = sim(Conor, John)× rJohn,7 = 0.845× 0 = 0 (2.3.5)

rConor,9 = sim(Conor, John)× rJohn,8 = 0.845× 4 = 3.38 (2.3.6)

In Figure 2.5, the bold-font values are the prediction scores of all unseen items to the user ‘Conor’,
and the normal-font values are the scores for all rated items to the user. The item (marked as
red) was the optimal recommended item returned to the user with the highest prediction score
(3.8). We chose this algorithm as one of the baseline recommendation algorithms introduced in
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Figure 2.5: User-based recommendation result to the user Conor

Chapter 5.

Implicit feedback only records whether the user has interacted with the items (e.g. has listened
to a song). The degree of user preference for items needs to be clarified in implicit feedback.
However, implicit feedback can be used to estimate a user’s preference score. For instance, a
high preference score could be attached to a song that is listened to frequently. Due to the
limited explicit information of a dataset, many collaborative-filtering approaches are based on
implicit feedback data.

2.3.2 Model-based Method

However, data sparsity is a crucial problem in traditional memory-based collaborative approaches.
For instance, most entries within the user-vector or item-vector are zeros. Therefore, the vector
similarity comparison seems as time-consuming and space-consuming as the vectors with high
dimensionality (e.g., a vector with 100,000 elements). The model-based methods address this
problem and improve data processing efficiency and recommendation accuracy.

In this thesis, we demonstrate matrix factorization as one typical application of the model-based
methods. This method decomposes a large and high-dimensional sparse matrix into several
dense and low-dimensional matrices [KBV09]. The significant advantage is that we can efficiently
compute the similarities between users and items with low-dimensional matrices. For instance,
Pure singular value decomposition (PureSVD [CKT10]) decomposes a real or complex matrix
into three low-dimensional matrices, including two low-dimensional orthonormal matrices and
a diagonal matrix. Eqs 2.3.7 and 2.3.8 below defines PureSVD:

PureSVD(R) = U ∗Λ ∗QT , P = U ∗Λ (2.3.7)

PureSVD(R) = P ∗QT (2.3.8)

Within Eq 2.3.7, the user-item matrix (R) is decomposed into three sub-matrices, U (an orthog-
onal matrix), Λ (a diagonal matrix), and Q (an orthogonal matrix). The matrix (P), the product
result of U and Λ, represents the user-latent features, and the matrix (Q) represents the item-
latent features. Therefore, the user-item matrix (R) could be represented as the dot product of
P and Q. Figure 2.5 below illustrates the SVD decomposition process of the user-item matrix in



2.3 collaborative-based filtering 12

Figure 2.4. In this example, we set the number of factors as two.

Figure 2.6: User-item matrix factorization (P: User-latent vectors and Q: Item-latent vectors)

Figure 2.7: PureSVD recommendation illustration (Ratings rescaled into 1-5)

Hence, like the vector similarity measure used in memory-based recommendation methods, the
dot product between a user-latent vector and an item-latent vector can be considered the simi-
larity score between the user and the item. In other words, this dot product result reflects the
preference of an item given by a user. Figure 2.7 illustrates the scaled predicted ratings from 1 to
5. The black entries are the users’ ratings, and the red entries are the predicted ratings. PureSVD
provides a straightforward way to decompose a sparse user-item matrix onto a dense user latent
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matrix and a dense item-latent matrix so that we can easily calculate the dot product of the vec-
tors as the prediction score. Therefore, we adopted PureSVD as one of our model-based baseline
algorithms, which will be introduced in Chapter 5.
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2.3.3 Neural Collaborative Method

The earlier versions of the collaborative filtering recommender systems were lazy learning meth-
ods, which did not create explicit models from data, like neighbour-based methods. Gradually,
model-based methods, called eager-based methods, assemble the data into models to make pre-
dictions. Recently, with the rapid development of deep learning, the neural collaborative filtering
(NCF) framework [HLZ+17], has been applied to solve a recommendation task in collaborative
filtering. This framework, as shown in Figure 2.8 below, has shown significant performance on
implicit data. Two well-known algorithms are multiple-layer perceptron (MLP) and generalized
matrix factorization (GMF). MLP is a multiple-layer, fully-dense neural network (DNN), and the
GMF is a single-layer neural network integrated with the user-latent and item-latent features
as the embedding layer weights. The inputs for both algorithms are the user’s and item’s one-
hot representation, respectively, and the output for both algorithms is a probability indicating
whether a user liked an item.

Figure 2.8: Neural collaborative filtering framework [HLZ+17]

The NCF framework converts a collaborative filtering problem into a classification task. This
framework consists of four components: an input layer accepting one interaction from a user
and an item; an embedding layer creating user latent and item latent vectors; a few neural CF
layers for fitting the neural networks; and an output layer that outputs the prediction score a
user gives to an item. We first train the neural networks with all user-item interactions from
the database and then test with the unknown interactions between users and items. This thesis
will use MLP and GMF as two baseline NCF algorithms to compare with other algorithms, as
discussed in Chapter 5.

2.3.4 Regression-based Method

Lastly, model-based collaborative filtering can be performed using a regression-based method.
Ning and Karypis [NK11] argued with a method, the sparse linear method (SLIM), aiming to
solve an inter-item matrix (which will be introduced in Chapter 3) from the explicit or implicit
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user-item interaction matrix using the Elastic-net regression. Eq 2.3.9 below illustrates the elastic
net regression framework.

minimize
1

2
||R − RW||2F +

β

2
||W||2F + λ||W||1F,

subject to W >= 0, and diag(W) = 0

(2.3.9)

As shown in Eq 2.3.9, (R) represents the explicit or implicit user-item matrix, and (W is the inter-
item matrix representing the similarity between any pair of items. the elastic-net regression
framework consists of three components, the loss function (||R − RW||2F), the L2-normalization of
the inter-item matrix (||W||2F), and the L1-normalization of the inter-item matrix (||W||1F). β and
λ are the coefficients of the L1-normalization and L2-normalization, respectively. They aimed
to minimize the loss to figure out an optimal non-negative inter-item matrix, and the diagonal
elements of the inter-item matrix were reset to zeros, ignoring the influence of the items on
themselves.
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2.4 hybrid filtering

Content-based filtering considers the single user only but requires enough descriptive informa-
tion about users or items. Collaborative filtering considers the user-item interactions only, with
no engagement with the content information about users or items. Hybrid recommender sys-
tems fuse content-based and collaborative filtering features [JPL04]. Such a method not only
mines the interactions between users and items but also takes advantage of the content informa-
tion of users or items to improve the recommendation accuracies.

Figure 2.9: Hybrid-filtering framework

Figure 2.9 illustrates the hybrid-filtering framework. There are two similar users (blue and pur-
ple) in this example. The left-half side of this diagram represents collaborative filtering, where
two yellow items on the top of the diagram are the items co-rated by both users. The right-half
side of the diagram shows content-based filtering where the red item at the right-up corner of
the diagram is the item rated by the blue user. The green item at the bottom of the diagram is
recommended to the blue user via content-based filtering and to the purple user via collabora-
tive filtering, respectively.

However, the major challenge of hybrid filtering is obtaining external content data about users
or items. This thesis addresses this problem by using knowledge graphs as introduced in Chap-
ter 6. A knowledge graph, as a topological knowledge base, is considered a good resource for
enhancing the description of users or items [FŞA+20]. Each graph node has a real meaning, such
as a person, a book, or an abstract concept, and each edge represents a type of relation con-
necting two entities like friendship or partner. The generic knowledge graphs include DBpedia
[ABK+07], YAGO [RSH+16], and WordNet [Fel05]. Figure 2.10 shows a snapshot of DBpedia.
As shown in this Figure, the knowledge graph is a directed graph where entities are nodes (such
as ‘MONA LISA’, ‘JAMES’, and ‘PARIS’) and links are the relations between entities (such as ‘is
a’, ’is a friend of’, and ‘has lived in’).
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Figure 2.10: Knowledge graph visualization example (DBpedia) [Cha21]

For a standard collaborative filtering task, the items are mapped to entity nodes based on items’
descriptive information (e.g., name) in a knowledge graph via a type of entity linking technique
[HRN+13]. Further, we can extract items’ semantic information from the knowledge graph
and then convert them into continuous vector spaces via Knowledge Graph Embedding (KGE)
[WMW+17] as will be discussed in Chapter 6. This technique not only simplifies the manip-
ulation but also preserves and extends the topological structure of the knowledge graph. After-
wards, we can fuse the item’s embedding and user-item collaborative information as a hybrid
recommender system.

In recent years, many outstanding works have applied semantic knowledge graphs to recom-
mender systems to improve overall recommendation accuracy. In 2016, Tommaso et al. [NOT+16]
presented SPrank, a novel hybrid recommendation algorithm, to compute the top-N recommen-
dation effectively. They first extracted a knowledge subgraph from DBpedia via the standard
entity linking technique based on semantically correlated relationships. And then, they com-
bined the user-item bipartite graph and the knowledge subgraph as a combination graph. They
explored all possible paths between users and items by executing several random walks on the
combination graph. Afterwards, they created a feature vector for each user-item interaction in-
stance in the standard recommendation dataset, where each feature represents the occurrence
number of a path. Ultimately, they applied all feature vectors to the Random Forest model to
keep the best paths by training different decision trees parallelly. Based on that idea, we are
motivated to design a graph model that merges the user-item interaction information from the
standard recommendation graph and the semantic information from the knowledge graph.

2.5 conclusion

Overall, we first introduced the concept of recommender systems, which are the two standard
personalized recommendation algorithms, including content-based and collaborative filtering.
The collaborative filtering algorithms are divided into memory-based and model-based algo-
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rithms. Further, we demonstrated some applications based on a real user-item rating database
and revealed their connections and differences. Next, we introduced neural-based approaches
like the NCF framework. Afterwards, we moved onto the regression-based approaches like
SLIM. Eventually, we covered the hybrid recommendation strategy that incorporates content-
based and collaborative filtering benefits to improve the accuracy of the recommendation. A
knowledge graph may be a good resource for extending the semantic descriptions of items in
the databases.

Admittedly, traditional content-based and collaborative methods have improved recommenda-
tion accuracy in recent decades. However, these methods did not consider the deep relations be-
tween users-to-users or items-to-items implied in the database. Therefore, we propose a graph-
based method to address this problem. The next chapter will introduce some basic concepts
about graphs.



3 B A C KG R O U N D : G R A P H M O D E L S A N D
A LG O R I T H M S

We have discussed the traditional personalized recommendation algorithms in Chapter 2, from
content-based and collaborative filtering to neural-based and hybrid methods. However, these
methods did not explore the external relationships between users and items. In this thesis, we
are going to explore how graphs allow us to model the relationships between users and the
relationships between items. We will demonstrate the techniques for making recommendations
based on these graph data structures. A graph-based method can conveniently make recom-
mendations. This chapter will first concentrate on the concepts of graphs, then move on to the
graph models to represent user-item data, and finally, introduce the graph algorithms in the
recommendation task.

3.1 graph basis

A graph represents relationships between entities, among users and users, items and items, or
users and items. Topologically, a graph is a data structure consisting of nodes and edges, where
nodes are entities such as people, events, places or objects, and edges are the relations between
a pair of nodes [Gou13]. This thesis first declares some notations and symbols to introduce
the concept of a graph. For example, a bold-font upper letter represents a matrix (e.g., R); a
normal-font upper letter represents a graph (e.g., G) or a set (e.g., V); and a bold-font lower
letter represents a vector (e.g., r). Eq 3.1.1 below gives the mathematical definition of a graph.
As seen in this equation, a graph is denoted as (G) consisting of a set of nodes (V) and edges
(E). An adjacency matrix is a square matrix where each entry indicates if an edge exists between
a pair of nodes for an unweighted graph and the degree of strength of an edge in a weighted
graph.

G =< V ,E >, V = {v|v ∈ vertices(G)}, E = {(v1, v2)|v1, v2 ∈ V} (3.1.1)

For a standard collaborative recommendation task, the user-item matrix (R) can be represented
by a user-item bipartite graph (G) where nodes are the users and items, and links are their
interactions, like ratings. Within a bipartite graph, each user node is independent of other user
nodes, and each item is independent of other item nodes. In other words, there are no links
between users-to-users or items-to-items within a bipartite graph. Figure 3.1 (a) shows the user-
item interaction matrix with explicit rating. To simplify the calculation, Figure 3.1 (b) shows
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the user-item bipartite graph based on the implicit feedback version of the user-item matrix in
Figure 3.1 (a). This user-item bipartite graph contains three user nodes (purple square nodes)
from ’U1’ to ’U3’ and nine-item nodes (yellow circle nodes) from ’I1’ to ’I9’. Figure 3.1 (c) shows
the user-item bipartite graph’s adjacency matrix (W). Compared with other types of graphs, the
adjacency matrix of a bipartite graph is a block matrix [ref] where the adjacency matrix is divided
into four blocks from left to right and top to down: the user-user block, the user-item block,
the item-user bock, and the item-item block, respectively. Eq 3.1.2 shows the block form of the
user-item bipartite graph’s adjacency matrix (W).

(a) User-item ratings matrix

(b) User-item bipartite graph

(c) Adjacency matrix (W)

Figure 3.1: User-item bipartite graph and adjacency matrix
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W =


0 R

RT 0

 (3.1.2)

Despite the user-item matrix, the user-item bipartite graph clearly presents the interaction be-
haviours between users and items. The rating prediction in a collaborative filtering task can be
solved by link prediction in a bipartite graph. Link prediction is a technique that predicts the exis-
tence or likelihood of future links within a dynamic network [KSS+20]. This technique predicts
most likely missing links from a subset of non-existing edges. The subset of non-existing edges
is sorted based on ranking algorithms to reflect the weights, and the high-weighted edges are
newly inserted into the original network. Figure 3.2 below shows an example of the prediction
process based on the user-item bipartite network provided in Figure 3.1 (b). In this example,
both user ‘U3’ and ‘U1’ have rated the item (‘I6’), and they probably have similar tastes in their
preferences. The user ‘U1’ rated the item ‘I8’, but the user ‘U3’ did not. Thus, we predict that
there is a link connecting the user ‘U3’ and the item ‘I8’ in the graph.

Figure 3.2: Link prediction example
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3.2 item model

Although a bipartite graph models the relations between users and items, it is often beneficial
in a recommendation task to model the relations between users and users or items and items.
For instance, a user has rated an item, and we want to find an item most closely related to the
item rated by the user. We can build an item model to simulate this relationships. An item
model simulates the transformation from the user-item bipartite graph to the inter-item graph.
The transformation calculates the relationships between items that the user-item bipartite graph
does not convey. Thus, an inter-item interaction matrix or an inter-item graph can represent an
item model. An item model represents the similarity between a pair of items. There are several
ways to construct an item model. For instance, an item model can be built from memory-based
collaborative filtering methods such as cosine and pearson [CKT10]. Besides, we can also build
an inter-item graph by representing items as vectors to reduce the dimensionality of the user-
item matrix, as used in PureSVD. Figure 3.3 (a) and (b) show the two representations of an item
model as an inter-item matrix and an inter-item graph, respectively, via cosine based on the user-
item matrix in Figure 3.1. Due to the symmetry of the cosine similarity measure, the adjacency
matrix is symmetrical. Therefore, the inter-item graph is undirected.

(a) Inter-item interaction matrix (W) (b) Inter-item graph

Figure 3.3: Two representations of an item model

Therefore, we have two representations of graphs of recommendation data: a bipartite graph
represents the user-item raw ratings, and an inter-item graph, which is transformed from the
user-item bipartite graph, represents the connections and similarities between items and items.

3.3 graph traversals

In the last chapter, we examined the neighbour-based and model-based collaborative filtering
algorithms. To illustrate how they contribute to a recommendation task, we will introduce
graph traversals based on two representations of graphs (user-item bipartite graph and inter-
item graph). We will start with the concept of graph traversal.
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A graph traversal manipulates or instructs a move from one node to another node on a graph
[Eve11; Pea05]. Then, we introduce two types of graph traversals [Pea05]: deterministic and
probabilistic. Deterministic traversals involve a known sequence of nodes we are going to visit,
such as breadth-first search and depth-first search. On the other hand, probabilistic traversals
are those where we are unclear about the sequence of nodes we are going to visit, like random
walks. This distinction will help us gain a clear understanding of these traversal types.

3.3.1 Deterministic Graph Traversal

As we mentioned in the introduction part of section 3.3, depth-first search (DFS [BW84]) is a type
of deterministic graph traversal approach to extract the paths in order starting from a node in a
graph. For instance, we will use the DFS approach to extract the paths from a knowledge graph
to build a knowledge subgraph for an item, as will be introduced in Chapter 6.

(a) Sample Graph (b) DFS

Figure 3.4: DFS traversing example

Figure 3.4 (a) and (b) show an example of a DFS traversing approach based on an undirected
graph. In this example, the DFS approach starts with node ‘1’ and explores until it reaches the
farthest node ‘24’.

3.3.2 Probabilistic Graph Traversal

As we discussed in the introduction part of section 3.3, the probabilistic graph traversal explores
a sequence of unexpected nodes. A random walk [Pea05], argued by Pearson in 1905, illustrates
the probabilistic graph traversal. A walk [Eve11] consists of a sequence of ordered nodes followed
by edges where each node and each edge can be visited repeatedly. For a recommendation task,
we aim to produce the user with his unexpected items as the recommendation results. Therefore,
we apply the probabilistic graph traversal on the inter-item graph. Standard PageRank (SPR), pro-
posed by Larry Page and Sergey Brin [LM06], is a random walk model that simulates a random
web surfer to identify the pages the surfer would likely end up on if they followed the chosen
randomly out-coming links. This process is iterated several times. Initially, Google search en-
gines used the SPR algorithm to rank web pages in their search results. The SPR algorithm uses
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a probability of teleporting (α) that allows a surfer to jump to a random node rather than fol-
lowing an out-link from the currently occupied node by the surfer. We called the teleportation
probability as a damping factor in this thesis. By default, the teleportation probability is set as
0.85.

For a random walk, each move from one node to another node is determined by a transition
probability. A transition probability gives a likelihood that a random walker moves from one node
to another node. In the early 20th century, Andrey Markov presented Markov chain [Sen96], a
stochastic probability model to declare the transition probability of each move in a random walk.
Each node is viewed as a state within a Markov chain, and each move is considered an event.

Figure 3.5 below provides a visual representation of a random walker based on the Markov
chain model. In this example, we use the inter-item graph shown in Figure 3.3 (b). To simplify
the process, we omit the weight associated with each edge and only consider the number of
in-coming and out-coming links of each node. The probability of transitioning from one node
to all other nodes is the reciprocal value of the number of outgoing links from that node. The
walker starts at the (red) node ‘I5’ and ends at the node ‘I7’ (blue) after three independent moves.
The probability of this random walk P (5→ 6→ 1→ 7) is calculated as follows in eq 3.3.1 below.

P (5→ 6→ 1→ 7) = P (5→ 6) ∗ P (6→ 1) ∗ P (1→ 7) = 0.33 ∗ 0.17 ∗ 0.2 = 0.011 (3.3.1)

Figure 3.5: Markov chain example

We can use a transition probability matrix to store the transition probabilities among all graph
nodes [Sen96]. Eq 3.3.2 below gives the generic definition of the transition probability matrix (P).
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The transition probability matrix has the same size as the adjacency matrix of a graph. In this
matrix, each row expresses the probability of transitioning from one node to all other nodes.

P =


p11 p12 · · · p1n

p21 p22 · · · p2n
...

...
...

...
pn1 pn2 · · · pnn

 (3.3.2)

Eq 3.3.3 below shows the transition probability matrix based on the inter-item graph in Figure
3.5. For instance, the first row represents the probability of transitioning from node ‘I1’ to all
connected nodes (‘I2’, ‘I4’, ‘I6’, ‘I7’, and ‘I8’), respectively.

P =



I1 I2 I3 I4 I5 I6 I7 I8 I9

I1 0 1/5 0 1/5 0 1/5 1/5 1/5 0

I2 1/3 0 0 0 0 1/3 0 1/3 0

I3 0 0 0 0 1/3 1/3 0 0 1/3

I4 1/2 0 0 0 0 0 1/2 0 0

I5 0 0 1/3 0 0 1/3 0 0 1/3

I6 1/6 1/6 1/6 0 1/6 0 0 1/6 1/6

I7 1/2 0 0 1/2 0 0 0 0 0

I8 1/3 1/3 0 0 0 1/3 0 0 0

I9 0 0 1/3 0 1/3 1/3 0 0 0



(3.3.3)

As previously discussed, the standard PageRank algorithm is an iterative process. We can use a
location vector π(t), a row-wise vector, to record the probability distribution for each node after
each iteration of a random surfer. For example, Eq 3.3.4 defines the probability distribution vec-
tor where the entry p(k)t represents the probability that the surfer will be at the node (k) after (t)
iterations. π(0) represents the initial probability distribution for the location of a random surfer.
Eq 3.3.5 gives the iterative update equation of the probability distribution vector for all items
in each iteration. In this equation, π(t) represents the probability distribution vector after (t)
iterations. The probability distribution vector at the iteration (t) is determined by the probability
distribution vector at the iteration (t− 1).

(α) is the teleportation probability, as we introduced before, and 1 is a row vector filling with
ones with the size of the number of nodes (n) in the graph. (P) is the transition probability matrix
of a random surfer traversing from the current node to another connected node following their
out-coming link. Therefore, a surfer landing on a node has two options to move. The surfer has
the probability of (α) to choose an out-coming link moving from the current node onto another
connected node with their transition probability declared in (P); the surfer has the probability
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of (1− α) to choose to jump to one of the graph nodes randomly, and each graph node has a
probability of 1

n to be selected as the target node.

π(t) =
[
p(1)t p(2)t · · · p(k)t · · ·p(n)t

]
(3.3.4)

π(t) = απ(t−1)P + (1−α)
1
n

(3.3.5)

Figure 3.6: Sample Inter-item graph

To illustrate how the standard PageRank algorithm works on a directed inter-item graph to
generate a recommendation result for a user, we used a sample inter-item graph consisting of
twelve items, as shown in Figure 3.6 above. The SPR algorithm assumes the initial landing
probability of the random surfer to each node is equivalent to the reciprocal value of the number
of nodes in the graph. In this example, the initial landing probability of a random surfer to each
node item is 1/12, as shown in Eq 3.3.6. And we adopted the damping factor as 0.85 by default.

π(0) =
[

1
12

1
12

1
12

1
12

1
12

1
12

1
12

1
12

1
12

1
12

1
12

1
12

]
(3.3.6)

We ran the standard PageRank algorithm for ten iterations to collect the items with the highest
PageRank score as the recommendation result to the user. Each user will receive the same
recommendation result, starting with the same initial probability distribution vector. Eqs 3.3.7
- 3.3.9 show the landing probability distribution vector of a random surfer after 1, 3, and 5

iterations, respectively. We observed that the probability distribution vector converged after five
iterations, and item 8 has the highest probability compared to other item nodes.

π(1) =
[
0.23 0.05 0.07 0.08 0.02 0.06 0.04 0.17 0.09 0.02 0.06 0.1

]
(3.3.7)
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π(3) =
[
0.26 0.02 0.02 0.05 0.01 0.14 0.05 0.34 0.04 0.01 0.02 0.05

]
(3.3.8)

π(5) =
[
0.28 0 0.01 0.09 0 0.18 0.02 0.36 0.02 0 0.01 0.03

]
(3.3.9)

(a) π(0) (b) π(1)

(c) π(3) (d) π(5)

Figure 3.7: SPR: landing probability distribution (α = 0.85)
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In addition, we also visualized the probability distribution vector after one, three, and five iter-
ations of running the standard PageRank algorithm, as shown in Figure 3.7 below. Figure 3.7
(a) denotes the initial probability distribution vector π(0). Figures 3.7 (b)–(f) shows the probabil-
ity distribution vectors π(1), π(3), and π(5) after one, three, and five iterations of running the
standard PageRank algorithm, respectively. In this Figure, a node’s colour reflects the node’s
PageRank score. We concluded that the probability distribution vector converged after five iter-
ations, and the item node ’8’ has the highest PageRank score. Therefore, the item ’8’ would be
recommended to the user.

3.4 conclusion

Overall, this chapter aims to introduce a straightforward graph-based recommendation strategy
that explores the rich information between users-to-users and item-to-items from the primary
user-item database, which is not accomplished by the traditional collaborative filtering methods
like memory-based or model-based approaches, as discussed in Chapter 2.

We began by introducing the graph basis to understand the graph structures. We then transi-
tioned to the practical application of graph models, including the representations and construc-
tions of the user-item bipartite and inter-item graphs. Next, we introduced two types of graph
traversals: deterministic and probabilistic. We gave the DFS algorithm as an illustration of the
deterministic graph traversal and the SPR algorithm as an illustration of the probabilistic graph
traversal.

Afterwards, we applied the SPR algorithm on the inter-item graph and simulated a random
surfer to make non-personalized recommendation result for the user in a recommendation task.
By default, the SPR algorithm adopted (α=0.85) as the damping parameter. This means that
the surfer has the high probability to follow the out-coming links moving onto other connected
nodes and the low probability jumping to one of the graph nodes randomly. Notably, such
a method delivers the non-personalized recommendation result to the user because each item
node has the same initial landing probability as the reciprocal value of the number of nodes
within the initial probability distribution vector.

The SPR algorithm provides a non-personalized recommendation strategy because such a method
delivers a global ranking of vertices. However, we expect that each user will receive a personal-
ized recommendation result. Thus, we will introduce kernel-based methods in the next chapter.
A surfer will start with the user’s historically rated item nodes, which are regarded as the seed
items. Despite the fact that a surfer has a probability of choosing to move from the current node
to another connected node via their outgoing link, we will constrain the surfer restarting to one
of the seed nodes rather than a random graph node.



4 B A C KG R O U N D : G R A P H D I F F U S I O N
K E R N E L S

We introduced two dataset graph representations in the previous chapter: user-item bipartite
and inter-item graphs. We also introduced graph algorithms, including the standard PageR-
ank algorithm that delivers a global ranking of vertices as a non-personalized recommendation
strategy. Compared with the traditional collaborative-filtering algorithms, we have seen that a
graph-based method is an effective recommendation strategy for the user because such a method
captures the in-depth relations between items. In this chapter, we will introduce a kernel-based
method that can provide personalized recommendation results to a user. Such a method aims
to explore the unrated item nodes by the user in the inter-item graph as the recommendation
result. Similar to the approach introduced in SPR in Chapter 3, we will use a surfer to simulate
a random walk in the inter-item graph. There are two core ideas underlying the kernel-based
method: a user can personalize his historically rated items as the seed nodes in the initial land-
ing probability distribution vector, and a surfer can decide to jump back to one of the seed item
nodes rather than a random item node after the number of moves. We will start by introducing
diffusion kernels and the types of diffusion kernels. Then, demonstrate how a diffusion kernel
works with the random walks as a kernel-based method on an inter-item graph to make person-
alized recommendations to a user based on an actual inter-item graph.

4.1 diffusion kernels

As recalled from Chapter 3, the SPR algorithm provides a global ranking of item nodes within an
inter-item graph via random walks. However, it fails to deliver personalized recommendations
to different users. This is where the understanding of diffusion kernels comes into play. A kernel,
also known as a graph kernel, argued by Kondor and Lafferty [KL02], is a function that computes
and compares the similarity, relatedness, or distance between a pair of graph nodes. In these
methods, a random surfer starts at a given small subset of graph nodes and moves randomly,
following the transition probability as a biased random walk. A diffusion kernel, a graph kernel,
operates the energy diffusion process over a net. Diffusion, a physical concept, refers to the net
movement of a substance (e.g., energy or heat) from an area of high concentration to an area
of low concentration [KL02] or the information propagation process on the graph. Importantly,
there is a hypothesis that the total energy or information on the graph is constant during the
propagation or diffusion process.

In this chapter, we will cover different types of diffusion kernels and provide an example of
each kernel based on the actual graph to illustrate how it works with random walks on the inter-

29
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item graph to effectively generate recommendations to the user, starting at the user’s rated item
nodes. Section 4.2 will introduce two Neumann-series-based kernels: personalized PageRank
and laplacian kernel; section 4.3 will discuss an exponential-based diffusion kernel: communica-
bility kernel.

As we mentioned previously in the introduction section of this chapter, a diffusion process de-
scribes the energy or information propagation process on the graph. During a diffusion process
within a graph, a node can act as a role of either transiting information into connected nodes or
receiving information from other nodes for each iteration. Therefore, the diffusion result at an
iteration can be viewed as the accumulative sum of the diffusion results from all previous itera-
tions. We use a probability distribution vector to record the diffusion scores of all graph nodes
for each iteration of the diffusion process. For each diffusion-based approach, we multiply the
user’s initial landing probability vector (r) with the diffusion-based results as the final landing
probability distribution vector proposed by Karypis and Nikolakopoulos [NK19]. We pick up
the top-N unrated items with high landing probabilities as the recommendation per user.

4.2 neumann series-based kernels

Neumann series-based kernels [SC04] are one of the popular diffusion kernels. Such type of kernels
is derived from the Neumann series that sums up the number of repeated applications of an
operator. PageRank and laplacian kernels are the Neumann series-based kernels; each can be
represented as a Neumann series. In a recommendation task, the kernel-based approaches aim
to find a convergent state after executing a diffusion process on the inter-item graph starting
with the subset of the item nodes rated by the user. Eq 4.2.1 shows the generic iterative form
of the Neumann-series-based diffusion kernels. In this equation, (T) represents a matrix, (α)
indicates a probability that a random walker moves from the current occupied node to another
node following the link, and (t) denotes the iteration epoch number of the diffusion process (the
number of steps of a random walk). For the SPR algorithm, a random surfer has the probability
of (α) moving from the currently occupied item node to another connected item node following
the outgoing link and the probability of (1−α) moving onto a completely random item node; for
the Personalized PageRank algorithm, a random surfer has the probability of (α) moving from
the currently occupied item node to another connected item node following the out-coming link,
and the probability of (1− α) moving back to one of the seed item nodes. By default, the tele-
portation probability (α) is set as 0.85, meaning the random surfer will return to one of the seed
nodes typically after four or five steps.

As discussed in Chapter 3, we use a landing probability distribution vector to record the landing
probability of each node at each iteration in a diffusion process.

Alternatively, the Neumann-series-based kernels can also be transformed into a linear equation,
as shown in Eq 4.2.3 below. This transformation, which we will now discuss, is a powerful tool
in our understanding of the process. We first left-multiply the term (αT) on both sides of Eq
4.2.1; Eq 4.2.2 shows the result. As the (t) increases to a tremendous value, we can consider that
(t) is equal to (t+ 1). Therefore, there is only a difference in an identity matrix (I) between Eq
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4.2.1 and Eq 4.2.2. Then, we subtract Eq 4.2.2 and Eq 4.2.1 to obtain a linear equation as in Eq
4.2.3. This linear equation, a more efficient approach, allows us to calculate the convergent state
distribution vector by solving the linear equation directly.

DFVND =

∞∑
t=0

αtTt = α0T0 +α1T1 +α2T2 + · · ·+αtTt + · · · (4.2.1)

αT(DFVND) = α1T1 +α2T2 + · · ·+αtTt +αt+1Tt+1 + · · · (4.2.2)

DFVND = [I −αT]−1 (4.2.3)

4.2.1 Personalized PageRank Kernel

As the SPR algorithm discussed in Chapter 3 before, it models a random surfer on an inter-item
graph. It ranks all items based on the probability of the surfer reaching a specific item in a ran-
dom walk. However, such a method delivers a global ranking because this algorithm assumes
that the user has the same preference for each item; in other words, each item node has the
same initial landing probability that is the same for all users. We run the SPR algorithm on
the inter-item graph iteratively until reaching a convergent state. We use a landing probability
distribution vector to record the landing probability for each graph node at each iteration. This
algorithm returns the items with the highest landing probability to the user. From now on, we
introduce the personalized PageRank (PPR) kernel [ACR17]. Such kernel first declares the user’s
historically positively rated items as the seed items. Users can personalize their starting proba-
bility using their seed items as a non-uniform distribution rather than using the same starting
probability. Then, a teleportation probability declares a likelihood that a surfer moves following
the out-coming links within the inter-item graph or jumps back to a seed node.

The SPR kernel only gives a global view of the graph. Such a kernel does not explore the neigh-
bourhood of the items the user have rated because the random walker searches the whole graph
and may returns to a completely random graph node after the number of moves. The PPR
kernel explores the local graph around the nodes we have rated because the random walker is
constrained to move back to one of the seed nodes after the number of moves. Therefore, the
PPR kernel provides a personalized recommendation strategy to the user.

We set up a damping factor as a parameter to allow a user to explore the graph, either locally or
globally. The PPR kernel uses a damping factor (α)(0 < α < 1) as the teleportation probability
to indicate whether the walker moves to another connected node following the out-coming link
from the currently occupied node with a probability of (α) or randomly jumps to one of the seed
nodes with the probability of (1−α).

π(t) = απ(t−1)P + (1−α)r (4.2.4)
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Eq 4.2.4 declares the generic iterative equation of the personalized PageRank kernel. This equa-
tion declares the probability distribution vector for each graph node after (t) iterations of dif-
fusion, (P) is the transition probability matrix, (r) is the initial landing probability vector of the
user, and (α) is the damping factor indicating the teleportation probability that returns to one
of the seed nodes. Thus, a random walker has a probability of (α) to move from an item node
to another connected item node with a transition probability declared in (mathbfP) within the
inter-item graph or a probability of (1−α) jumping back to a seed item node with a probability
of r.

Formally, Eq 4.2.5 shows each iteration’s update equation of the personalized PageRank diffusion
kernel’s probability distribution vector π(t) . In this equation, (r) is the row-wise vector, which
includes the items rated by the user as the seed nodes, (P) is the transition probability matrix,
and (α) is the restarting probability. The (r) is a row-wise vector representing the user’s rated
items.

π(t) =

(1−α)r, t = 0

απ(t−1)P + (1−α)r, t > 0
(4.2.5)

Eq 4.2.6 shows the personalized PageRank probability distribution vector π(t) as a Neumann
series, and Eq 4.2.7 gives the linear solution of the PPR kernel.

DKPPR = π(t) = r
∞∑

k=0

(1−α)αtPt (4.2.6)

DKPPR = r[I −αP]−1 (4.2.7)

In short, we have seen that the personalized PageRank kernel helps users make personalized
recommendations via a random walker starting with the user’s seed item nodes. In the next
section, we will introduce the laplacian kernel, a different type of Neumann series-based kernel
using different information propagation mechanism.

4.2.2 Regularized Laplacian Kernel

Alternatively, the laplacian matrix [Spi12] is also a matrix representation of a graph. We can use
the laplacian matrix to measure the similarity between a pair of graph nodes. Regularized lapla-
cian kernel (LAP) (known as the forest kernel [Spi12]) allows the random walker to explore the
graph locally or globally to make recommendations. The random surfer can explore the nearby
neighbourhoods to the seed nodes as the local exploration result or the broader neighbourhoods
to the seed nodes as the global exploration result.
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A damping factor (α) determines the possibility of the exploration result to a random surfer. A
small value of (α) means that the surfer will likely explore the short-distance neighbourhoods
to the seed nodes the user likes on the graph. In contrast, a large value of (α) means that the
surfer will likely explore the long-distance neighbourhoods to the seed nodes the user likes on
the graph. Eq 4.2.8 defines the laplacian matrix (L) [Bap10], which is the difference between the
degree matrix (D) and the adjacency matrix (W) of a graph. A degree matrix is a diagonal matrix
that records the vertex degrees of a graph in its diagonal entries.

L = D − W (4.2.8)

Eq 4.2.9 defines the probability distribution vector π(t) of the regularized laplacian diffusion
kernel (DKLAP) to the user. We use the initial probability distribution vector (r), the same as
the one we used in the personalized PageRank kernel. During the diffusion process, the random
walker can choose to move from one node to another unvisited node within the inter-item graph
with the probability (α) following the negative Laplacian matrix (−L) as the transition probability
matrix or restart to one of the seed item nodes rated by the user with the probability (1−α). As
a type of Neumann-series-based kernel, Eq 4.2.10 gives the linear solution of the Regularized
Laplacian kernel.

DKLAP = π(t) =

(1−α)r, t = 0

απ(t−1)(−L) + (1−α)r, t > 0
(4.2.9)

DKLAP = r[I +αL]−1 (4.2.10)

Overall, both personalized PageRank and regularized laplacian kernels are Neumann series-
based kernels. The significant difference between these two kernels is the declaration of the
transition probability matrix, the information propagation mechanism. Similarly, both kernels
allow the random walker to move back to one of the seed item nodes rated by the user during the
diffusion process, and their convergent states can be solved by linear equations. The next section
will discuss the exponential-based kernel and see how the information propagates differently on
the graph.
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4.3 exponential-based kernel

4.3.1 Communicability Diffusion Kernel

Instead of using the Neumann series to represent a diffusion kernel, we can use the exponen-
tial function to represent a diffusion kernel. Unlike the PPR and LAP kernels, which allow the
random walker to move back to one of the seed nodes with a probability, the exponential-based
kernels provides both local and global explorations which not allow the walker to jump back to
the seed nodes.

Communicability kernel (DR) [KL02] is a typical application of the exponential diffusion kernels.
Such kernel implements Maclaurin’s exponential function [Chu07] and scales the probability
distribution vector for each iteration of the diffusion process using the factorials of the number
of steps and a damping factor. Compared with the damping factor used in the PPR or LAP
diffusion kernel, representing a probability from 0 to 1, the DR kernel uses the damping factor
to control the landing probability distribution vector.

Eq 4.3.1 shows the generic Maclaurin’s exponential function exp(x) where o(xn) refers to the
equivalent infinitesimal term. Torres [Tor20] proposed a truncated way to calculate the commu-
nicability kernel, in which he cut off the accumulative result after the number of steps (t) of the
random walk. He replaced the term (x) in the Eq 4.3.1 as the (αW) where (α) is a damping factor
and (W) is the adjacency matrix of the graph, and defined the communicability diffusion kernel
as shown in Eq 4.3.2.

This kernel starts with the items the user has liked in the past to make personalized recommen-
dations to the user. Therefore, we multiply with the user’s initial landing probability distribution
vector (r). If the number of steps of a walk (t) is small, the surfer would explore the short-distance
neighbourhoods to the seed nodes as a local exploration; otherwise, the surfer would explore
the long-distance neighbourhoods to the seed nodes as a global exploration. However, with the
increasing value of the number of steps (t), the accumulative landing probability for each node
would become extremely large because we calculate the power of the transition probability ma-
trix. Thus, we will use a damping factor (α) and the factorials of the step number (t!) to rescale
the landing probability distribution vectors.

As shown in Eq 4.3.2, π(t) defines the probability distribution vector of the communicability
diffusion kernel DKDR, where (W) represents the adjacency matrix of the inter-item graph as
the transition probability matrix. The probability distribution vector of each iteration of the
diffusion process is normalized by the scaling factor (α) and the factorial of the iteration number
(t!).

exp(x) = ex = 1+ x+
x2

2!
+ · · ·+ xn

n!
+ o(xn) (4.3.1)
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DKDR = π(t) = r
∞∑

t=0

atWt

t!
(α > 0) (4.3.2)

In short, these three kernels including PPR, LAP, and DR, provide local and global exploration
of the graph. They all aim to find the short-distance or long-distance neighbourhoods to the
seed nodes. Especially, PPR and LAP allow the surfer to jump back to one of the seed nodes
with a probability, while DR not.

We have introduced two different types of diffusion kernels: Neumann series-based kernels and
exponential-based kernels. The following section will demonstrate different diffusion kernels on
the actual inter-item graph. On the one hand, we will learn that the kernels exhibit different
diffusion features on the graph regarding their information propagation process. On the other
hand, we will see how a kernel-based approach contributes to the user’s personalized result in
a recommendation task.

4.4 kernels demonstration

Karypis and Nikolakopoulos [NK19] only introduced PPR in their work, but we also introduced
other two diffusion kernels (LAP in section 4.2 and DR in section 4.3). In addition, our contribu-
tions are that we provide a dynamic example for each diffusion kernel based on a real inter-item
graph. In this section, we will demonstrate different diffusion kernels on the inter-item graph,
starting with the initial probability distribution vector for a user, and see how it works for a
recommendation task.

We adopt the directed inter-item graph introduced in Figure 3.6 as the example used in this
section. Figure 3.6 assumes that each link has the same weight. As we discussed earlier, the
inter-item graph models the similarity of a pair of graph nodes. To simplify the calculation, we
assign each link with a random value from 0-1 as their similarity for a pair of graph nodes. Thus,
Figure 4.1 below shows the weighted adjacency matrix of the inter-item graph.

Figure 4.1: Weighted inter-item adjacency matrix (W)
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In an actual recommendation task, we aim to find the unseen items related to the items the user
positively rated in the past. As we said earlier, we use the user’s rated items as the seed items
to create the initial probability distribution vector. For example, a user has two rated items, ’5’
and ’7’. Thus, graph nodes’ 5’ and ’7’ will be chosen as the seed items nodes of the user. We
assume that the sum of the probability distribution vector is up to one for each iteration in the
diffusion process. Since the user has two rated items, the entries corresponding to the nodes
’5’ and ’7’ within the initial probability distribution vector would be 0.5, as the π(0) shown in
Eq 4.4.1. A random walker starts with the initial probability distribution vector and updates
the probability distribution vector with the diffusion kernel iteratively. After each iteration, the
probability distribution vector is normalized using the L1-normalization ||π(t)||1 to ensure that
the sum of the probability distribution vector is up to one.

π(0) =
[
0 0 0 0 0.5 0 0.5 0 0 0 0 0

]
(4.4.1)

Sections 4.4.1-4.4.3 show how a random walk works with the diffusion kernel on the actual
inter-item graph to produce personalized recommendation results for the user. We use the three
kernels, PPR, LAP, and DR, as we outlined before. For each diffusion kernel, a random walker
starts with the same initial probability distribution vector.
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4.4.1 Personalized PageRank Kernel

We first demonstrated the diffusion process of the personalized PageRank kernel on the graph.
As a type of Neumann-series-based kernel, we used the Eq 4.2.6 to decide the optimal damping
factor (α) from a set of values 0.1, 0.3, 0.5, 0.7, 0.9 based on two iterations of the PPR diffusion
process, as the results are shown in Figure 4.2 below. For each subgraph in Figure 4.2, the colour
represents the landing probability of each item node. As we explained earlier, a damping factor
is a probability that refers to the likelihood that a random walker moves from the current occu-
pied item node onto another connected item node following the transition probability defined in
the inter-item model. Provided the probability is close to 1, the walker will probably move from
the current occupied item node onto a connected item node randomly following a transition
probability defined in the inter-item model; otherwise, the walker will randomly jump back to
one of the seed item nodes.

Interestingly, the information propagated faster and faster on the net as the (α) increased from
0.1 to 0.9, illustrated by the colour change of the two seed item nodes (’5’ and ’7’). Therefore,
the large damping factor (α) indicates that a random walker will likely move to different unvis-
ited item nodes. Therefore, we selected 0.9 as the optimal damping factor for the Personalized
PageRank kernel.

Then, we executed the personalized PageRank diffusion process on the inter-item graph with the
random walks starting with the initial probability distribution vector. Figure 4.3 (a) - (e) demon-
strates the initial probability distribution of the graph, the diffusion probability distribution of
the graph after 1, 2, 4, and 12 iterations, and the diffusion probability distribution of the graph
solved by the linear equation, respectively. Eqs 4.4.2 - 4.4.6 quantitatively illustrates the landing
probability distribution vectors for the graph for each iteration of the diffusion process.

π
PPR(α=0.9)
(1)

=
[

0 0.03 0.09 0 0.26 0 0.26 0.18 0.17 0 0 0

]
(4.4.2)

π
PPR(α=0.9)
(2)

=
[

0.09 0.02 0.05 0.01 0.15 0.13 0.15 0.1 0.99 0 0.05 0.16

]
(4.4.3)

π
PPR(α=0.9)
(4)

=
[

0.18 0.03 0.02 0.05 0.06 0.16 0.1 0.25 0.06 0 0.03 0.07

]
(4.4.4)

π
PPR(α=0.9)
(12)

=
[

0.22 0 0 0.14 0 0.28 0.01 0.33 0.01 0 0 0.01

]
(4.4.5)

π
PPR(α=0.9)
(l)

=
[

0.18 0.03 0.02 0.17 0.03 0.22 0.02 0.26 0.03 0 0.03 0.01

]
(4.4.6)
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(a) π(0) (b) π(2)|PPR(α = 0.1)

(c) π(2)|PPR(α = 0.3) (d) π(2)|PPR(α = 0.5)

(e) π(2)|PPR(α = 0.7) (f) π(2)|PPR(α = 0.9)

Figure 4.2: PPR: damping factor (α) investigation
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(a) π(0) (b) π(1)|PPR(α = 0.9)

(c) π(2)|PPR(α = 0.9) (d) π(4)|PPR(α = 0.9)

(e) π(12)|PPR(α = 0.9) (f) πl|PPR(α = 0.9)

Figure 4.3: PPR convergent probability distribution investigation
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We concluded that the PPR diffusion process converged after 12 iterations. The item node ‘8’
had the highest landing probability (0.33) within the vector π(12). The linear solution of the PPR
kernel exhibited the similar result. The item ‘8’ had the highest landing probability (0.26) within
the state vector π(l). Thus, item ‘8’ would be the best recommendation to the user using the PPR
diffusion process.
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4.4.2 Regularized Laplacian Kernel

As a significant part of our research, we present the diffusion process using the Regularized
Laplacian kernel. This kernel, a Neumann series-based kernel, follows a strategy similar to the
personalized PageRank kernel. Like the PPR kernel, the LAP kernel also has a damping factor
(α) to regulate the probability of a random walker moving from the current occupied item node
onto one connected item node with the transition probability declared in the inter-item graph.
As the probability is close to 1, the random walker will likely move onto a connected item node;
otherwise, the random walker jumps back to one of the seed nodes.

We first ran three iterations of the LAP diffusion process and tested the (α) from a set of values
0.1, 0.3, 0.5, 0.7, 0.9. Figure 4.4 below shows the optimal damping factor selection used in the
LAP kernel. We observed that the change of the landing probability on the seed item node ’7’
decreased significantly as the (α) increased from 0.1 to 0.9. Therefore, we selected the (α = 0.9)
as the optimal damping factor.

Then, we ran the LAP diffusion process with the optimal damping factor on the inter-item graph
with three, five, seven, and ten iterations, respectively. Eqs 4.4.7 – 4.4.10 shows the corresponding
probability distribution vectors after three, five, seven, and ten iterations. Figure 4.5 (a) shows
the initial landing probability distribution of the graph nodes, and Figures 4.5 (b)-(e) show the
landing probability distribution of the graph nodes after three, five, seven, and ten iterations.
Further, we linearly solved the convergent probability distribution vector in Eq 4.4.11, and show
the probability distribution of the graph nodes in Figure 4.5 (f).

We concluded that the diffusion process converged after ten iterations. Item ’2’ has the highest
landing probability within the convergent probability distribution vector. Thus, item ’2’ would
be the best choice for the user using the LAP diffusion process.

π
LAP(α=0.9)
(3)

=
[

0.05 0.07 0.13 0.01 0.34 0.05 0.07 0.08 0.13 0 0.04 0.03

]
(4.4.7)

π
LAP(α=0.9)
(5)

=
[

0.07 0.15 0.13 0 0.23 0.07 0.01 0.08 0.11 0 0.1 0.04

]
(4.4.8)

π
LAP(α=0.9)
(7)

=
[

0.07 0.21 0.11 0.01 0.19 0.06 0.02 0.06 0.09 0.01 0.13 0.04

]
(4.4.9)

π
LAP(α=0.9)
(10)

=
[

0.07 0.26 0.09 0.03 0.17 0.05 0.01 0.05 0.07 0.02 0.15 0.03

]
(4.4.10)

π
LAP(α=0.9)
(l)

=
[

0.05 0.28 0.07 0.01 0.15 0.03 0.02 0.04 0.06 0.09 0.13 0.04

]
(4.4.11)
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(a) π(0) (b) π(3)|LAP(α = 0.1)

(c) π(3)|LAP(α = 0.3) (d) π(3)|LAP(α = 0.5)

(e) π(3)|LAP(α = 0.7) (f) π(3)|LAP(α = 0.9)

Figure 4.4: LAP: damping factor (α) investigation
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(a) π(0) (b) π(3)|LAP(α = 0.1)

(c) π(5)|LAP(α = 0.9) (d) π(7)|LAP(α = 0.9)

(e) π(10)|LAP(α = 0.9) (f) π(l)|LAP(α = 0.9)

Figure 4.5: LAP convergent probability distribution investigation

4.4.3 Communicability Kernel

Furthermore, we showed the communicability kernel (DR) diffusion process. Compared with
the LAP and PPR diffusion kernels, which linear equations can solve, the DR kernel can only
be solved using the iterative method. The DR kernel uses a damping factor to normalize the
factorial result.
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We first tested the damping factor (α) in a set 0.1, 0.5, 1, 5, 10, 20 for three iterative diffusion
processes, starting with the seed nodes’ 5’ and ’7’, as shown in Figure 4.6 below. As the (α)
increased, the change of the landing probability on the seed item nodes ’5’ and ’7’ decreased
significantly. The landing probability remained unchanged as the (α >= 10). Therefore, we
chose (α = 10) as the optimal damping factor.

We then run the DR diffusion kernel with (α = 10) for two,six, and ten iterations, starting with
the seed nodes ‘5’ and ‘7’, and show the results in Figure 4.7 below; the diffusion process reached
a convergent state after ten iterations from the initial state, as we can see that the colour of nodes
remained unchanged after ten iterations. The node ‘6’ has the highest diffusion score (0.3). Thus,
the item ‘6’ would be recommended to the user. Eqs 4.4.12 - 4.4.15 show the landing probability
distribution vector after each iteration of the diffusion process.

π
DR(α=10)
(2)

=
[

0.27 0 0 0.05 0.06 0.25 0 0 0.01 0 0.21 0.15

]
(4.4.12)

π
DR(α=10)
(6)

=
[

0.26 0 0 0.13 0.06 0.27 0 0.13 0 0 0.11 0.03

]
(4.4.13)

π
DR(α=10)
(10)

=
[

0.25 0 0 0.13 0.04 0.3 0 0.18 0 0 0.07 0.02

]
(4.4.14)

π
DR(α=10)
(20)

=
[

0.24 0 0 0.15 0.02 0.3 0 0.22 0 0 0.03 0

]
(4.4.15)
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(a) π(0) (b) π(3)|DR(α = 0.1)

(c) π(3)|DR(α = 0.5) (d) π(3)|DR(α = 1)

(e) π(3)|DR(α = 10) (f) π(3)|DR(α = 20)

Figure 4.6: DR: damping factor (α) investigation
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(a) π(0)

(b) π(2)|DR(α = 10) (c) π(6)|DR(α = 10)

(d) π(10)|DR(α = 10) (e) π(20)|DR(α = 10)

Figure 4.7: DR convergent probability distribution investigation
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4.5 conclusion

Overall, this chapter mainly discussed the diffusion kernels. We first introduced the concept of
a diffusion kernel and illustrated the diffusion process as an iterative information propagation
mechanism over the net. Then, we pointed out the limitation that the SPR kernel only delivered
a global recommendation result to the user. That stimulates the requirement of the personalized
recommendation method. Next, we explained how a diffusion kernel works with a random
surfer on the inter-item graph as a kernel-based method to provide personalized recommen-
dation results. The kernel-based method started with the user’s rated items and explored the
unseen items via random walks on the inter-graph graph.

Subsequently, we explore a range of practical diffusion kernels, including the Neumann series-
based kernels (PPR and LAP) and the exponential-based kernel (DR) in sections 4.2 and 4.3.
We elucidate the significance of the damping factor in each type of kernel. For instance, the
damping factor in the Neumann series-based kernels represents the probability of a random
walker choosing to move from the currently occupied item node to another connected item node
following the out-coming link within the inter-item graph or a probability of jumping back to
one of the seed nodes. In contrast, the damping factor in the exponential-based kernel serves as a
scaling factor to re-scale the landing probability distribution vectors. By illustrating the diffusion
process for each diffusion kernel on the actual inter-item graph in section 4.4, we demonstrate
how the damping factor in different kernels influences the diffusion results.
Although the kernel-based approach effectively recommends items to users, it ignores the col-
laborative information between users and items during diffusion. In the next chapter, we will
outline our methodology by proposing an integrated framework, ’RecWalk∗’, incorporating the
user-item bipartite graph and an inter-item graph as a completed graph considering the inter-
user, inter-item, and user-item relationships. We will also incorporate this framework with a
diffusion kernel and investigate how this framework contributes to the recommendation result.



5 M E T H O D O LO GY: G E N E R AT I N G
R E C O M M E N DAT I O N S U S I N G G R A P H
D I F F U S I O N K E R N E L S

In Chapter 4, we have introduced the different diffusion-kernel-based recommendation algo-
rithms for a single user and saw that the user would receive different personalized recommen-
dation results based on the selection of kernels. In this type of method, a random walker only
starts with the seed item nodes rated by the user on the inter-item graph and traverses onto
unseen item nodes with different transition probabilities. In other words, the recommendations
to the users are independent. Such a method ignores the inter-user relationships.

Therefore, we will introduce a random walk framework, ’RecWalk*’ [ZH22], incorporating the
user-item bipartite graph and an inter-item graph as a complete component considering the
inter-user, inter-item, and user-item relationships. Users can personalize their recommendation
results via random walks by choosing different diffusion kernels. This framework was initially
argued by Karypis and Nikolakopoulos [NK19] in 2019, and we extended this framework with
a variety of diffusion kernels.

5.1 model construction

Next, we will introduce the construction of RecWalk*. As we discussed in Chapter 2, we start
with a user-item interaction matrix in the collaborative filtering task. We use the implicit feed-
back data to fill the user-item matrix, where each non-zero (one) entry represents an interaction
a user gives to an item; otherwise, zeros. In other words, the implicit data assumes that the user
has the same preference for each rated item.

Table 5.1 below shows an example of the user-item matrix with implicit feedback consisting of
five users and ten items with 15 interactions in total. Each user and item in this table starts
with the identifiers ’U’ and ’I’. Figure 5.1 shows the implicit bipartite user-item graph where the
orange nodes are users and the green nodes are items.

The RecWalk* framework consists of two core components: the user-item interaction graph and
the inter-item similarity graph. The item nodes connect these two components as a combination
graph. Within this combination graph, a random walker can traverse between the user-item
component or the inter-item component.

48
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I1 I2 I3 I4 I5 I6 I7 I8 I9 I10

U1 1 0 0 1 0 0 1 0 0 0

U2 0 1 0 0 0 1 0 0 1 0

U3 0 0 1 1 0 0 0 1 0 1

U4 1 0 0 0 1 0 0 0 0 0

U5 0 0 1 0 0 1 0 0 1 0

Table 5.1: Implicit User-item matrix

Figure 5.1: Implicit bipartite user-item graph

In chapter 4, we already introduced diffusion kernels and demonstrated how the kernel-based
approach generated recommendation results on the inter-item graph, starting with the seed item
nodes rated by the user. Within an inter-item graph, a random walker moves from one item node
to another node following their transition probability. Therefore, we first declare the transition
probability in the user-item bipartite graph used in the RecWalk* model, which is the probability
of a walker traversing from a user node to an item node or from an item node to a user node. The
RecWalk* model simplifies the weighting scheme in the user-item graph by using the reciprocal
value of the number of items the user rated as the weight from a user node to an item node and
from an item node to a user node.

Figure 5.2 illustrates the user-item graph weighting scheme in the RecWalk* model, using the
users’ U1’ and ’U4’ from the original user-item bipartite graph (as shown in Figure 5.1). To
simplify the graph representation, we extract the local subgraph from the primary user-item
bipartite graph consisting of the users’ U1’ and ’U4’ and their all rated items. For example, the
user ’U1’ with three rated items (’I1’, ’I4’, and ’I7’) has a transition probability of 0.33 to each
item node; the user ’U4’ with two rated items (’I1’, ’I5’) has a transition probability of 0.5 to each
item node. Similarly, the items ’I4’, ’I5’, and ’I7’ have the same transition probability to the user
’U1’, and the items ’I1’ and ’I5’ have the same transition probability to the ’U4’. Thus, we declare
the user-item transition probability matrix as (HRecWalk∗) in the RecWalk* model.
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Figure 5.2: RecWalk*: User-item graph weighting scheme

AG =

[
0 R

RT 0

]
(5.1.1)

HRecWalk∗ =

[
0 Rx

Rx
T 0

]
, Rx[i, j] =

R[i, j]
R1[i, j]

(5.1.2)

Eq 5.1.1 denotes the adjacency matrix of the bipartite graph (AG); Eq 5.1.1 defines the transition
probability matrix (HRecWalk∗) of the user-item component of the RecWalk* model. Within the
declaration of the matrix (Rx) in Eq 5.1.2, R is the implicit user-item interaction matrix and 1 is a
column-wise vector that fills in one, which has the same dimensionality as the number of users
in the database. The matrix (Rx) is denoted as the element-wise division of the matrices (R) and
(R1). Within the Eq 5.1.2, the index [i,j] represents the element in the ith row and the jth column
in the matrix.

Subsequently, we move on to the declaration of the inter-item component of the RecWalk* model.
There are several ways to construct the inter-item component. For instance, we can build an inter-
item similarity matrix using the cosine similarity measure. Then, the user-item similarity matrix
is used as the adjacency matrix to construct an inter-item similarity graph, as depicted in Figure
5.3 below.
Within the inter-item graph of the RecWalk model, Karypis and Nikolakopoulos [NK19] used
the node similarity for a pair of items as the transition probability. In addition, they also added
a constant value to each item node so that a walker can stay put on the currently occupied item
node with probability. Eq 5.1.3 defines the inter-item component’s transition probability matrix
(MI). In this equation, (W) is the inter-item similarity matrix corresponding to an item node’s
transition probability to all other connected item nodes. Karypis and Nikolakopoulos used
the matrix (||W||∞) to rescale the inter-item similarity matrix. In addition, the term Diag(1−
1

||W||∞W1) contains the probability that an item node is redirected to itself. The matrix (||W||∞)
represents the maximum value of all row sums of (W), and 1 is a column-wise vector filling of the
ones with the size of the number of items. Thus, in the inter-item graph, a random walker can
traverse from an item node onto another node following the nodes’ similarity as the transition
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Figure 5.3: Inter-item similarity graph (Cosine)

probability or stay put on the currently occupied item node with a probability. In addition, we
also add a self-loop to each user node for all users so that a random walker can stay put at the
currently occupied user node with a probability.

MI =
1

| |W||∞ W +Diag(1−
1

| |W||∞ W1) (5.1.3)

We have now defined the transition probability matrices to the user-item and the inter-item com-
ponents in the RecWalk* framework. We need to find a way to combine these two components
so that a random walker can randomly traverse between the user-item and the inter-item com-
ponents. We adopted the ‘biased coin toss’ strategy, which Karypis and Nikolakopoulos argued,
to simulate a random walk on the RecWalk* model. The ‘biased coin toss’ strategy declares a
biased random walk that a random walker can choose to move within the user-item component
or the inter-item component by a probability decided by the ‘biased coin toss’ process.

Two hypotheses are underlying this strategy: (1) A random walker always starts with a user
node and terminates on an item node that is not rated by the user yet; (2) The inter-item graph
must be a connected graph to ensure that each item node within the inter-item graph is reachable.

Figure 5.4 below demonstrates the random walk stimulation process within the RecWalk* model.
Firstly, Figure 5.4 (a) shows a user-item combination graph where the square orange nodes are
users, and the circle green nodes are items. Within the random walk simulation strategy, each
move is determined by a biased coin toss. Assuming that the walker currently occupies a node
(cϵU∪ I), a biased coin toss determines the next possible move that yields heads with probability
(θ) or tails with probability (1–θ). Provided that the current node (c) is a user node (cϵU): i) if
the coin-toss yields heads, the walker jumps to one of the item nodes rated by the user randomly;
ii) if the coin-toss yields tails, the walker stays put. While the current node (c) is an item node
(cϵI): i) if the coin-toss yields heads, the walker jumps to one of the users that have rated the
item randomly; ii) if the coin-toss yields tails, the walker randomly moves to one of the item
nodes which connects with the currently occupied item node.
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(a) RecWalk* Structure

(b) (User node, toss: ‘head’) (c) (User node, toss: ‘tail’)

(d) (Item node, toss: ‘Head’) (e) (Item node, toss: ‘Tail’)

Figure 5.4: RecWalk*: Walk simulation
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We provide an example to illustrate one possible move in the RecWalk* model. Suppose tossing
a biased coin has a probability of 0.6 that it will go head and a probability of 0.4 that it will go
tail. Figures 5.4 (b) and (c) show where the walker occupied the current node as a user node.
We selected the user ’U2’ as the target user (the square with red borders). If the coin yields on
’head’ (as shown in (b)), the walker will move onto one of the following rated items (’I2’, ’I6’, ’I9’)
randomly with their transition probability declared in the user-item transition probability matrix
(H∗

RecWalk); otherwise, the walker will stay put at the same position (as shown in Figure 5.4 (c)).
Alternatively, Figures 5.4 (d) and (e) demonstrate the situation as the currently occupied node
by the walker was an item node. We chose the item ’I3’ as the target item. If the coin yields on
’head’ (as shown in Figure 5.4 (d)), the walker will move on to one of the connected users (’U3’,
’U5’) randomly with their transition probability defined in the inter-item transition probability
matrix (HRecWalk∗); otherwise, the walker will randomly jump to one of the connected item
nodes (’I4’, ’I6’, ’I8’, ’I9’, ’I10’) with the transition probability defined in the transition probability
matrix (MI) (as shown in Figure 5.4 (c)).

Furthermore, Algorithm 5.1 implements the RecWalk* model. This algorithm accepts three in-
puts as parameters: a user-item matrix (R), an inter-item similarity matrix (W), and a probability
(θ) that connects the user-item and inter-item components generated by the flipping of a biased
coin. Line 1 constructs the inter-item transition probability matrix (MI), and lines 2-4 construct
the user-item transition probability matrix (HRecWalk). Line 5 declares the combination transi-
tion probability matrix (P) that combines the user-item transition probability matrix (HRecWalk)
and the inter-item transition probability matrix (MI) using the probability (θ).

Algorithm 5.1: RecWalk* Model
Input: user-item matrix R, inter-item similarity matrix W, parameter: θ
Output: P

1 Construct MI : MI ← 1
||W||∞ W +Diag(1− 1

||W||∞ W1)

2 Construct AG : AG ←
[
0 R

RT 0

]
3 Rx[i, j]← R[i,j]

R1[i,j]

4 Construct HRecWalk∗ : HRecWalk∗ ←
[

0 Rx

Rx
T 0

]
5 Construct P : P← θH∗

RecWalk + (1− θ)

[
I 0
0 MI

]

In short, a random walker starts at a user node and can move within the user-item component or
the inter-item component following a transition probability or stay put on the node it currently
occupies. The terminal node of a random walker is always an item node which the user has
not rated. We execute the random walks multiple times for a user on the user-item combination
graph and return the item nodes that have not been visited by the user and have the highest
landing probabilities. As introduced in chapter 4, we have seen that the user can receive person-
alized recommendation results via running random walks on the inter-item graph based on the
selection of different diffusion kernels. Similarly, we can integrate the diffusion kernels onto the
user-item combination graph, which motivates us to investigate the recommendation results. In
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the next section, we will illustrate how a diffusion kernel cooperates with the RecWalk* model
and makes personalized recommendations to the user via random walks.

5.2 model instantiation

This section emphasizes how the RecWalk* model works with different diffusion kernels to make
users personalized recommendations. Sections 5.2.1 and 5.2.2 focus on two Neumann-series-
based kernels: the regularized laplacian kernel (LAP) and the personalized PageRank kernel
(PPR); Section 5.2.3 shows the exponential kernel, the communicability kernel (DR). We use a
landing probability distribution vector (πu) to record the diffusion state for each iteration.

We declare a one-hot row-wise vector euT with the size of (|U|+|I|) that represents the initial
state of the user (u) in the RecWalk* model. The vector euT contains element 1 in the position
that corresponds to user (u) and zeros elsewhere. We use the user ‘U2’ as an example to illustrate
the initial landing probability distribution vector π(0) as shown in Eq 5.2.1. In this equation, the
entry corresponding to the user ‘U2’ is ‘1’, and all other entries are zeroes. We used the user ‘U2’
as the target user to demonstrate the diffusion process working with the RecWalk* model. In
this example, we adopted cosine to construct the inter-item model (W).

euT = π(0) =
[
0 1 0 0 0 0 | 0 0 0 0 0 0 0 0 0 0

]
(5.2.1)

5.2.1 RecWalk* + PPR

Firstly, Algorithm 5.2 below illustrates the RecWalk* model with the PPR kernel. The algorithm
receives four parameters: a target user (u), a damping factor (α) associated with the diffusion
kernel, a step number (k) indicating the number of iterations performed by the diffusion process,
and the combination transition probability matrix (P) of the RecWalk* model (as described in Al-
gorithm 1). This algorithm outputs a convergent landing probability distribution vector π(u) to
the user u.

In this algorithm, the first line initializes the starting state π(0) to the user (u) with euT . Lines
2-7 implement the PPR kernel in the ‘Truncated’ mode in an iterative way, and the landing prob-
ability distribution vector π(t) represents the diffusion state after (t) iterations and the result is
scaled via the L1-normalization (Line 6). Lines 9-11 illustrate the linear solution of the conver-
gent landing probability distribution vector of RecWalk*+ PPR in the ‘Linear’ mode.

As the RecWalk* + PPR algorithm accepts four parameters, we first investigate the optimal (θ)
of the combination transition probability matrix (P) that connects the user-item component and
inter-item component in the RecWalk* model; then, we try to figure out the optimal damping
factor (α) used in the PPR kernel and the optimal number of steps (k) of a random walk.
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Algorithm 5.2: RecWalk*+PPR
Input: a user u ∈ U, a damping factor: α, step number: k, a combination transition

probability matrix P : P← RecWalk∗(R, W, θ)
Output: a convergent landing probability distribution vector π(u)

1 Initialize π(0) : π(0) ← eu
2 if mode == ′ Truncated ′ then
3 t← 1
4 while t <= k do
5 π(t) ← απ(t−1)P +π(0)

6 Normalize π(t) : π(t) ←
π(t)

||π(t)||

7 end
8 Assign π(u) : π(u) ← π(t)

9 end
10 else if mode == ′ Linear ′ then
11 π(u) ← π(0)[I −αP]−1

12 Normalize π(t) : π(t) ←
π(t)

||π(t)||

13 end

We adopted the ’control variates’ strategy [SS15] to explore the parameters θ,α, and k. The idea
of this strategy means that we only make one parameter as a variable and freeze the rest of the
parameters as constant values in experiments.

Firstly, we randomly selected (α = 0.5) and (k = 5) as the fixed parameters for the damping
factor and the step number in the PPR diffusion kernel to observe (θ) from a set of values: 0.005,
0.1, 0.5, 0.7, 0.9, 0.95, and recorded the landing probability distribution vector for each iteration
in eqs.(4.6.2) - (4.6.6) below. In these equations, we only recorded the landing probability on the
user node ’U2’. However, we neglected the landing probabilities for all the rest of the nodes as
we mainly wanted to find the maximum change of the landing probability on that user node
starting with the initial probability ’1’. As the (θ) increased from 0.005 to 0.95, the change of
the landing probability on the user node ’U2’ increased until (θ = 0.95). Thus, the change of
the landing probability on the user node ’U2’ reached the maximum value as (θ = 0.95), and
we selected 0.95 as the optimal parameter (θ) in the combination transition probability of the
RecWalk* model.

π
(θ=0.005)
(5)

|PPR(α = 0.5) =
[
· · · (0.99)U2 · · ·

]
(5.2.2)

π
(θ=0.1)
(5)

|PPR(α = 0.5) =
[
· · · (0.91)U2 · · ·

]
(5.2.3)

π
(θ=0.5)
(5)

|PPR(α = 0.5) =
[
· · · (0.72)U2 · · ·

]
(5.2.4)
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π
(θ=0.7)
(5)

|PPR(α = 0.5) =
[
· · · (0.66)U2 · · ·

]
(5.2.5)

π
(θ=0.9)
(5)

|PPR(α = 0.5) =
[
· · · (0.62)U2 · · ·

]
(5.2.6)

Next, we used the (θ = 0.95,k = 5) as the fixed parameters to test the PPR diffusion damping
factor (α). As the control variates approach used before, we run the (α) from values 0.1, 0.3, 0.5,
0.7, 0.9 to find the optimal damping factor. Eqs 5.2.2 – 5.2.6 show the change of the landing prob-
ability on the user node ’U2’ after five iterations (The dots mean the omitted items). The change
of the landing probability on the user node ’U2’ is increasing significantly as the (α) increased
from 0.1 to 0.9. Therefore, we used (α = 0.9) as the optimal PPR diffusion damping factor, as the
kernel has the highest transmission efficiency. In other words, one node is easily transmitted to
other nodes quickly on the graph.

π
(θ=0.95)
(5)

|PPR(α = 0.1) =
[
· · · (0.99)U2 · · ·

]
(5.2.7)

π
(θ=0.95)
(5)

|PPR(α = 0.3) =
[
· · · (0.75)U2 · · ·

]
(5.2.8)

π
(θ=0.95)
(5)

|PPR(α = 0.5) =
[
· · · (0.61)U2 · · ·

]
(5.2.9)

π
(θ=0.95)
(5)

|PPR(α = 0.7) =
[
· · · (0.48)U2 · · ·

]
(5.2.10)

π
(θ=0.95)
(5)

|PPR(α = 0.9) =
[
· · · (0.35)U2 · · ·

]
(5.2.11)

From now on, we have obtained the two optimal parameters (α = 0.95) and (α = 0.9) for the
RecWalk*+PPR algorithm. Finally, we only tested the random walks with a different number
of steps (k) from 5, 10, 15, 20 on the graph to observe the landing probabilities on all unrated
item nodes as the diffusion process is going to be converged. The items with highest landing
probabilities would be returned to the user as the recommendation result. Figures 5.5 (a) - (f)
demonstrate the landing probabilities after 5, 10, 15, and 20 iterations for seven items (’I1’, ’I3’,
’I4’, ’I5’, ’I7’, ’I8’, ’I10’) the user ’U2’ has not rated yet, and neglects all items the user ’U2’ has
rated (the nodes are marked as gray). Eqs.(5.2.12) – (5.2.15) gives the landing probability distri-
bution vector on seven unrated items (’I1’, ’I3’, ’I4’, ’I5’, ’I7’, ’I8’, ’I10’) to the user ’U2’.
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With the increasing value of (k), the diffusion process converged after 20 iterations (k = 20).
Thus, item ’I3’ (0.52) was the best candidate recommendation to the user ’U2’; the item ‘I4’ (0.15)
was the second best choice to the user ‘U2’; and items ‘I8’ and ‘I10’ (0.12) were both the third
options to the user ‘U2’.

π
(θ=0.95)
(5)

|PPR(α = 0.9) = [ · · · (0)I1 (0.80)I3 (0.06)I4 (0)I5 (0)I7 (0.07)I8 (0.07)I10 · · · ]

(5.2.12)

π
(θ=0.95)
(10)

|PPR(α = 0.9) = [ · · · (0.02)I1 (0.62)I3 (0.12)I4 (0)I5 (0.12)I7 (0.11)I8 (0.11)I10 · · · ]

(5.2.13)

π
(θ=0.95)
(15)

|PPR(α = 0.9) = [ · · · (0.04)I1 (0.55)I3 (0.14)I4 (0)I5 (0.03)I7 (0.12)I8 (0.12)I10 · · · ]

(5.2.14)

π
(θ=0.95)
(20)

|PPR(α = 0.9) = [ · · · (0.05)I1 (0.52)I3 (0.15)I4 (0.01)I5 (0.03)I7 (0.12)I8 (0.12)I10 · · · ]

(5.2.15)
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(a) π(θ=0.95)
(5)

|PPR(α = 0.9) (b) π(θ=0.95)
(10)

|PPR(α = 0.9)

(c) π(θ=0.95)
(15)

|PPR(α = 0.9) (d) π(θ=0.95)
(20)

|PPR(α = 0.9)

Figure 5.5: RecWalk∗:π(θ=0.95)
(t)

|PPR(α = 0.9)
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5.2.2 RecWalk* + LAP

As LAP is another Newmann series-based diffusion kernel, we present the RecWalk*+LAP model
in Algorithm 5.3 below. The input and initialization procedures are the same as those used for
the RecWalk*+ PPR model. Compared with the RecWalk*+PPR model, RecWalk* + LAP uses
the Laplacian matrix (L) of the user-item combination graph as the combination transition prob-
ability matrix, as shown in line 3. Lines 4-10 and 11-14 give the ’Truncated’ and ’Linear’ update
equations of the landing probability vectors for users and items, respectively. L1-normalization
scales the landing probability vector after each iteration for the ’Truncated’ way until it converges,
as shown in Line 8; the convergent landing probability vector is scaled by the L1-normalization
for the ’Linear’ way, as shown in Line 13.

Algorithm 5.3: RecWalk*+LAP
Input: a user u ∈ U, a damping factor: α, step number: k, a combination transition

probability matrix P : P← RecWalk∗(R, W, θ)
Output: a convergent landing probability distribution vector π(u)

1 Initialize π(0) : π(0) ← eu
2 D← Diag(P1)
3 L← D − P
4 if mode == ′ Truncated ′ then
5 t← 1
6 while t <= k do
7 π(t) ← απ(t−1)L +π(0)

8 Normalize π(t) : π(t) ←
π(t)

||π(t)||

9 end
10 Assign π(u) : π(u) ← π(t)

11 end
12 else if mode == ′ Linear ′ then
13 π(u) ← π(0)[I −αL]−1

14 Normalize π(t) : π(t) ←
π(t)

||π(t)||

15 end

5.2.3 RecWalk* + DR

Furthermore, we can combine the RecWalk* model with an exponential kernel like the com-
municability kernel (DR). Algorithm 5.4 below implements the RecWalk*+DR kernel in detail.
Compared with the Newmann-series-based kernels, as discussed in sections 5.2.1 and 5.2.2, such
kernel uses the ‘Truncated ’ way only. The algorithm accepts four variables as the inputs. The
first line is the initialization procedure which is the same as those used in RecWalk*+PPR and
RecWalk*+LAP. Lines 2-6 are the iterative update equation of the landing probability distribution
vector based on the Eq 4.3.2. After each iteration of the diffusion process, the landing probability
distribution vector is scaled by L1-Normalization, as shown in line 4. At the end of this algo-
rithm, it returns π(u) as the final landing probability distribution vector to the user (u) in line 6.



5.3 conclusion 60

Algorithm 5.4: RecWalk* + DR
Input: a user u ∈ U, a damping factor: α, step number: k, a combination transition

probability matrix P : P← RecWalk∗(R, W, θ)
Output: a convergent landing probability distribution vector π(u)

1 Initialize π(0) : π(0) ← eu
2 t← 1
3 while t <= k do
4 π(t) ← π(t−1) +π(0)α

t Pt

t!

5 Normalize π(t) : π(t) ←
π(t)

||π(t)||

6 end
7 Assign π(u) : π(u) ← π(t)

5.3 conclusion

Overall, this chapter primarily gives a systematic introduction to RecWalk*. This graph-based
random walk framework incorporates a diffusion kernel personalized by the user (introduced in
Chapter 4) as an effective recommender method. Firstly, in section 5.1, we mainly introduced the
concept of the RecWalk* framework using graph demonstrations to simulate a random surfer as
a user or item on the graph. Then, we implement the RecWalk* framework with different diffu-
sion kernels (as introduced in sections 4.2 and 4.3) in section 5.2. We used the PPR kernel as an
example to demonstrate how we applied this framework with a diffusion kernel to generate a
recommendation result demonstrated using the landing probability vectors and graphs.

In the next chapter, we will set up and detail our experimental settings and procedures and
examine how to evaluate the kernel-based recommendation method.



6 E VA L U AT I O N O F G R A P H D I F F U S I O N
K E R N E L- B A S E D R E C O M M E N DAT I O N S

This chapter mainly discusses the experimental settings and evaluation procedure of kernel-
based recommendation approaches. In section 6.1, we first introduce eight well-known public
standard recommendation datasets. Then, we list some non-item and item-based classical CF
recommendation algorithms as baseline algorithms and some diffusion kernels combined with
the RecWalk* model in section 6.2. Next, we set up our experimental procedures and evaluation
metrics in section 6.3 and conduct the experiments with baseline algorithms and the RecWalk*
model on eight standard recommendation datasets, showing and comparing their experimental
results.

6.1 data

In this thesis, we first introduce the common standard recommendation datasets. We selected
eight well-known rating datasets from different domains. Most provide explicit feedback (e.g.,
ratings), and one only provides implicit feedback (e.g., purchasing records).

The Movielens!1M (ML-1M) [HK15] and Yahoo!Movie (YM) [GFS+09] datasets represent film rat-
ings. The Amazon product datasets, provided by McAuley in 2014 [HM16], represent consumer
ratings of products: Baby (AM-BY), Cell Phones and Accessories (AM-CP), Apps for Android
(AM-AP), and Health and Care (AM-HC). Book-crossing (BX) (explicit rating version), collected
by Ziegler [ZMK+05], represents the user’s ratings of books. Steam Video Game (SEM) repre-
sents users’ purchasing records from a popular PC Gaming hub [Rom22].

We applied some filtering to each dataset (except for ML-1M) as the sparse users and items
caused problems when sampling data for training and testing. Our filtering approach ensures
that each user has at least three rated items and at least one user rates each item.

Table 6.1 presents a comparison of the unfiltered and filtered data. For each dataset, we calcu-
lated the number of users (#User), the number of items (#Item), the total number of user-item
interactions (N), and the dataset density (ρ) for both unfiltered and filtered versions. The density
level is defined as the ratio of N and the user-item rating matrix’s size (#User × #Item). Notably,
we did not filter the ML-1M dataset to verify the accuracy and correctness of our baseline algo-
rithms by reproducing the experimental results and comparing them with others’ works.

As shown in Table 6.1, the users and items in each filtered dataset are the subsets of the unfiltered
dataset, and the density level increased significantly. Our experiments treat all explicit ratings

61
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Dataset #User #Item N ρ

ML-1M Unfiltered 6040 3706 1,000,209 4.47%
Filtered 6040 3076 1,000,209 4.47%

YM Unfiltered 7642 11,916 221,367 0.24%
Filtered 7613 3787 207,747 0.72%

AM-BY Unfiltered 531,800 64,426 915,446 0.0027%
Filtered 4266 7009 64,690 0.22%

AM-HC Unfiltered 1,851,132 252,331 2,982,326 0.0006%
Filtered 3615 8214 79,757 0.27%

AM-AP Unfiltered 1,323,884 61,275 2,638,172 0.0032%
Filtered 3297 7040 106,985 0.46%

AM-CP Unfiltered 2,261,045 319,678 3,447,249 0.0005%
Filtered 5142 7916 55,657 0.14%

BX Unfiltered 7642 11,916 221,367 0.24%
Filtered 3716 7256 85,370 0.32%

SEM Unfiltered 12,393 5155 129,511 0.20%
Filtered 5218 5124 120,854 0.44%

Parameters Settings: #User and #Item: The number of users and
items respectively. N: The number of interactions between users
and items. ρ: The density level: N/(#User × #Item)

Table 6.1: Statistics of eight standard recommendation datasets

as implicit ratings with values of one or zero. In the next section, we will discuss about the
algorithms including the baseline algorithms and kernel-based RecWalk* algorithm.

6.2 algorithms

This section mainly talks about the recommendation algorithms used in this thesis. Section
6.2.1 includes the non-item baseline recommendation approaches; section 6.2.2 includes the
item-based baseline recommendation algorithms; and section 6.2.3 lists the diffusion kernels
integrating with the RecWalk∗ model, as the graph-based recommendation algorithms.

6.2.1 Non-item Baseline Algorithms

As far as the non-item baseline algorithms were concerned, we selected two matrix factorization
methods, PureSVD and EigenRec; two neural-based approaches, multi-layer perceptron (MLP) and
Generalized Matrix Factorization (GMF); a bipartite-graph based algorithm: (P3). Below are the
non-item baseline recommendation algorithm:

- PureSVD: PureSVD: one of the classical Matrix Factorisation recommender methods, aiming
to reduce the dimensionality of the matrix [CKT10]

- EigenRec: an extension of PureSVD that adds a scaling component for each item [CKT10]

- P(n=3): a three-step random walk model on the user-item bipartite network, starting at a
user node and ending with an item node where (n) must be an odd number [GPR+07]
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- Multi-Layer Perceptron (MLP): A multiple layers of the fully-connected neural networks as
an implementation of the NCF framework as introduced in Chapter 2 [HLZ+17].

- Genralized Matrix Facorization (GMF): A nerual-based matrix factoriation method that ex-
tracts the weights from the embedding layers of the users and items as the latent-factor vectors
of the users and items, respectively [HLZ+17].

6.2.2 Item-based Baseline Algorithms

We choose cosine (COS) and sparse linear method (SLIM) as two item-based baseline recommenda-
tion approaches.

- Cosine (COS): a neighbour-based similarity recommender method (ItemKNN) that measures
the similarity of the row-wise or column-wise vectors from the user-item matrix [SKK+01].

- SLIM: a recommendation method which reconstructs the user-item matrix to build an item
model by using ElasticNet Regression [NK11]

6.2.3 Kernel-based Algorithms

We select three diffusion kernels (PPR, LAP, and DR) as we already have introduced in chap-
ter 4, and integrate each with the RecWalk∗ framework as RecWalk*+PPR, RecWalk*+LAP, and
RecWalk*+DR, respectively.

6.2.4 Conclusion

In short, sections 6.2.1-6.2.3 indicate the algorithms used in our experiments. In the next section,
we will detail our full experimental procedures, including the experimental results on eight
public standard recommendation datasets.

6.3 experiments

This section details our experimental procedures on the standard recommendation datasets. In
section 6.3.1, we first introduce the evaluation metrics, including the dataset partitioning strat-
egy and the indicators of recommendation performance. Then, as discussed in section 6.3.2,
we show the experimental results for the baseline recommendation methods and the RecWalk*
model with diffusion kernels for each standard recommendation dataset. Finally, we compare
the results of the RecWalk* model with diffusion kernels and the baseline recommendation meth-
ods on the standard recommendation datasets.
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6.3.1 Evaluation

The standard leave-one-out cross-validation (LOOCV) [Caw06] evaluation metric, widely used in
traditional standard recommendation tasks, is known for its accuracy. This method randomly
leaves out one sample from the dataset for testing while the rest data are used for training.
The process is repeated for each sample in the dataset, ensuring that each sample is involved
in training and testing. This strategy will give accurate recommendation results with low bias
and low variance. However, it is essential to note that this method can be time-consuming and
space-consuming, as it requires training and testing each sample in the dataset separately.

Therefore, we adopted the trivial version of the Leave-one-out cross-validation (LOOCV) [NK19]
used by Karypis and Nikolopoulos to split each dataset into a train set (Ttrain) and a test set
(Ttest) in our experiments. The standard sampling strategy, Random Sampling - One of the
items rated by a user was selected randomly and was used to partition the dataset. For a par-
ticular user, we consider their corresponding test item together with 1000 randomly sampled
unrated items. These 1001 items are ranked according to their prediction scores generated by
each recommender method. We repeated this process three times and recorded the average.

In our experiments, we use the hit rate (HR@N) as the evaluation metric for each algorithm.
For a top-n recommendation task, the recommendation result to each user is a ranked list with
the size of N. The HR gives the most objective evaluation of the recommendation list to check
whether the tested item occurred in the recommended list or not. Our experiments tested the N
from 1, 5, 10, 15, and 20, respectively, to each user. The overall HR score on the dataset, declared
as the total number of Hits (#Hits) divided by the total number of users (#Users), is calculated
as shown in eq 6.3.1.

HR =
#Hits

#Users
(6.3.1)

In the next section, we will use the HR@N as the indicator to evaluate the performance of the
recommendation algorithms on the eight public recommendation datasets (outlined in section
6.1), using the algorithms as introduced in section 6.2.

6.3.2 Results

This section presents our experimental results for the non-item baseline algorithms, the item
baseline algorithms, and the RecWalk* model with diffusion kernels on the eight standard rec-
ommendation datasets. We used the HR@N as the indicator for each algorithm and applied
3-fold leave-one-out cross-validation on each dataset. Table 6.2 shows the experimental results
(HR@10) where the rows represent the non-item baseline algorithms (PureSVD, EigenRec, MLP,
GMF, and P3), the item baseline algorithms (Base in Cosine and SLIM), and the RecWalk* model
with diffusion kernels (LAP, PPR, DR). For instance, SLIM+RecWalk*+LAP represents using the
SLIM item model to create the inter-item graph used within the RecWalk* model, and LAP is the
Regularized Laplacian diffusion kernel. The columns represent eight recommendation datasets.
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At the bottom of Table 6.2, we detailed the parameter settings for all algorithms.

Dataset

Non-item Baseline Item Baseline \ RecWalk* \ Diffusion

P-ValueCosine SLIM

SVD EIG MLP GMF P3 Base +PPR +DR +LAP Base +PPR +DR +LAP

ML-1M 42.65 43.51 31.56 35.03 24.29 27.10 33.41 33.53 39.62 44.45 45.08 45.07 45.10 6.73× 10−7

YM 49.63 50.86 46.50 47.00 53.28 49.86 53.89 52.90 56.71 58.91 59.14 59.03 59.35 8.90× 10−5

AM-BY 13.01 14.60 11.39 10.17 13.55 10.41 14.67 14.96 15.14 15.35 15.82 16.06 16.10 5.77× 10−5

AM-AP 21.08 24.72 14.56 15.47 23.54 23.32 25.27 24.39 25.66 25.11 26.57 25.93 27.02 2.23× 10−22

AM-CP 18.32 21.88 14.55 10.62 23.40 16.78 24.41 25.71 26.14 25.59 26.41 26.18 26.64 1.53× 10−7

AM-HC 18.51 22.74 16.29 13.00 22.49 18.06 22.27 22.68 24.04 24.18 24.51 24.45 25.64 1.18× 10−22

BX 13.13 14.83 8.45 7.56 16.47 7.67 16.82 16.25 17.12 19.35 20.05 19.99 20.16 9.29× 10−8

SEM 58.16 63.61 52.51 50.21 67.71 61.59 68.63 66.62 69.13 71.62 71.79 71.92 72.27 1.69× 10−7

Parameters Settings: RecWalk*: θ ∈ {0.005,0.1, ...,0.9}. Diffusion Kernels: (+PPR/+DR/+LAP) β ∈ {0.1, ...,0.9},
DR (The step number) k ∈ {3, ...,10}. SVD/EIG: f ∈ {10,20, ...,50}, d ∈ {0.1, ...,0.9}. P3: #Step = 3. Cosine: (The
nearest neighbour) k=200. SLIM: l1−norm ∈ {0.025,0.2,0.25}, l2−norm = 0.0001. Bold number: The best
performance of diffusion-based recommender methods

Table 6.2: Comparison of baseline (PureSVD:SVD, EigenRec:EIG and P3), item (Cosine and SLIM) and their
RecWalk* framework with diffusion kernels (PPR, DR, and LAP). Evaluation metric: HR@10.
Paired T-test (SLIM and SLIM+LAP) at the significance level (0.05)

As the results illustrated in Table 6.2, the diffusion-based RecWalk* model consistently outper-
forms the baseline item models – Cosine and SLIM – in terms of accuracy, and this difference
is most noticeable in Cosine. Despite a much smaller improvement for SLIM, a paired ’T-test’
was conducted for all datasets, and the difference was found to be significant at a p-value of
the significance level of 0.05. (The p-value for LAP is shown in the ’p-value’ column in the
table). The LAP kernel performed better than the PPR and DR kernels in their overall accura-
cies. Therefore, the RecWalk* framework constructed using the SLIM baseline item model with
the LAP kernel (SLIM+RecWalk*+LAP) consistently performed better than SLIM. Furthermore,
the diffusion-based approaches performed better than non-item baseline algorithms, including
PureSVD (SVD), EigenRec (EIG), MLP, GMF, and (P3) in accuracy, except for the ML-1M dataset.

Additionally, to verify the correctness of the RecWalk* model, we compared the results (Normal-
ized Discounted Cumulative Gain: NDCG@10 [NK19]) of the RecWalk* and the RecWalk model,
which use Cosine as the baseline item model to examine whether the simplified weight initial-
izing scheme of RecWalk* had any improvements. Table 6.3 shows that RecWalk* and RecWalk
performed similarly on PPR and DR but that RecWalk* was better than RecWalk on LAP.

Model (Cosine) +PPR +DR +LAP
RecWalk 20.33 19.82 17.84

RecWalk* 19.60 19.98 22.25

Table 6.3: Comparison of RecWalk* (+PPR/+DR/+LAP) and RecWalk (+PPR/+DR/+LAP) on Cosine (ML-
1M). Evaluation Metric: NDCG@10

Next, we show the top-n recommendation accuracy (HR@N) of the non-item baseline algorithms
and item/diffusion-based algorithms for each dataset in Figures 6.1-6.3 below, where N is cho-
sen from {1,5,10,15, and 20}.
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(a) ML-1M (MovieLens!1M)

(b) YM (Yahoo!Movie)

Figure 6.1: Experimental results (ML-1M and YM)

Figures 6.1 (a) and (b) show the complete experimental results for two movie-based datasets: ML-
1M and YM. In each plot, the left graph represents the results of all non-item baseline algorithms,
including (P3, PureSVD, EigenRec, MLP, and GMF); the right graph shows the results of the item-
baseline models (Cosine: COS and SLIM) and their RecWalk* framework with diffusion kernels
(+PPR/+DR/+LAP), respectively. The x-axis represents (N), the number of recommended items,
and the y-axis represents the average hit rate (HR@N). For the ML-1M dataset, we found that
EigenRec was the best baseline recommendation algorithm, and RecWalk*+COS+LAP improved
significantly than the baseline COS model. For the YM dataset, we found that P3was the best
baseline algorithm, and RecWalk*+COS+LAP improved the accuracy of the baseline COS model
but not as significantly as the ML-1M dataset.

Figures 6.2 (a)-(d) show the complete experimental results for the Amazon-series datasets, in-
cluding AM-BY, AM-CP, AM-AP, and AM-HC. Compared with the movie-based datasets shown
in Figure 6.1, the overall accuracy of Amazon-series datasets is lower than that of movie-series
datasets. For the Amazon-series datasets, P3and EigenRec were the best non-item baseline rec-
ommendation algorithms, and the RecWalk*+diffusion kernels improved the performance of the
baseline item models but not significantly as the movie-series datasets.

Figures 6.3 (a)-(b) show the full experimental results for the BX and SEM datasets. For these two
datasets, P3 was the best non-item baseline recommendation algorithm. The diffusion-based
RecWalk* algorithms improved the performance of the baseline item models and were better
than the baseline non-item models.
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(a) AM-BY (Amazon-Baby)

(b) AM-AP (Amazon-Apps for Android)

(c) AM-CP (Amazon-Cell Phones and Accessories)

(d) AM-HC (Amazon Health and Care

Figure 6.2: Experimental results (AM-BY,AM-CP,AM-AP,and AM-HC))
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(a) BX

(b) SEM

Figure 6.3: Experimental results (BX and SEM))

6.4 conclusion

Overall, this chapter summarizes the evaluation of kernel-based recommendation methods, in-
cluding the standard recommendation datasets, algorithms, evaluation metrics, and experimen-
tal results.

In section 6.1, we first introduced eight public standard recommendation datasets. We applied
the data preprocessing techniques on some datasets to filter out those sparse users with less
than two rated items and sparse items rated by less than two users. Then, we outlined our
algorithms, including baseline algorithms (item-based and non-item-based) and graph-based al-
gorithms (RecWalk* model + diffusion kernel) in section 6.2. Afterwards, section 6.3 sets up
the evaluation benchmark. In section 6.3.1, we adopted the LOOCV as the dataset partitioning
metric to divide the original dataset into train and test sets and used the hit rate as the primary
evaluation indicator. In section 6.3.2, we conducted experiments on these eight public recommen-
dation datasets with the baseline algorithms and the RecWalk*+diffusion kernels and produced
the data tables and graphs to present their results.

Based on our experimental results, we concluded that the RecWalk*+diffusion kernels performed
consistently better than other baseline algorithms, and RecWalk*+LAP consistently performed
better than others. However, such a method only mines the information within the user-item
interaction data but ignores the external semantic representations about users or items. Interest-
ingly, these datasets exhibited the recommendation accuracy at different levels. For example, the
Amazon-series datasets are lower than others; the Steam Video Game dataset performed signifi-
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cantly better than others. This phenomenon may be due to the rating distribution of the datasets.

In the next chapter, we will discuss how to mine more valuable information about items from a
knowledge graph and how to link the standard recommendation graph to a knowledge graph
to contribute to the recommendation result.



7 E X T E N D I N G K E R N E L- B A S E D
R E C O M M E N DAT I O N S W I T H A K N O W L E D G E
G R A P H

7.1 motivation

In Chapters 5 and 6, we have introduced the non-item baseline algorithms, the item baseline
algorithms, and the RecWalk* model with diffusion kernels and conducted experiments on eight
well-known public standard recommendation datasets from different domains. From their ex-
perimental results, we concluded that the graph-based RecWalk* model with diffusion kernels
outperformed the non-item and item baseline algorithms. However, we only used the user-item
interaction information provided by the standard recommendation dataset but did not consider
any additional content about the items or users. We have used the user-item bipartite graph and
the inter-item graph. However, now we would like to add another graph to the dataset, a portion
of the knowledge graph, which contains the items’ semantic information.

In this chapter, section 7.2 first introduces knowledge graph, which includes the additional se-
mantic information about items in the standard recommendation datasets. Then, we will move
on to some standard recommendation datasets. Moreover, we are going to show how we can link
the items in the recommneder systems to the subset of the knowledge graph, and how we intend
to use the subset of the knowledge graph to extend the current standard recommendation graph.

Afterwards, we will introduce the knowledge graph extraction technique to extract the knowl-
edge subgraph for each item via the deterministic graph traversals, as discussed in section 7.4.
Next, we will introduce the knowledge graph filtering technique to remove the irrelevant rela-
tions to get an accurate and concise filtered knowledge subgraph, as introduced in section 7.5.

7.2 knowledge graphs

We have mentioned the knowledge graph in Chapter 2 to extend the semantic representations
of items used in the content-based recommendation approaches. In this chapter, we will explain
the concept of knowledge graphs in detail. As a type of linked data structure, a knowledge
graph is a knowledge base that describes or interprets entities and relationships between them
[FŞA+20]. An extensive knowledge graph can be a warehouse of millions of things or facts (E.g.,
DBpedia is the most extensive knowledge graph consisting of 850 million facts in the version of
Sep 2021). Each fact is a triplet [FŞA+20] consisting of three parts: a head entity, a tail entity, and

70
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Entity Name Entity URI

Different for Girls http : //dbpedia.org/resource/Different_for_Girls

Table 7.1: Entity URI representation

a relation that connects the head entity and the tail entity. All entities from the knowledge are
made up of the entity set (E), and all relations from the knowledge graph are made up of the
relation set (R). E.q (7.2.1) defines a knowledge graph (KG) as a collection of triplets (e1, r, e2)
where (e1) and (e2) represent the head and tail entities, respectively, from the entity set (E), and
(r) is a type of relation from the relation set (R).

Figure 7.1: Knowledge graph visualization example (DBpedia) [Cha21]

KG = {(e1, r, e2)|e1, e2 ∈ E, r ∈ R} (7.2.1)

We used the DBpedia snapshot (Figure 7.1) as an example to illustrate a triplet of the graph.
For instance, the triplet (‘JAMES’, ‘has lived in’, TOUR EIFFEL) is a triplet. In this example, the
person, ‘JAMES’, and the place, ‘TOUR EIFFEL’, are the head entity and tail entity, respectively,
and ‘has lived in’ is a relation.

In addition, each entity or relation in the knowledge graph is represented by a Universal Re-
source Identifier (URI) [BFM04]. People commonly use a webpage to store the resource informa-
tion of an entity or a relation. For instance, Table 7.1 shows the URI representation of the movie
‘Different For Girls’ from the DBpedia knowledge graph.
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7.3 data

In Chapters 5 and 6, we only used the user-item interactions of the standard recommendation
dataset in the collaborative filtering task. However, we did not consider the semantic information
about users or items. The semantic information about users or items commonly refers to their
semantic properties stored in the nodes of the knowledge graph. We link the items in the
standard recommendation dataset onto their corresponding entitiy URIs in the knowledge graph
using the entity linking technique (EL) [HRN+13]. In section 7.3.1, we introduce three standard
recommendation datasets and then continue the entity linking technique in section 7.3.2.

7.3.1 Standard Recommendation Datasets & Results

In Chapter 6, we introduced eight standard recommendation datasets, but most only provided
the user-item interaction data. This chapter will outline another three standard recommendation
datasets providing the items’ description profiles. The items’ description profile contains the
item’s basic information, like name, which helps us locate their entity URI in the knowledge
graph. These three datasets include ML-300K, a filtered version of ML-1M by removing the hub
users or items; Facebook-Music (FB-MS) [NOT+16], consisting of the ratings users give to the artist
on Facebook; and LibraryThing (LT) [NOT+16] including the rating users give to the books in a
social cataloguing web application. The statistics of these three datasets are shown in Table 7.2
below. For each dataset, we present the number of users (#Users), the number of items (#Items),
the number of interactions (#links) between users and items, and the density (Density) of the
dataset. For each dataset, we ensure that each user has at least eight rated items, and each item
is shared at least by eleven users.

Dateset #Users #Items #Links Density

ML-300K 4300 3035 305,392 2.34%

FB-MS 5735 4379 242,002 0.96%

LT 4544 3680 151,315 0.90%

Table 7.2: Statistics of three standard recommendation datasets

7.3.2 Entity Linking

As we mentioned in the introduction of this Chapter, we can connect an item in the standard
recommendation dataset to the entity node of the knowledge graph via items’ URIs. Entity Link-
ing[HRN+13] is a standard way of linking an item node in a standard recommendation dataset
using the description profile to an entity node in a knowledge graph. For the three standard
recommendation datasets outlined in section 7.3.1, Di et al. [DMO+12] has provided the pro-
cessed URI mapping profile for items using the standard entity linking technique. Figures 7.2 (a)
– (c) show the examples of the URI mapping profile for the ML-300K, FB-MS, and LT datasets,
respectively. As shown in Figure 7.2 below, the first column represents the ‘itemID’ in the stan-
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(a) ML-300K

(b) FB-MS

(c) LT

Figure 7.2: Items’ URIs mapping profile

dard recommendation dataset, and the last column represents the corresponding item URI. The
ML-300K and the LT dataset also include the items’ titles. We created a dictionary (D) for each
standard recommendation dataset to map each ‘itemID’ onto its corresponding URI.

As the mapping profile contains the mapping information for each item paired with its identifier
and entity URI, we are ready to find the candidate relations to extract the knowledge subgraph
starting with the item URI.

7.4 knowledge graph extraction

This section will introduce the Knowledge Graph Extraction (KGE) [WMC+18] technique for ob-
taining a local knowledge subgraph for each item as its additional semantic representation.

We use DBpedia as the source knowledge graph [ABK+07]. DBpedia is a graph database compris-
ing 850 millions of triplets with the version of Sep 2021 [Hol21]. In a recommendation task, we
only need to find the parts related to the items in the standard recommendation dataset. Thus,
we define a rule to extract the DBpedia knowledge graph to obtain the local knowledge subgraph
of each item in the standard recommendation dataset. We start with the URI for each item and
select a set of ontology-based relations as the candidate relations. An ontology is a fundamental
concept from the information science domain that abstracts the standard properties for some
things. For instance, ‘Film’ is an ontology that includes properties such as ‘author’, ‘director’,
and ‘stars’. The DBpedia ontology is generated from the manually created specifications in the
DBpedia Mappings Wiki [LIJ+15]. The DBpedia Mappings Wiki provides information about all
properties related to the target ontology and allows users to enquire about the properties related
to the target ontology. Our work mainly emphasizes the English version. Figure 7.3 above shows
some properties related to the Film ontology found in the DBpedia Mappings Wiki. In this table,
the ‘Name’ column represents the name of a property; the ‘Label’ column represents the label
of a property; the ‘Domain’ column gives the superclass of a property; and the ‘Range’ column
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Figure 7.3: Properties of the ‘Film’ Ontology in DBpedia

gives the concrete class of a property.

In our work, we aim to explore the properties which give the most accurate description of the
items in the standard recommendation datasets. Firstly, we choose some properties from the DB-
pedia Mappings Wiki search results as candidate relations. For example, the ‘author’ property
provides the authors’ information about the film, and the ‘chief editor’ property lets us know the
information about the chief editors of the film. However, some property like ‘amgid’ or ‘bgafdld’
refers to the administration domain but not relative to our work. Therefore, we only selected
those properties (e.g., ‘author’ and ‘chiefEditor’) which are relevant to the Film domain as the
candidate relations, and filtered out those properties (e.g., ‘bgafdld’ and ‘amgid’) which belong
to the administration domain.

Section 7.4.1 introduces a knowledge graph extraction approach. We will apply this approach to
extract the knowledge subgraphs from DBpedia for the items in the three standard recommen-
dation datasets.

7.4.1 DFSPARQL

In this section, we propose a method, ’DFSPARQL’, that recursively extracts the knowledge sub-
graph from a source knowledge graph. The DFSPARQL stands for using SPARQL to extract the
knowledge subgraph from the source knowledge graph via DFS (a deterministic graph traversal
technique as we already introduced in Chapter 2).

SPARQL is a structural querying language used in a graph database. The SPARQL fetches a
record from the graph database as a triplet, including the URIs of entities or relations. The
DFSPARQL method uses DFS, a deterministic graph traversal, as mentioned in Chapter 3, and
SPARQL to extract the knowledge subgraph of an item in the standard recommendation dataset.
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Figure 7.4: Querying result of the SPARQL

We used Triply [Tri24], an open-source software, to query and manage the knowledge graph.
Figure 7.4 above shows an example of the SPARQL querying result using the Triply platform.
In the ’Query’ section, we aim to search for the relations and properties related to the movie,
’Stealing Beauty’. We set the URI of this movie in the subjective clause of this query and create
two variables, ’rel’ and ’res’, to record the querying results for the relations and properties, re-
spectively. The ’Table’ section shows all querying results given by their URIs.

However, we only want to fetch the properties most semantically relevant to the item from the
standard recommendation database. Therefore, we can use the candidate relations chosen from
the DBpedia Mappings Wiki search results as the querying relations in the SPARQL clause.



7.4 knowledge graph extraction 76

Algorithm 7.1: SimpleSubKGExtraction
Input: Input: an item (c ∈ I), item-URI mapping dictionary (D), candidate relations set

(Rs ⊆ R), DBpedia knowledge graph (G)
Output: a knowledge subgraph Gs

1 Assign uri : uri← D[c]
2 Assign q : q← qpre

3 Initialize Gs : Gs ← Ø
4 ind← 0
5 foreach r ∈ Rs do
6 if ind == 0 then
7 Assign qs : qs ← {< uri > r ?obj.}
8 end
9 else
10 Update qs : qs ← qs ∪ {< uri > r ?obj.}
11 end
12 ind← ind+ 1
13 Append q : q← q+ qs

14 end
15 Collect Gs : Gs ← SPARQL(q)

Algorithm 7.1 presents a simple knowledge subgraph extraction procedure for an item to extract
all one-hop neighbours connected to the item on the knowledge graphs using SPARQL. We first
declare some terms in this algorithm. We create a dictionary (D) that maps each item in the stan-
dard recommendation dataset onto their entity URI in the knowledge graph, a full-relation set
(R) representing all relations existing in the DBpedia knowledge graph (G), and a sub-relation
set (Rs) representing the candidate relations for querying, and a knowledge subgraph (Gs) as
the output.

Algorithm 7.1 accepts four inputs, including an item (c), an item-URI mapping dictionary (D), a
set of candidate relations (Rs), and the DBpedia knowledge graph (G). This algorithm outputs a
knowledge subgraph (Gs) to the input item (c). The first line declares a variable (uri) to store the
URI of the input item by looking up the dictionary (D). Line 2 declares a variable (q) to store the
complete SPARQL query, and we initialize this variable as the common prefix of the URIs (qpre).
Line 3 declares the output knowledge subgraph (Gs) and initializes it as empty. Line 4 declares
a variable ’ind’ to indicate the number of candidate relations. If the ’ind’ is equivlent to zero
(Line 6), we will create a new SPARQL query clause and store it into the variable (qs)as shown
in Line 7; otherwise, we will repeatedly append the query to the variable (qs) for each candidate
relation as shown in Line 10. In lines 7 and 10, we use a bracket to represent a single SPARQL
query clause. A single SPARQL query clause consists of three components: the querying entity
<uri>, the querying relationship (r), and the querying result variable (?obj). Line 13 executes the
query on the knowledge graph using SPARQL and returns the knowledge subgraph (Gs) to the
item (c).

In short, this algorithm starts with the item URI and extracts all one-hop neighbour nodes filtered
by the candidate relations in the knowledge graph. However, the one-hop neighbour nodes are
insufficient to provide accurate semantic information about the item, as we want to look deeply
at the knowledge graph for extracting the two-hop or more-hop neighbour nodes. Therefore, we
provide the DFSPARQL approach, as shown in Algorithm 7.2.
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Algorithm 7.2: DFSPARQL
Input: an item (c ∈ I), item-URI mapping dictionary (D), candidate relations set

(Rs ⊆ R), DBpedia knowledge graph (G), traversal depth (d)
Output: a knowledge subgraph Gs

1 Initialize Gs : Gs ← Ø
2 G

′
s ← SimpleSubKGExtraction(c,D,Rs,G)

3 Gs ← Gs ∪G
′
s

4 if d == 1 then
5 Collect Gs

6 end
7 else
8 foreach e ∈ G

′
s do

9 G
′′
s ← DFSPARQL(e,D,Rs,G,d− 1)

10 Gs ← Gs ∪G
′′
s

11 end
12 end

Algorithm 7.2 recursively explores all n-hop neighbours connected to the item on the knowledge
graph using the Depth-first Search. Compared with the ’SimpleSubKGExtraction’ algorithm dis-
cussed in Algorithm 7.1, we add the traversal depth (d). Line 1 initializes an empty graph (Gs)
to store the output knowledge subgraph. Line 2 first invokes Algorithm 7.1 to obtain all one-hop
neighbours using all candidate relations and stores the result as a temporary graph (G

′
s). Line

3 concatenates all one-hop neighbours onto the graph (Gs). Lines 4-10 implement the recursive
Depth-first Search graph traversal to extract the d-hops neighbours. Iteratively, for each URI
obtained in the result (G

′
s) at the depth (i− 1) (1 ⩽ i ⩽ d), we extract all one-hop neighbours

(G
′′
s ) at the depth (i) until the traversal depth reaches the target depth (d), as shown in lines 8-10.

We demonstrate the unfiltered knowledge subgraph construction process for the three standard
recommendation datasets, including ML-300K, FB-MS, and LT, as shown in Appendix: Section A.
We choose the top five highly-occurring relations for each standard recommendation dataset as
the candidate relations to create the unfiltered knowledge subgraph. However, these relations are
only manually analyzed and extracted. Some of the relations may make noise in the knowledge
subgraph. Therefore, it is necessary to filter the knowledge subgraph to obtain a concise and
accurate version.

7.5 knowledge graph filtering

In section 7.4, we used the candidate relations set to extract an unfiltered knowledge subgraph
for an item in the standard recommendation dataset. Although those candidate relations are the
semantic properties of the items, some may bring the noises onto the knowledge graph. There-
fore, we choose the subsets of relations that clearly and accurately reveal the relations between
a pair of items. We first select the number of pairs of positively related entities and pairs of
negatively related entities. Then, we compare the similarities between the pairs of positively
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related entities and the pairs of negatively related entities using the embedding-based approach.
Based on their similarity scores using the embedding-based approach, we choose the subsets of
relations from the primary candidate relations set to build the filtered knowledge graph for each
item.

In this section, we focus on the knowledge graph filtering. We aim to filter the knowledge
subgraphs we constructed in section 7.4 to accurately reflect the semantic relatedness between
items. To estimate the semantic relatedness for a pair of items, section 7.5.1 first manually
categorizes each pair into different groups based on the number of shared labels or properties
in the knowledge graph. Then, section 7.5.2 introduces a scoring system to accurately calculate
each item pair’s semantic relatedness score. We demonstrate the knowledge subgraphs filtering
procedure for three unfiltered knowledge subgraphs as presented in section A in the appendix,
and the filtered knowledge subgraphs are shown in section B in the appendix.

7.5.1 Shared Categorical Labels

To estimate the semantic relatedness for a pair of items, we first divide all items into pairs
based on the number of their shared labels or properties in the knowledge graph. As the ‘dc-
terms:subject’ relation gives the categorical information of an item, we can calculate the number of
the shared categorical labels between a pair of items and use this number to roughly define their
semantic relatedness. However, the number of shared labels varies depending on the datasets.
Therefore, we proposed a scoring system, Ratio of the Shared Categorical Labels (RSCL), as shown
in Eq 7.5.1 below. In this equation, the RSCL score between items is defined as dividing the
number (#SCL) of shared labels between the pair of items and the maximum number Max(#SCL)
of the shared labels among all pairs of items.

RSCL =
#SCL

Max(#SCL)
(7.5.1)

RSCL Relatedness
⩾ 75% Strongly related

⩾ 50%and < 75% Mediumly related
< 50% Weakly related

0 Unrelated

Table 7.3: RSCL score and relatedness checklist

Table 7.3 defines the degree of semantic relatedness for a pair of items using the RSCL score. For
a pair of items, we consider they are ‘Strongly related’ when their RSCL score is more excellent
than 75%; ‘Mediumly related’ when their RSCL score is between 50% and 75%; ‘Weakly related’
when their RSCL score is less than 50% but above than zero; and ‘Unrelated’ when they have
no shared categorical labels. In short, two items are considered strongly related if shared with
more categorical labels; otherwise, they are weakly related or unrelated.
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7.5.2 Item Embeddings

Section 7.5.1 introduced the RSCL scoring scheme, which roughly measures the semantic relat-
edness of a pair of items and classifies them into different groups. However, such a scheme only
roughly measures the semantic relatedness of a pair of items based on their shared categorical
information. We need to figure out which relations are good or bad. We aim to find the relations
that accurately reflect the semantic relatedness of a pair of items. Thus, we create items’ embed-
ding vectors as the semantic feature vectors so that we can calculate their semantic similarity
scores using their embedding vectors.

We used TransE, a knowledge graph embedding technique argued by Bordes et al. [BUG+13], to
translate the entities and relations of the knowledge graph onto embedding vectors. The TransE
embedding approach accepts two inputs: a learning rate (r) and an embedding size (K). We
tested the learning rate from 0.001, 0.002, 0.005, 0.01, 0.05, 0.1 and the embedding size from 10,
50, 100, 200.

Afterwards, we use the Cosine similarity to calculate the semantic similarity scores between
items using their embedding vectors. As we mentioned, a good relation should give high sim-
ilarity scores for a pair of strongly related items but low similarity scores for unrelated items.
Therefore, we aim to find the relations which accurately interpret the semantic similarities be-
tween items.

We apply the knowledge graph embedding approach to the unfiltered knowledge subgraph in-
troduced in Appendix: section A and obtain the filtered knowledge subgraph for each standard
recommendation dataset in Appendix: section B.

7.5.3 Embedded-item Model

This section mainly discusses constructing the embedded-item model to represent the semantic
similarity between a pair of items. Chapter 3 introduced the item model constructed from the
user-item matrix using the collaborative filtering method. An item model can be represented as
an inter-item matrix or an inter-item graph. Similarly, an embedded-item model has two repre-
sentations: an embedded-item matrix and an embedded-item graph.

We have used TransE to transform the items’ knowledge subgraph onto entity embedding vec-
tors. Using the cosine similarity measure, we can calculate the similarity of a pair of items’
embedding vectors as the semantic similarity scores for the pair of items. However, the em-
bedding features are usually high-dimensional and complicated. We aim to apply the feature
engineering technique to simplify the original embedding features to obtain precise and inter-
pretable features.

Therefore, we apply K-Means++ [BMV+12], a clustering algorithm on the items’ TransE em-
bedding vectors, to group similar items onto clusters and calculate the centroid vector of each
cluster. For instance, in a movie database, a cluster may refer to a genre like ’Romantic’; in a
book database, a cluster may refer to a theme like a ’novel’. Then, we transfer each item’s TransE
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embedding vector into their counter-similarity embedding vector. Counter-similarity, argued by
Byeong in 2006 [KLP+06], gives a likelihood of an item belonging to a cluster class using the
Euclidean distance between the TransE item’s embedding vector and the centroid’s embedding
vector.

CounterSimilarity(i, ck) = 1−
DEU(i, ck)
DMax

EU (i, cj)
(7.5.2)

Eq 7.5.2 defines the counter-similarity between the item (i) and the cluster (ck). DEU(i, ck) rep-
resents the Euclidean distance between the TransE embedding vector of the item (i) and the
centroid TransE embedding vector for a cluster, and DMax

EU (i, cj) represents the maximum Eu-
clidean distance of the item (i) among all cluster centroids. The counter-similarity reduces the
dimensionality of the embedding vectors and gives more interpretable results. We collect the
counter-similarity score of an item and send it to each cluster together as the counter-similarity
embedding vector for the item. Each entry within the counter-similarity embedding vector repre-
sents the likelihood of an item belonging to a cluster. Afterwards, we used cosine to calculate the
ground-truth similarity scores between items using their counter-similarity embedding vectors.
We only kept the item pairs whose similarity scores were greater than 0.5.

The ’elbow method’, argued by Thorndike in 1953 [Tho53], is an approach to determining the
number of clusters in a dataset. The method aims to find a cutoff point as the ’knee of a curve’
from the (squared sum of error) SSE Loss versus the cluster number curve. With the increasing
number of clusters, the SSE Loss declines dramatically until reaching the cutoff point. After the
cutoff point, the SSE Loss declines steadily. Therefore, the number of clusters at the cutoff point
is considered the best cluster number. We adopted the ’elbow method’ to find the optimal cluster
number for the TransE embedding vectors.

At the end of this section, we demonstrate the cluster number optimization procedure for the
items’ TransE embedding vectors used in three knowledge graphs (ML-300K-KG, FB-MS-KG,
and LT-KG) in Figure 7.5 below. We apply the SSE loss function to the KMeans++ algorithm. Fig-
ure 7.5 contains three subplots representing the cluster number optimization of the KMeans++
algorithm. In each plot, the x-axis represents the candidate cluster number (C) from 1 to 100,
and the y-axis represents the SSE loss at each cluster number.

The cutoff point of the ML-300K-KG, FB-MS-KG, and LT-KG is 30, 20, and 20, respectively.
Therefore, we resize the dimensionality of the TransE embedding vectors into 30, 20, and 20

for the entities of three knowledge graphs, respectively. Afterwards, we create the new embed-
ding vectors using the counter-similarity. Finally, we build the embedded-item model using the
counter-similarity embedding vectors and filter out those links whose counter-similarity scores
were less than 0.5.

Once we obtain the embedded-item model, we will propose a data augmentation method to
enrich the user-item interactions in the standard recommendation dataset. The following section
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will discuss how we generate a small number of non-existent links using the embedded-item
model.

Figure 7.5: Cluster number optimization: entity embedding vectors for three datasets: (ML-300K, FB-MS,
and LT)

7.6 kgrecwalk* model

As we have obtained the filtered knowledge subgraph representing the semantic information
about the items, we aim to modify the current RecWalk* framework with the filtered knowledge
subgraph. One solution is to merge the user-item combination graph and the filtered knowledge
subgraph as a graph by the item nodes. As discussed in Section 5, a random surfer can traverse
between the user and item nodes randomly on the user-item combination graph with a biased
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coin-tossing probability. Inspired by that, we can change the coin-tossing probability mecha-
nism to fit these three subgraphs: the user-item bipartite graph, the inter-item interaction graph,
and the filtered knowledge subgraph. Therefore, we propose the new framework, KGRecwalk*.
Compared with the biased coin-tossing with two outcomes (’Head’ and ’Tail’), as used in the
RecWalk* framework in Chapter 5, we provided three outcomes (’Head’, ’Medium’, and ’Tail’)
for a biased coin-tossing. We use (θ1) to denote the probability of a coin that yields on the
’Head’, (θ2) to denote the probability of a coin that yields on the ’Medium’, and (θ3) to represent
the probability of a coin that yields on the ’Tail’, respectively.

Figure 7.6 below sketches the KGRecWalk* framework. In this figure, the green and orange
nodes represent the user and item nodes, respectively, the same as those used in the RecWalk*
framework. And we use the purple nodes to represent the entity nodes. Eq 7.6.1 demonstrates a
block matrix where the first and second columns represent all users and item nodes, respectively,
in the user-item bipartite graph, and the last row represents entity nodes in the knowledge
graph. The purple nodes denote the property nodes (for example, ’C1’, ’C2’, and ’C3’) in the
knowledge graph. Eq 7.6.2 defines the transition probability matrix (P) of the KGRecWalk*
framework. The transition probability matrix (P) consists of three main parts: the user-item
transition probability matrix, the inter-item transition probability matrix, and the knowledge
graph transition probability matrix. The declaration of the user-item transition probability matrix
and the inter-item transition probability matrix in the KGRecWalk* framework is identical to that
in the RecWalk* framework. For the knowledge graph component, we use (Wig) to represent
the transition probability matrix between the item nodes and the property nodes, and (Wkg) to
represent the transition probability matrix between the property nodes. In addition, the coin-
tossing probability that yields on all conditions (’Head’,’Medium’,’Tail’) is summing up to 1, as
shown in Eq.7.6.3 below.

Figure 7.6: KGRecWalk* Structure

HKGRecWalk∗ ←

 0 Rx 0

Rx
T 0 0

0 WT
ig 0

 (7.6.1)
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(a) (User node, toss: ’head’) (b) (User node, toss: ’medium’ or ’tail’)

(c) (Item node, toss: ’head’) (d) (Item node, toss: ’medium’)

(e) (Item node, toss: ’tail’) (f) (Entity node, toss: ’head’ or ’medium’)

Figure 7.7: KGRECWALK∗
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(a) (Item node, toss: ’tail’)

Figure 7.8: KGERECWALK∗

P← θ1HKGRecWalk∗ + θ2

I 0 0

0 MI 0

0 WT
ig 0

+ θ3

I 0 0

0 0 Wig

0 0 Wkg

 (7.6.2)

θ1 + θ2 + θ3 = 1 (7.6.3)

Figures 7.7 and 7.8 both demonstrate the KGRecWalk* working flow for three coin-tossing re-
sults. In these two figures, green, orange, and purple nodes represent items, users, and entities.

We use the notations (U, I, and G) to denote all user, item, and entity nodes. Assuming that the
walker currently occupies a node (c ∈ U∪ I∪G), a biased coin-toss determines the next possible
move that yields ’Head’ with probability (θ1), ’Medium’ with probability (θ2), and ’Tail’ with
probability (θ3). Provided that the current node is a user node (c∪U): i) if the coin-toss yields a
head, the walker jumps to one of the item nodes rated by the user randomly (as shown in Figure
7.7 (a), the walker jumps from the user ’U2’ to one of the nodes in ’I2’, ’I6’, and ’I9’ randomly.);
ii) if the coin-toss yields medium or tail, the walker stays put (as shown in Figure 7.7 (b), the
walker stays at the user ’U2’). In another case, the current node (c) is an item node (c ∈ I): i) if
the coin-toss yields a head, the walker randomly jumps to one of the users that have rated the
item (as shown in Figure 7.7 (c), the walker randomly jumps from the item node ’I1’ to one of
the users’ nodes ’U1’ or ’U4’.); ii) if the coin-toss yields are medium, the walker moves to one
of the items that connect with the currently occupied item node (as shown in Figure 7.7 (d), the
walker randomly moves from the item node ’I1’ to one of the surrounding items nodes’ I4’, ’I5’,
or ’I7’.); iii) if the coin-toss yields tail, the walker moves to an entity node randomly (as shown
in Figure 7.7 (e), the walker moves from the item node ’I1’ to the entity node ’C2’.). While the
current node (c) is an entity node (c ∈ G): i) if the coin-toss yields a head, the walker jumps
to one of the connected item nodes that belong to this category (as shown in Figure 7.7 (f), the
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walker moves from the entity node ’C2’ to the item node ’I7’.); ii) if the coin-toss yields medium
or tail, the walker moves to one of the connected entity node (as shown in Figure 7.8 (a), the
walker moves from the item node ’C2’ to the item node ’C1’.).
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7.7 conclusion

This chapter mainly discusses the semantic representations of the items in the standard rec-
ommendation datasets. As the user-item ratings provided by the standard recommendation
datasets did not provide additional semantic information about the users or items, we intro-
duced the knowledge graphs. Section 7.2 mainly discussed the concept and representations of
the knowledge graphs. We learned that a knowledge graph contains millions or billions of facts.
Each fact within the knowledge graph is considered a triplet of entities and relations. A URI can
store and relocate the semantic information of an entity or a relation of the knowledge graph on
a webpage.

Subsequently, in section 7.3, we move on to the practical application of knowledge graphs. We
start by introducing three standard recommendation datasets (in section 7.3.1). A pivotal step
in our process is introducing the standard entity linking technique, which involves mapping the
items in the standard recommendation dataset onto the entities in the knowledge graph using
the processed URI mapping files.

Following this, we delve into extracting the local knowledge subgraph for items in the standard
recommendation dataset in section 7.4. We utilize DBpedia as the source knowledge graph and
the DBpedia Mappings Wiki to identify properties most semantically related to the item. These
relations are then used as candidate relations, and we employ the DFSPARQL method to extract
all n-hop neighbours centred with the item in the source knowledge graph, thereby obtaining
the local knowledge graph of the item. We concatenate each item’s local knowledge graph as
the primary knowledge graph.

However, the original knowledge graph may contain noise, so we need to filter it to obtain a
well-structured and clear version, as the knowledge graph filtering technique was discussed in
section 7.5. We first introduce the RSCL scheme to classify the semantic relevance between a pair
of entities roughly. Then, we use the TransE embedding method to convert entities and relations
into embedding vectors. We calculate the similarity of the embedding vectors of a pair of items
as their semantic similarity score. Based on the results of RSCL and the embedded semantic
similarity scores of the items, we filter out those negative relations from the original knowledge
graph, thereby obtaining an accurate and concise filtered knowledge graph that reveals the se-
mantic information about the items.

At the end of this chapter, we propose an extended framework, the KGRecWalk* model, that
merges the user-item combination graph and the knowledge graph as a whole graph and mod-
ifies the coin-tossing strategy to simulate a surfer’s random walk. The KGRecWalk* model
considers both user-item interaction information and the items’ semantic information.
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8.1 conclusion

8.1.1 Discussion

In this thesis, we have motivated the need to investigate a graph-based personalized recom-
mender system and explored the items’ semantic information from knowledge graphs to im-
prove recommendation accuracy.

In Chapter 2, we discussed that a recommender system was such a thing used for information
searching to find out the items the user likes and information filtering to filter out the items the
user dislikes. Three traditionally used recommender systems include content-based, collaborative,
and hybrid filtering. We mainly detailed the neighbour-based methods and model-based meth-
ods for the collaborative-filtering. In addition, we showed the neural-based methods. Finally,
this Chapter explains hybrid filtering as a combination of content-based and collaborative filter-
ing.

Then, Chapter 3 mainly discussed two graph representations of a standard recommendation dataset:
a user-item bipartite graph and an inter-item graph. We also introduced two types of graph traver-
sals: deterministic and probabilistic. We gave DFS as an illustration of the deterministic graph
traversals and random walks as examples of the probabilistic graph traversals. We used the
random walks on the inter-item graph to make recommendations to the user. At the end of
this Chapter, we introduced standard PageRank as an example of random walks. The standard
PageRank algorithm is a global node ranking algorithm that assumes each node has the same
initial landing probability. As an iterative algorithm, such an algorithm records the landing
probability of each node for each iteration and terminates at the convergent state. The items
with high landing probabilities are the recommendations to the user. The standard PageRank
provides a non-personalized recommendation strategy.

Chapter 4 proposed the Personalized PageRank algorithm, which restrained the random walks
starting with a small subset of item nodes rated by the user and terminating at the items the
user did not interact with. We also introduced diffusion kernels, including the Newmann-series-
based and exponential-based kernels, as an effective way to measure the relatedness of a pair of
graph nodes. We illustrated how the diffusion kernels work on the inter-item graph.

Chapter 5 discussed the methodology, referring to the RecWalk* model, which is an integration
graph of the user-item bipartite graph and the inter-item graph. We extended this model with
different diffusion kernels as we listed in Chapter 4, and used this model as a kernel-based rec-
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ommendation approach.

Chapter 6 set up the evaluation procedures for the kernel-based recommendation approach.
We selected some non-item-based methods (PureSVD, EigenRec, MLP, GMF, and P3) and item-
based methods (Cosine and SLIM) as our baseline recommendation algorithms. We conducted
experiments on eight well-known datasets using LOOCV LOOCV as our evaluation metric and
compared the results of the baseline algorithms and kernel-based recommendation approaches.

Finally, Chapter 7 introduced the item’ssemantic information extraction and transformation. Using
the standard entity linking technique, we first linked the items in the standard recommendation
dataset onto the entity nodes of the knowledge graph (DBpedia). Then, we proposed DFSPARQL
as a deterministic graph traversal to extract the knowledge subgraph for each item, and we trans-
formed the knowledge subgraph onto entity embedding vectors. At the end of this Chapter, we
sketched a method, KGRecWalk*, that comprises the filtered knowledge subgraph onto the stan-
dard RecWalk* model, as we introduced in Chapter 5.

We now conclude the thesis and discuss some final contributions towards future research.

8.1.2 Thesis Conclusion

Research Question 1: Which diffusion kernel performs best on the standard recommendation
graph?

Answer: As we mentioned in Chapter 4, we used the RecWalk* model combined with different
diffusion kernels on eight public, well-known standard recommendation datasets. From their
experimental results, we concluded that the Laplacian kernel was superior to other diffusion
kernels on both Cosine and SLIM baseline item models.

Research Question 2: Can we extract a knowledge subgraph using the most relevant relations
from the source knowledge graph in order to enhance the recommendation data?

Answer: In Chapter 7, we first used Paolo’s item URI mapping profile as the entity linking
results. Then, we selected nine relations as the initial candidate relations and proposed the DF-
SPARQL method to search all two-hop neighbours centred on the item URI as the knowledge
subgraph based on nine candidate semantically related properties.

Research Question 3: Can the embedding representation be constructed from the knowledge
graph to accurately and precisely enhance the semantic representation of the items?

Answer: In Chapter 7, we used TransE, a graph embedding technique, to translate the entity
nodes of the knowledge graph onto their entity embedding vectors. We then filtered out those
negative relations to obtain a filtered knowledge graph that accurately reveals the semantic prop-
erties of the items.



8.2 drawbacks 89

8.1.3 Contribution

Overall, this thesis has two significant contributions. The first main contribution is RecWalk*, a
graph-based recommender engine that combines a user-item bipartite graph and an inter-item
graph. We used random walks, a type of probabilistic graph traversals, on this engine, combin-
ing them with the different diffusion kernels to make personalized recommendations to the user.

The second main contribution is the extension of the items’ semantic information. We mined
them from the source knowledge graph (DBpedia) by extracting a knowledge subgraph for each
item based on pre-defined candidate relations using DFSPARQL, a deterministic graph traversal.
We then used TransE, a knowledge graph embedding technique, to transform the entities of the
knowledge graph onto their entity embedding vectors, and we filtered out those negative rela-
tions that bring noises into the knowledge subgraphs.

The secondary contribution is data enrichment using the item’s semantic information. We first
constructed the embedded-item model using the items’ embedding vectors.

8.2 drawbacks

While our RecWalk* model, enhanced with diffusion kernels, has shown promising results by
outperforming baseline algorithms on standard and augmented recommendation datasets, there
are clear areas that require further development.

Firstly, the RecWalk* model only works with one diffusion kernel at a time. In addition, the
RecWalk* model comprises a user-item bipartite graph and an inter-item graph. The user-item
bipartite graph represents user-item interactions. The inter-item graph represents the relations
between items. As mentioned in Chapter 3, we can construct an inter-item graph in many ways.
However, the RecWalk* model only uses the inter-item graph constructed in one way.

In addition, the RecWalk* model connects the user-item bipartite and inter-item graphs with a
coin-tossing probability. This probability was a fixed value for the random walker landing at
any user but not personalized for each user.

For the items’ semantic representation, we only explored two-hop neighbour entities to construct
the knowledge subgraph, and we used TransE to transform the entities onto embedding vectors.
The TransE embedding method was efficient for one-to-one relations but weak for one-to-many,
many-to-one, and many-to-many relations. For instance, a movie has multiple stars and starring
is a one-to-many relationship.

By acknowledging the limitations in our proposed framework, we pave the way for future work
that will address these issues and further enhance the RecWalk*model.
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8.3 future work

Some technical aspects of this work can be improved. In our present work, the RecWalk* model
only uses one kernel at a time. We aim to explore a way to combine two or more kernels paral-
lelly on the RecWalk* model.

Additionally, the present RecWalk* model only consists of a user-item bipartite and one inter-
item graph. We would extend this model by adding different inter-item graphs simultaneously.
For instance, the RecWalk* model can include Cosine and SLIM, two inter-item graphs to cus-
tomize the tossing probability connecting the user-item bipartite and each inter-item graph.

In our current RecWalk* model, the tossing probability connecting the user-item component and
the inter-item component is set as a fixed value shared by all users. However, we see potential
in personalizing this probability for each user, and we plan to explore this in the future.

In our current experiments, we have been using the ‘control variates’ strategy to identify the
optimal parameters for the RecWalk* model. However, this approach requires us to manually
provide a list of candidate values and test each one, which may not fully cover the search space.
To address this, we aim to transform the problem into an optimization problem by declaring a
loss function to minimize the loss between the actual and predicted values.

Finally, for the items’ semantic representation, as the TransE embedding method was ineffective
for one-to-many or many-to-many relations, we would choose a different embedding technique
like ‘TransH’ or ‘Node2Vec’.
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A U N F I LT E R E D K N O W L E D G E G R A P H

In section A, we plot the candidate relations distribution of the unfiltered knowledge graph
for each standard recommendation dataset (ML-300k, FB-MS, and LT, respectively). Some high-
frequency candidate relations are significant because they give more generic semantic informa-
tion for most items; some low-frequency candidate relations only provide the semantic infor-
mation for the limited items. Therefore, we focus on those high-frequency relations to provide
semantic information for more items.

a.1 unfiltered ml-300k knowledge subgraph

This section mainly discusses the extraction and construction of the unfiltered ML-300K knowl-
edge graph. We select nine high-quality, clean, and well-constructed film-related relations as
initial candidate relations to the ML-300K knowledge graph. These nine candidate relations are
’dcterms: subject’, ’skos: broader’, ’dbr-owl: starring’, ’dbr-owl: writer’, ’dbr-owl: producer’,
’dbr-owl: distributor’, ’dbr-owl: director’, ’dbr-owl: author’, and ’dbr-owl: composer’. The rela-
tions ’dcterms: subject’ and ’skos: broader’ are essential as they give the categorical information
of the film. The rest of the relations are the ontological properties of the film, such as writers,
stars, and composers. Table A.1 below gives the statistics information of the unfiltered ML-300K
knowledge graph (ML-300K-KG). There are 2907 films among the 3035 films in the database,
which are successfully mapped onto the entity nodes in the knowledge graph. ML-300K-KG
contains 58,127 semantic entities and 262,587 links.

Dataset #Links #Entities #Covered Items

ML-300K-KG 262,587 58,127 2907/3035

Table A.1: Statistics of the Unfiltered knowledge graph (ML-300K-KG)

In addition, we plot the frequency distribution of the relationship to investigate the importance
of each candidate relationship, as shown in Figure A.1 above. In this figure, the x-axis represents
each candidate relation, and the y-axis represents the number of occurrences of each candidate
relation in the unfiltered knowledge graph. We highlight the top five relations (marked as the
red bars) that occurred in the knowledge graph. The top five relations are ’dcterms: subject’, ’skos:
broader,’ ’dbr-owl: starring’, ’dbr-owl: writer’, and ’dbr-owl: producer’. Specifically,’dcterms: subject’ is
the most important relation in the unfiltered ML-300K knowledge graph.
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Figure A.1: Relation frequency distribution of the unfiltered ML-300K-KG

a.2 unfiltered fb-ms knowledge subgraph

Section A.2 mainly discusses the unfiltered knowledge graph extraction and construction for
the FB-MS dataset. We select nine high-quality and well-structured artist-related relations as
the initial candidate relations to extract the FB-MS knowledge graph. The nine candidate rela-
tions include ’dcterms: subject’, ’dbr-owl: genre’, ’dbr-owl: associatedMusicalArtist’, ’dbr-owl:
associatedBand’, ’dbr-owl: recordLabel’, ’dbr-owl: hometown’, ’dbr-owl: formerBandMember’,
’dbr-owl: bandmember’, and ’dbr-owl: soundRecording’. The ’dcterms: subject’ relation gives
the categorical information of an artist, and the rest of the candidate relations are the ontological
properties related to the artist. Table A.2 below gives the statistics information of the FB-MS
knowledge graph. There were 4126 items among 4379 items in the database, which are success-
fully mapped onto the entity nodes in the knowledge graph. The extracted knowledge contains
61,843 semantic entities and 316,272 links.

Dataset #Links #Entities #Covered Items

FB-MS-KG 316,272 61,843 4126/4379

Table A.2: Statistics of the Unfiltered knowledge graph (FB-MS-KG)

We plot the relation frequency distribution to investigate the importance of the candidate re-
lations, as shown in Figure A.2 below. In this figure, the x-axis represents all candidate re-
lations, and the y-axis represents the occurrence number of each relation in the knowledge
graph. We highlight the top five relations (marked as the red bars) in the knowledge graph. The
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Figure A.2: Relation frequency distribution of the unfiltered FB-MS-KG

top five relations are ’dcterms:subject’, ’dbr-owl:genre’, ’dbr-owl:associatedLabelMusicalArtist’, ’dbr-
owl:associatedBand’, and ’dbr-owl:recordLabel’.
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a.3 unfiltered lt knowledge subgraph

Section A.3 mainly discusses the extraction and construction of the unfiltered LT knowledge
graph. We select nine high-quality and well-defined book-related properties as the initial can-
didate relations to extract the LT knowledge graph. The nine candidate relations include ’dc-
terms:subject’, ’skos:broader’, ’dbr-owl:author’, ’dbr-owl:writer’, ’dbr-owl:illustrator’, ’dbr-owl:literaryGenre’,
’dbr-owl:mediaType’, ’dbr-owl:publisher’, and ’dbr-owl:nonFictionSubject’. The relations ’dc-
terms: subject’ and ’skos: broader’ are essential as they give categorical information about the
book. The rest of the candidate relations are the ontological properties of the book. Table A.3
below gives the statistics information of the LT knowledge graph (LT-KG). We find that there are
3426 items among 3680 items in the database, which are successfully mapped onto the knowl-
edge graph. The extracted knowledge contains 34,853 semantic entities and 95,619 links.

Dataset #Links #Entities #Covered Items

LT-KG 95,619 34,853 3426/3680

Table A.3: Statistics of the Unfiltered knowledge graph (LT-KG)

Figure A.3: Relation frequency distribution of the unfiltered LT-KG

We also plot the relation frequency distribution to investigate the importance of relations, as
shown in Figure A.3 below. In this figure, the x-axis represents all candidate relations, and
the y-axis represents the occurrence number of each relation in the knowledge graph. The
relations are ordered by their occurrence number. We highlight the top five relations in the
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LT knowledge graph as the approach used in the ML-300K-KG and the FB-MS-KG. The top five
relations include ‘dcterms:subject’, ‘skos:broader’, ‘dbr-owl:author’, ‘dbr-owl:literaryGenre’, and
‘dbr-owl:publisher’. We also mark the top five relations as the red bars in the knowledge graph.
The top five relations are ’dcterms:subject’, ’dbr-owl:genre’,
’dbr-owl:associatedLabelMusicalArtist’, ’dbr-owl:associatedBand’, and ’dbr-owl:recordLabel’.



B F I LT E R E D K N O W L E D G E S U B G R A P H

For each unfiltered knowledge subgraph for the three standard recommendation datasets pre-
sented in sections A.1 -A.3, we first choose the top five high-frequency candidate relations to
create the filtered knowledge subgraph. Then, we apply the knowledge graph embedding ap-
proach to create the embedding vectors for entities. Further, we try different combinations (min-
imum selecting three relations as one combination) from these five relations to create the filtered
knowledge graphs and calculate the semantic similarity scores of the ’Strongly related’ and ’Un-
related’ item pairs from their embedding vectors. Sections B.1 - B.3 show the optimal relations
selection of the filtered knowledge subgraphs for ML-300K, FB-MS, and LT, respectively.

b.1 filtered ml-300k knowledge subgraph

This section demonstrates the optimal relations selection of the filtered ML-300K knowledge
subgraphs. As shown in Figure A.1 in section A.1, the top-five candidate relations of the pri-
mary ML-300K knowledge graph are ‘dcterms:subject’, ‘skos:broader’, ‘dbr-owl:starring’, ‘dbr-
owl:writer’, and ‘dbr-owl:producer’. In abbreviation, we map each onto ‘subject’, ‘broader’,
‘starring’, ‘writer’, and ‘producer’.

We first show the statistics information of the candidate-filtered ML-300K knowledge subgraphs
by choosing different combinations from the top five candidate relations, as shown in Table
B.1 below. In this table, the column ‘GID’ represents the identifier of each candidate-filtered
knowledge graph; the column ‘Relations Set’ represents the combination of the candidate rela-
tions; the columns ‘#Links’ and ‘#Entities’ give the number of links and entities of each filtered
knowledge subgraph; and the column ‘#Covered Items’ gives the number of items which are
successfully mapped onto the entities in the knowledge graph. Table B.1 includes 15 possible
ML-300K candidate-filtered knowledge subgraphs.

We then apply the TransE embedding technique to each candidate-filtered knowledge graph to
obtain the embedding vectors for entities and relations. To investigate the best learning rate (lr)
and the best embedding size (K) used in the TransE embedding process, we first fix the learning
rate (lr = 0.005) to test the best embedding size (K). And then, we explore the best learning rate
(lr) with the best embedding size. We used the candidate graph (GID = 1 in Table B.1) as an
example to conduct the experiments and showed the results in Figure B.1. The ‘Strongly related’
item pairs had the highest average semantic similarity scores (SimScore) when the embedding
size was 100, and the learning rate was 0.005. Therefore, we used the embedding size (K = 100)
and learning rate (lr = 0.005) as the optimal parameters in the embedding process. We used
the same set of parameters to train the embedding vectors for the rest of the candidate-filtered
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GID Relations Set #Links #Entities #Covered Items

1 subject, broader, starring 248,656 54,363 2907

2 subject, broader, writer 238,084 54,238 2907

3 subject, broader, producer 237,565 54,273 2907

4 subject, starring, writer 222,129 44,868 2906

5 subject, starring, producer 221,610 44,909 2906

6 subject, writer, producer 211,038 44,770 2906

7 broader, starring, writer 48,523 28,844 2757

8 broader, starring, producer 48,004 28,209 2751

9 broader, writer, producer 37,432 24,186 2629

10 starring, writer, producer 21,477 9428 2779

11 subject, broader, starring, writer 252,464 54,517 2907

12 subject, broader, starring, producer 251,945 54,558 2907

13 subject, starring, writer, producer 241,373 54,419 2907

14 broader, starring, writer, producer 51,812 30,023 2780

15 subject, broader, starring, writer, pro-
ducer

255,753 54,698 2907

Table B.1: Statistics of the candidate-filtered ML-300K knowledge subgraphs

knowledge subgraphs.

Table B.2 gives examples of the ’Strongly related’ movie pairs (POS Examples) and the ’unrelated’
movie pairs based on their RSCL scores using the number of shared categorical labels (dcterms:
subject). We ranked all related movie pairs from ’Strongly related’ to ’Weakly related’ based on
their RSCL scores. For example, the movies Aladdin and The Little Mermaid are the strongest
related because they have the highest RSCL score compared with other item pairs. The movies
Remember the Titans and The Circus are unrelated because they do not have any shared labels.

Table B.3 shows the average item semantic similarity scores of the related and unrelated movie
pairs for each candidate-filtered ML-300K knowledge subgraph. The filtered knowledge sub-
graph (GID = 2 in Table B.1) has the highest average item semantic similarity scores for all
positive movie pairs. Therefore, we selected this graph as the optimal filtered knowledge sub-
graph, and the optimal relations are ‘subject’, ‘broader’, and ‘writer’.
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POS Examples Movie-Pair Information RSCL

Strongly Related Aladdin (1992 film) The Little Mermaid (1989 film) 100%

Strongly Related Free Willy Free Willy 2: The Adventure Home 96.8%

Strongly Related Teenage Mutant Ninja Turtles (1990 film) & Teenage Mu-
tant Ninja Turtles II: The Secret of the Ooze

83.9%

· · · · · · · · ·

NEG Examples Movie-Pair Information RSCL

Unrelated Remember the Titans & The Circus (film) 0

Unrelated Stepmom (film) & Grandview, U.S.A 0

Unrelated Breaking Away & Ugly Aur Pagli 0

· · · · · · · · ·

Table B.2: Semantic related and unrelated movie-pairs

GID
POS Examples NEG Examples

Mean Mean

1 0.664 0.341

2 0.712 0.308

3 0.598 0.306

4 0.641 0.333

5 0.666 0.327

6 0.695 0.296

7 0.096 0.062

8 0.089 0.06

9 0.081 0.044

10 0.094 0.058

11 0.643 0.346

12 0.653 0.345

13 0.623 0.317

14 0.085 0.062

15 0.697 0.352

Table B.3: Average item semantic similarity scores of the related and unrelated item pairs of each candidate
filtered ML-300K knowledge subgraph
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Figure B.1: Parameters Selection: embedding size (K) and the learning rate (r) (Filtered ML-300K Sub-KG)

At the end of this section, we show a snapshot of the local knowledge subgraph for the movie
’Touch of Evil’, as shown in Figure B.2. In this figure, the green node in the centre represents the
movie; the blue node represent the writers or stars like ’Orson Welles’; and the red nodes are the
categorical information about the people or movie.



b.1 filtered ml-300k knowledge subgraph 101

dc
te

rm
s:

su
bj

ec
t

dcterms:subject
dcterms:subject

d
c
te

rm
s:su

b
je

c
t

dcterm
s:subject

dcterms:subject

d
ct

e
rm

s:
su

b
je

ct

dcterm
s:subject

dcterms:subject

dc
te

rm
s:
su

bj
ec

t

sko
s:b

ro
a
d
e
r

skos:broader

sk
os

:b
ro

ad
er

skos:broader

sko
s:b

ro
a
d
e
r

db
r-o

w
l:w

rit
er

db
r-o

w
l:s

ta
rri

ng

d
c
te

rm
s:su

b
je

c
t

dcterm
s:subject

Films shot in
California

Films about
murderers

United
States

National Film
Registry

films

Films scored
by Henry
Mancini

Films based
on American

novels

People from
Highland Park,

Illinois

Male actors
from Chicago

Orson Welles

American
magicians

Broadway
theatre

directors

Film noir

Film styles

Works based
on American

novels

California
culture

Films about
murder

Films scored
by American
composers

Universal
Pictures films

Orson Welles

Touch of Evil

Figure B.2: Local knowledge subgraph demonstration for the movie ‘Touch of Evil’



b.2 filtered fb-ms knowledge subgraph 102

b.2 filtered fb-ms knowledge subgraph

This section demonstrates the optimal relations selection of the filtered FB-MS knowledge sub-
graph. As shown in Figure A.2 in section A.2, the top-five candidate relations of the unfiltered
FB-MS knowledge subgraph are ‘dcterms:subject’, ‘dbr-owl:genre’, ‘dbr-owl:associatedMusicalArtist’,
‘dbr-owl:associatedBand’, and ‘dbr-owl:recordLabel’. In abbreviation, we map each onto ‘subject’,
‘genre’, ‘associatedMusicalArtist’, ‘associatedBand’, and ‘recordLabel’, respectively.

We first show the statistics information of the candidate-filtered ML-300K knowledge subgraphs
by choosing different combinations (at least three relations as one combination) from the top
five candidate relations, as shown in Table B.4 below. Table B.4 includes 15 candidate-filtered
knowledge subgraphs.

We then apply the TransE embedding technique to each candidate-filtered knowledge graph to
obtain the embedding vectors for entities and relations. First, we fix the learning rate (lr = 0.005)
to test the best embedding size (K). Then, we explore the best learning rate (lr) with the best
embedding size. We used the candidate-filtered knowledge graph (GID = 1 in Table B.4) as an
example to conduct the experiments and showed the results in Figure B.3.

We found that the strongly related artist pairs had the highest average semantic similarity scores
when the embedding size (K) was 50, and the learning rate (lr) was 0.005. Thus, we used the
embedding size (K = 50) and the learning rate (lr = 0.005) as the optimal parameters in the
TransE embedding process to learn the embedding vectors of entities and relations for the rest
of the filtered knowledge subgraphs.

Figure B.3: Parameters Selection: embedding size (K) and the learning rate (r) (Filtered FB-MS Sub-KG)

Table B.5 gives examples of the ’related’ artist pairs (POS Examples) and the ’unrelated’ artist
pairs (NEG Examples) based on their RSCL scores using the number of shared categorical labels
(dcterms: subject). We first ranked all related artist pairs from ’Strongly related’ to ’Weakly re-
lated’ based on their RSCL scores. For example, the artists Jennifer Lopez and Christina Aguilera
emerged as the strongest semantic-related artists because they had the highest RSCL score com-
pared with other item pairs. The artists’ Mike Posner’ and ’Tiger Army’ are unrelated as they
have no common subjects.
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GID Relations Set #Links #Entities #Covered Items

1 subject, genre, associatedMusi-
calArtist

243,639 55,015 4126

2 subject, genre, associatedBand 243,636 55,011 4126

3 subject, genre, recordLabel 235,094 49,360 4080

4 subject, associatedMusicalArtist, asso-
ciatedBand

238,887 54,229 4126

5 subject, associatedBand, dbr-
owl:recordLabel

230,345 56,126 4126

6 subject, associatedMusicalArtist,
recordLabel

230,342 56,122 4126

7 genre, associatedMusicalArtist, associ-
atedBand

93,504 17,648 3777

8 genre, associatedMusicalArtist, record-
Label

84,962 20,438 3797

9 genre, associatedBand, recordLabel 84,959 20,435 3797

10 associatedMusicalArtist, associated-
Band, recordLabel

80,210 18,688 3690

11 subject, genre, associatedMusi-
calArtist, associatedBand

273,222 55,016 4126

12 subject, genre, associatedMusi-
calArtist, recordLabel

264,680 56,913 4126

13 subject, associatedMusicalArtist, asso-
ciatedBand, recordLabel

259,928 56,127 4126

14 genre, associatedMusicalArtist, associ-
atedBand, recordLabel

114,545 20,440 3797

15 subject, genre, associatedMusi-
calArtist, associatedBand, recordLabel

294,263 56,914 4126

Table B.4: Statistics of the candidate-filtered FB-MS knowledge subgraphs
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Table B.6 shows the average items’ semantic similarity scores of the related and unrelated item
pairs of each candidate-filtered FB-MS knowledge subgraph. The filtered FB-MS knowledge
subgraph (GID=11 in Table B.4) had the highest average embedded-item similarity scores for all
related item pairs. Therefore, we select this graph as the optimal filtered knowledge subgraph,
and the optimal relations are ‘subject’, ‘genre’, ’associatedBand, and ‘associatedMusicalArtist’.

POS Examples Artist-Pair Information RSCL

Strongly Related Jennifer Lopez & Christina Aguilera 100%

Strongly Related Jay-Z & Sean Combs 87.5%

Strongly Related Janet Jackson & Christina Aguilera 85%

· · · · · · · · ·

NEG Examples Artist-Pair Information RSCL

Unrelated Mike Posner & Tiger Army 0

Unrelated Morcheeba & Hellyeah 0

Unrelated The Mars Volta & Apparat 0

· · · · · · · · ·

Table B.5: Semantic related and unrelated artist-pairs

At the end of this section, we show a snapshot of the locally extracted knowledge subgraph
for the artist Sarah Blasko, as shown in Figure B.4. In this figure, the blue node in the centre
represents the artist; the purple nodes represent the genres, like ’Pop rock’ or ’Folk music’; the
brown nodes represent the associated bands or artists like ’Dirty Three’ or ’Seeker Lover Keeper’;
and the red nodes are the categorical information about the artist.
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GID
POS Examples NEG Examples

Mean Mean

1 0.709 0.25

2 0.685 0.245

3 0.629 0.262

4 0.705 0.22

5 0.656 0.252

6 0.677 0.254

7 0.101 0.077

8 0.11 0.102

9 0.062 0.102

10 0.074 0.076

11 0.63 0.234

12 0.688 0.266

13 0.654 0.232

14 0.05 0.1

15 0.492 0.246

Table B.6: Average item semantic similarity scores of the related and unrelated item pairs of each candidate
filtered FB-MS knowledge subgraph
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b.3 filtered lt knowledge subgraph

This section illustrates the selection of optimal relations of the filtered LT knowledge subgraph.
As shown in Figure A.3 in section A.3 the top-five candidate relations of the unfiltered LT knowl-
edge subgraph are ‘dcterms:subject’, ‘skos:broader’, ‘dbr-owl:author’, ‘dbr-owl:literaryGenre’, and ‘dbr-
owl:publisher’. In abbreviation, we map them onto ‘subject’, ‘broader’, ‘author’, ‘literaryGenre’, and
‘publisher’, respectively.

Like the filtered ML-300K knowledge and the filtered FB-MS knowledge graph, we first show
the statistics information (as shown in Table B.7) of each candidate-filtered LT knowledge graph
by choosing different combinations (at least three relations as a combination) from the top five
candidate relations in the unfiltered LT knowledge subgraph.

Table B.8 gives examples of the ’related’ book pairs (POS Examples) and the ’unrelated’ book
pairs (NEG Examples) based on their RSCL scores using the number of shared categorical labels
(dcterms: subject). We first ranked all related book pairs from ‘Strongly related’ to ‘Weakly re-
lated’ based on their RSCL scores.

For example, the books ’Bridget Jones: The Edge of Reason’ and ’Bridget Jones’s Diary’ are the
strongest semantic-related books because they have the highest RSCL score compared with other
book pairs. The book pairs are unrelated if they do not have any shared labels.

We then apply the TransE embedding technique to each candidate-filtered knowledge graph
to obtain the embedding vectors for entities and relations. Like the ML-300K and the FB-MS
knowledge graph, we first fix the learning rate (lr = 0.005) to test the best embedding size (K).
Then, we explore the best learning rate (lr) with the best embedding size. We used the candidate
graph (GID = 1 in Table B.7) as an example to conduct the experiments and showed the results
in Figure B.5. We found that the related book pairs have the highest average semantic similarity
scores when the embedding size (K) was 50, and the learning rate (lr) was 0.005. Thus, we used
the embedding size (K = 50) and the learning rate (lr = 0.005) as the optimal parameters in the
TransE embedding process to learn the embedding vectors of entities and relations for the rest
of the candidate-filtered knowledge graphs.

Figure B.5: Parameters Selection: embedding size (K) and the learning rate (r) (Filtered LT Sub-KG)
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GID Relations Set #Links #Entities #Covered Items

1 subject, broader, author 89,407 31,117 3385

2 subject, broader, literaryGenre 89,309 31,199 3384

3 subject, broader, publisher 89,193 31,323 3378

4 subject, author, literaryGenre 71,767 23,244 3385

5 subject, author, publisher 71,651 23,368 3386

6 subject, literaryGenre, publisher 71,553 23,450 3386

7 broader, author, literaryGenre 27,536 16,939 3288

8 broader, author, publisher 27,420 17,163 3300

9 broader, literaryGenre, publisher 27,322 16,161 3300

10 author, literaryGenre, publisher 9780 2415 3304

11 subject, broader, author, literaryGenre 92,673 31,280 3385

12 subject, broader, author, publisher 92,557 31,404 3386

13 subject, broader, literaryGenre, pub-
lisher

92,459 31,486 3386

14 subject, author, literaryGenre, pub-
lisher

74,917 23,531 3386

15 subject, broader, author, literaryGenre,
publisher

95,823 31,567 3386

Table B.7: Statistics of the candidate-filtered LT knowledge subgraphs
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POS Examples Book-Pair Information RSCL

Strongly Related Bridget Jones: The Edge of Reason & Bridget Jone’s Diary 100%

Strongly Related Nineteen Eighty-Four & Animal Farm 68.4%

Strongly Related Jurassic Park & The Lost World 68.4%

· · · · · · · · ·

NEG Examples Book-Pair Information RSCL

Unrelated The Crystal Cave & The Long Hard Road Out of Hell 0

Unrelated Jonathan Strange & Mr Norrell & Human, All Too Human 0

Unrelated The Twits & My Name is Red 0

· · · · · · · · ·

Table B.8: Semantic related and unrelated book-pairs

Table B.9 shows the average items’ semantic similarity scores of positive related and unrelated
book-pairs of the filtered LT knowledge graph. The filtered LT knowledge graph (GID=12 in Ta-
ble B.7) has the highest average similarity score for positively related item pairs. Therefore, we
selected this graph as the optimal filtered knowledge subgraph, and the optimal set of relations
are ‘subject’, ‘broader’, ‘author’, and ‘publisher’.

At the end of this section, we show a snapshot of the locally extracted knowledge subgraph of
the book ’The Horse and His Boy’, as shown in Figure B.6. In this Figure, the green node in
the centre represents the book ’The Horse and His Boy’; the brown node represents the author,
such as C.S. Lewis, or the publisher, such as Geoffrey Bles; and the red nodes are the categorical
information about the book.



b.3 filtered lt knowledge subgraph 110

GID
POS Examples NEG Examples

Mean Mean

1 0.518 0.247

2 0.537 0.230

3 0.449 0.236

4 0.497 0.231

5 0.523 0.230

6 0.581 0.218

7 0.093 0.069

8 0.105 0.068

9 0.1 0.069

10 0.083 0.065

11 0.478 0.250

12 0.605 0.251

13 0.527 0.238

14 0.559 0.231

15 0.514 0.252

Table B.9: Average item semantic similarity scores of the related and unrelated item pairs of each candidate
filtered LT knowledge subgraph
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