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I

Abstract

There are many kinds of personalized recommendations on today's OTT

(Over-the-Top) platforms, such as Netflix and YouTube, which can better retain users

and increase their time on the platform by randomly recommending content they may

like based on their usual viewing preferences [1]. Recommender systems (RSs) are

intelligent applications that assist users in their information search tasks by

recommending items (products, information, etc.) that best fit their needs and

preferences [2]. In order to improve the personalized recommendation function of RSs,

this paper proposes a new personalized movie recommendation system that combines

knowledge graph and matrix factorization by setting the implicit factor and generating

tripartite graphs, and finally using SVD++ factorization to improve the

recommendation effect and reduce the computational complexity [8]. The lab results

show that this system improves the recommendation accuracy and real time

performance.

Keywords: Knowledge Graph; Matrix Factorization; SVD++; Machine Learning
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摘要

如今，在 Netflix和 YouTube這類 OTT（Over-the-Top）平台上

有許多種個性化推薦，它可以根據用戶平時的觀看偏好隨機推薦他們

可能喜歡的內容，從而更好地留住用戶，增加他們在平台上的停留時

間[1]。而推薦系統（RSs）是一種智能應用，通過推薦最適合用戶需

求和偏好的項目，協助用戶完成信息搜索任務[2]。但是目前遇到的問

題有系統推薦耗時長，推薦結果不準確等，為了改良 RSs的個性化推

薦功能，本文提出了一種新型的個性化電影推薦系統，結合了知識圖

譜和矩陣分解，通過設定隱式因子，並以次生成三分圖，最後使用

SVD++分解來提高推薦效果並降低計算複雜度[8]。實驗結果表明，

本系統在推薦實時性方面有很大提升。

關鍵詞﹕知識圖譜；矩陣分解；SVD++；機器學習
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Chapter 1 Introduction

With the increasing abundance of content in various applications, people are

exposed to a large amount of content every day, which makes it very difficult to filter

the information that is useful or interesting to them. For example, in today's

Over-the-Top (OTT) platforms such as Netflix and YouTube, users can approach

almost countless media content every day, which indicates the importance of

personalized recommendations. Personalized recommendations can suggest random

content that users may like based on their usual viewing preferences, leading to better

retention of users and increasing their time spent on the platform[1].

Recommender systems (RSs) are intelligent applications which assist users in

their information-seeking tasks, by suggesting the items (products, information, etc.)

that best suit their needs and preference[2]. These systems analyze the users’ taste and

mood at that moment. Based on the result, they create a recommendation that

particularly suits each user. Such recommendation systems can be used in many areas,

such as recommending books, movies, music, and even in e-shopping, which is

frequently used these days. The development of RSs stems from a rather simple

observation: individuals often rely on advice provided by others to make everyday

decisions. For instance, when choosing books to read, it is common to search for

recommendations from peers first; employers rely on references before hiring

someone; and when choosing clothes to buy on e-commerce platforms, people will

read reviews and photos left by people who have already bought the clothes to

determine whether the clothes are suitable for them[3].

All these examples are based on the fact that people will only consult the

opinions of those who are somewhat similar to themselves, which brings us to one of

the currently two most common types of RSs: collaborative filtering (CF). The

technical basis of CF is the U-I matrix, based on which other information about the

user, such as other information about the user's association with the project, is usually

combined with the matrix while factorizing it to form a more complete
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recommendation scenario that yields more accurate results.

Another common approach is content-based filtering (CB), in which the

algorithm attempts to recommend items similar to those that the user has liked in the

past or is currently viewing. The content-based filtering approach is best suited for

situations where known item data exists but no user data exists; it treats

recommendations as a specific classification problem and learns the user's likes and

dislikes based on the item's characteristics.

Therefore, in order to better improve the effectiveness of personalized

recommendation, an optimized model combining CB and CF will be proposed in this

thesis. After organizing the collected data into a knowledge graph, it will be

transformed into a tripartite graph and further derived into two matrices with smaller

dimensions describing user preferences and item classification, respectively, and then

analyzed by the CF algorithm.
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Chapter 2 Related Work

Research shows that during 1998 to 2014, more than 200 researcher articles

about recommender systems were published, which reveals the fervent research and

application of different recommender systems[4]. Among all the research, each

recommender system has its own advantages.

However, during the research, it is found that more than half of the

recommendation methods used CB (55%), and only 18% applied CF[4]. Meanwhile,

this review also shows some shortcomings of the current study, but it is still difficult

to choose a better method between these two recommendation methods. This is

because sometimes content-based filtering performs better than collaborative filtering,

but sometimes it performs worse, which leads to unclear results.

For CB, it can improve the relevance of the recommendation, in this at the same

time can also accumulate the user's behavior data, forming a matrix to facilitate

further analysis. However, CB can only produce relevance effect, and the result is not

necessarily what users really like. CF, on the other hand, is a direct mining of users'

preferences, with higher recommendation accuracy than CB and better results than

CB, because on the basis of a certain database, it can analyze and predict users'

previous behaviors by itself, and in the process, this model can also be trained

spontaneously to achieve better results. At the same time, unlike CB, CF is the result

of the analysis of users' preferences and makes use of the group wisdom of similar

people, while CB simply recommends things to users that have a certain degree of

similarity. But again, the disadvantage is obvious, if there is no sufficient amount of

data to support, it is impossible to perform the matrix operation, thus not getting

accurate results, which may lead to the final result being much different from the

expected result.

2.1 Content-Based Filtering

CB has a recommendation system that recommends items similar to items they
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have liked before to a given user. Compared to CF, the principle of CB is a bit simpler

and does not require a user behavior matrix, and thus eliminates the process of

constant training of the recommendation model. In CB, a graph similar to a

knowledge graph is generally used to assist in recommendation, where the user and

the item are different nodes, and the value of their connected edges indicate the

relationship between the nodes.

Figure 2-1 Knowledge Graph

2.1.1 Basic Method

In content-based recommendation methods, the utility �(�, �) of item � for

user � is estimated based on the known utility �(�,��) of user � for item �� that

is similar to item �. One of the best-known measures for specifying keyword weights

in information retrieval is the term frequency/inverse document frequency (TF-IDF)

measure, which is defined as follows. Assume that � is the total number of

documents that can be recommended to the user, and that keyword �� appears in ��
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of them. In addition, assume that ��,� is the number of times keyword �� appears in

document ��. Then, ���,�, the word frequency of keyword �� in document �� is

defined as Equation (2-1).

���,� =
��,�

max���,�
(2-1)

The measurement of the inverse document frequency (퐼���) is usually used in

combination with the simple term frequency ( ���, � ). The inverse document

frequency of keyword �� is usually defined as Equation (2-2).

퐼��� = log
�
��

(2-2)

Then, the TF-IDF weight of keyword �� in document �� is defined as

Equation (2-3) and the content of document �� is defined as Equation (2-4).

��,� = ���,� × 퐼��� (2-3)

퐶표����� �� = �1,�,⋯,��,� (2-4)

Then let 퐶표�����퐵푎���桐ꍚ표��0�(�) serve as a profile for user � ,

containing the tastes and preferences of that user. That is, �(�,�) can be defined as

Equation (2-5)[9].

� �,�

= ��표ꍚ� 퐶표�����퐵푎���桐ꍚ표��0� � ,퐶표����� �
(2-5)

2.1.2 Optimized Methods
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For more convenience, Zan Huang et al. collected certain information about

customers and books in their study, and then modeled them based on this information,

using the similarity weights obtained in the first stage to construct a two-layer graph,

consisting of a book layer and a customer layer.

Each node in the book layer represents a book, and the weight of each edge

between any two books represents the content similarity between them. Each node in

the customer layer represents a customer, and the weight of the edge between

customer nodes is the similarity between two customers. In addition to the inner links,

there are also connected edges between these two layers. These links are based on the

purchase history of all customers, where purchases are represented by edges between

nodes in the book layer and nodes in the customer layer[10].

Figure 2-2 Two-Layer Graph Model of Books, Customers and Purchases

Based on this, Eduard Fritscher et al. further refined the recommendation

algorithm by means of a graph, which traverses the graph structure starting from the

initial node. In this case, the initial nodes represent the user's interests, which may be

a movie or a movie genre that the user likes. The algorithm tries to find the node in

the graph that is closest to all initial nodes and then returns it as a recommendation.

To achieve the final goal, they designed and implemented four separate algorithms to

perform the comparison[11].

2.2 Collaborative Filtering
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It is further divided into user-based collaborative filtering and item-based

collaborative filtering, which are, respectively, recommending items that several

similar people may like by their liking of different items, and predicting several

people's liking of the same item by their liking of another similar item.

Figure 2-3 User-Based Collaborative Filtering Figure 2-4 Item-Based Collaborative Filtering

2.2.1 Basic Method

In this, the user's rating of an item is constructed as the following user behavior

matrix, where an element of the matrix represents a user's rating of an item with

increasing values starting from 0. The row vector represents the vector of all items

rated by a user, and the column vector represents the vector of all items rated by a

user. With the row vectors and column vectors, we can calculate the similarity

between the users and the items:

�11 �12

�21 �22
⋯ ⋯

⋯ �1�

⋯ �2�

��� ⋯
��1 ��2 ⋯ ���

,

where the value of ��� indicates the preference of user � for item �. If ��� > 0,

the user's preference can be expressed directly by rating, or by using a binary value

indicating whether the user clicked on, or viewed, the item. Yet the known
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preferences of users for items are usually very limited, which makes the matrix �

usually sparse. This is where it is possible to use ��� = ? to represent the case where

user �'s preference for item � is unknown.

For the user-based approach, ��� can be used as the degree of liking of object

� by user � , and the derived ���(�, �) is the similarity between user � and � ,

from which the possible liking of object � by user � can be calculated as Equation

(2-6), where �� is the set of � neighboring users of user �, 퐶 is a normalizing

constant, and then the highly rated result is recommended to the user.

The item-based approach is basically similar to the one above, where ��� is

used as user � 's liking of object � , and the resulting ���(�, �) is the similarity

between object � and �, from which the possible liking of object � by user � can

be calculated as Equation (2-7) and then the highly rated result is recommended to the

user[5].

2.2.2 Matrix Factorization

To solve the problem that sparse matrices cannot be recommended directly,

matrix factorization is usually applied. It simulates various real-life situations and

provides great flexibility for subsequent recommendations. Another advantage of

���� =
1
퐶 �∈��

��� �,� ���� (2-6)

���� =
1
퐶 �∈��

��� �,� ���� , (2-7)
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matrix factorization is that it allows the merging of additional information. When

explicit feedback (direct ratings, etc.) is not available, RSs can use implicit feedback

to further infer user preferences, e.g., by indirectly reflecting opinions by observing

user behavior, including purchase history, and browsing history. They usually indicate

the presence or absence of events and are therefore usually represented by densely

populated matrices[6].

After the original algorithm proposed by Simon Funk in his blog post[7], an

algorithm called SVD has been developed to make better use of explicit and invisible

feedbacks. Given � users, � items form the scoring matrix �' ∈ ��×� , then �

can be decomposed by SVD into the form like Equation (2-8), where � ∈ ��×�

and � ∈ ��×� are both orthogonal matrices and � ∈ ��×� is a diagonal matrix.

Each non-zero element of � is a singular value.

�' =����, (2-8)

To reduce the dimensionality of �, the largest 0� singular values in � are

chosen to form a new diagonal matrix �0�, and the corresponding rows and columns

of � and � are taken out and they are represented as �0� and �0�. In this way,

the reduced dimensional rating matrix is as Equation (2-9), where �'
0� is the

predicted value of the user's rating of the item[8].

�'
0� =�

�
0��0��0�, (2-9)

In addition to this, there are two other common methods. Given an equation

퐴� = �, where 퐴 = [푎��] is an � × � matrix, � = {��} and � = {��} are both

vectors of size �. When 퐴 is symmetric, the Cholesky factorization can be used to

obtain the result shown in Equation (2-10), where � is the lower triangular matrix.
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This factorization method is called the triangular factorization method[12].

Alternatively, using the LU factorization, we obtain Equation (2-11), where �

is the lower triangular matrix and � is the upper triangular matrix[14].

The other one is called QR factorization method, and the basic principle is

given a matrix �∈��×� with � > � first, then consider the QR factorizations

of the form like Equation (2-12), where � ∈ ��×� is orthogonal, 퐴� ∈ ��×� is

upper triangular with non-negative diagonal elements, 퐵� ∈ ��× �−� , 퐶� ∈

� �−� × �−� ，and �� ∈ � �−� ×� , which is zero matrix, and Π ∈ ��×� is a

permutation matrix chosen to reveal linear dependence among the columns of � .

Usually, � is chosen to be the smallest integer 1 ≤ � ≤ � for which 퐶� 2
is

sufficiently small[13].

Once the factorization is obtained, the difference between the actual score value

and the predicted value is obtained, and the loss is calculated. In order to make the

difference between the actual score and the predicted value as small as possible, this

loss function should be minimized, which is further solved by applying gradient

descent in machine learning. In this way, a trained model can be obtained, and the

sparse matrix can be supplemented with predictions based on this model, thus

퐴 = ���, (2-10)

퐴 = ��, (2-11)

�Π = �� ≡ �
퐴� 퐵�
�� 퐶�

, (2-12)
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improving the problem that the matrix is too sparse to make accurate

recommendations.
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Chapter 3 Design Idea

Considering the respective advantages of CF and CB, using them together can

achieve better results. First, the dataset is organized into a knowledge graph, and then

the graph structure is extracted by further structuring according to the category of

each vertex. With the help of this structured graph, the huge matrix in the CF process

can be better decomposed to carry out further subsequent steps of CF.

Figure 3-1 General Flow of The Model

3.1 Data Collection

In order to get more accurate recommendation results, I first needed a real and

accurate movie dataset with a certain size, and after searching, a dataset named The

Movies Dataset is chosen from Kaggle website, which was uploaded by Rounak

Banik five years ago. In this dataset, there are six files which contain metadata for all

45,000 movies listed in the Full MovieLens Dataset. The dataset consists of movies

released on or before July 2017. Data points include cast, crew, plot keywords, budget,

revenue, posters, release dates, languages, production companies, countries, TMDB

vote counts and vote averages.

Also, it has files containing 26 million ratings from 270,000 users for all 45,000
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movies. Ratings are on a scale of 1-5 and have been obtained from the official

GroupLens website.

Due to the excessive information in this dataset, which most of them has little

relation to the user's personality recommendation, only part of the data from the three

files cresits.csv, movies_meatdata.csv and ratings.csv will be used in order to reduce

the time lost in processing the data.

Figure 3-2 Dataset from Kaggle

3.2 Generating knowledge graph

Due to the limited number of node types in the existing knowledge graph, they

are often unable to meet the specific requirements of this experiment. To address this
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issue, I decided to create a new knowledge graph by leveraging Neo4j and the dataset

mentioned above. This new knowledge graph will offer a more robust and detailed

understanding of the complex relationships between various entities and concepts in

the dataset. Additionally, it will enable us to take full advantage of the available data

and generate more nuanced insights and predictions.

To develop this knowledge graph, I will first select a few columns in the dataset

that can be used as the basis for the graph structure. Once imported, Neo4j's powerful

graph database tools will then be used to populate the graph with nodes, edges and

weights. This will involve identifying and extracting relevant data from the dataset

and structuring it to facilitate integration into the knowledge graph.

3.2.1 Introduction of Neo4j

Neo4j is an open-source graph database management system that has gained

immense popularity for its ability to efficiently store, manage, and query large

amounts of interconnected data. Its unique graph database model is specifically

designed to handle complex relationships between data points, outperforming

traditional relational databases in terms of natural and intuitive querying. With Neo4j,

users can easily analyze and traverse large and complex datasets with intricate

relationships, making it an ideal choice for diverse applications such as social

networks, e-commerce platforms, fraud detection, recommendation engines, and more.

The system supports several query languages, including the specialized Cypher query

language for graph queries, and multiple programming languages like Python, Java,

and JavaScript, making it incredibly flexible and effortless to integrate within existing

systems.

Its scalability is also a key feature, as it is built to handle massive amounts of

data and thousands of users simultaneously, making it particularly suitable for

complex enterprises and organizations that deal with big data. Additionally, Neo4j

offers various tools and plugins that facilitate integration with popular data
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management and analytics platforms, such as Hadoop, Spark, and Tableau.

In summary, Neo4j is a top choice for individuals and organizations that need to

handle interconnected and complex data sets due to its ability to model, store, and

query vast amounts of data with ease and efficiency.

3.2.2 Data Preprocessing

Before importing the data into the knowledge graph, it is necessary to

pre-process the data because of the large number of unwanted columns in the original

dataset. In addition, each column in the dataset may also contain redundant

information. Therefore, pre-processing of the dataset is crucial to ensure that only

relevant information is included in the knowledge graph.

The preprocessing phase involves several steps in order to transform the data

into a format suitable for importing into the knowledge graph. First, data cleaning is

performed to remove any irrelevant or duplicate data. This involves identifying any

missing values, outliers and inconsistencies and removing or replacing them as

appropriate. Second, perform data conversion to normalize the data and ensure that it

is recognized by Neo4j upon import. This may involve conversion of data types,

normalization of data separators, etc. Finally, feature engineering is performed to

extract useful features from the data set. This involves selecting relevant features,

assessing their importance, and creating new features that may be more informative.

So, the pre-processing phase is a key step in the knowledge graph creation

process, as it ensures that only relevant information is included, resulting in a more

effective and efficient knowledge graph.

In movies_meatdata.csv, the id, original_title, and genres columns are finally

reserved for getting the genres to which the movies belong and matching a unique id

to the movie and genre respectively for subsequent processing.
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Figure 3-3 Part of movies_meatdata.csv

There are a total of three columns in credits.csv, which are used to obtain the

corresponding cast information of each movie, making the content of the knowledge

graph richer and more comprehensive.

Figure 3-4 Part of credits.csv

Finally, there are altogether three columns in ratings.csv, which are used to get

the rating information of each user for different movies, and are used to get the user's

preferences for subsequent personalized recommendations.



Chapter 3 Design Idea

17

Figure 3-5 Part of ratings.csv

3.2.3 Data Importing

To create a comprehensive knowledge graph using this dataset, it is necessary

to import the various data categories into Neo4j. This step is crucial as it lays the

foundation for the subsequent stages of graph construction and analysis. By importing

each data category into the system, we can establish the connections and relationships

between the data points. Once the data is imported and organized, we can begin to

apply graph algorithms and queries to explore the graph and generate useful

visualizations. Overall, the process of importing the individual data categories into

Neo4j is a critical component of knowledge graph construction and serves as a

starting point for deriving insights from complex and interconnected datasets.

Before creating the various complex relationships, the nodes need to be first

imported, which will use the following code:

LOAD CSV WITH HEADERS FROM "file:///title.csv" AS line

MERGE (z:title{name:line.name})

Table 3-1 Import Movie Information
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Figure 3-6 Part of the Nodes of Movies

LOAD CSV WITH HEADERS FROM "file:///user.csv" AS line

MERGE (z:User{name:line.name})

Table 3-2 Import User Information

Figure 3-7 Part of the Nodes of Users

LOAD CSV WITH HEADERS FROM "file:///genre.csv" AS line

MERGE (z:Genre{name:line.name})

Table 3-3 Import Genre Information
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Figure 3-8 Part of the Nodes of Genres

LOAD CSV WITH HEADERS FROM "file:///cast.csv" AS line

MERGE (z:Cast{name:line.name})

Table 3-4 Import Cast Information

Figure 3-9 Part of the Nodes of Casts

The aforementioned pieces of code serve to import the requisite nodes, namely

movies, users, genres, and casts, into this graph database management system. Each
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of these nodes is represented by a distinct color in Neo4j, which facilitates easy

identification and visualization of their respective relationships within the knowledge

graph. To transform the disparate nodes into a cohesive graph, it is necessary to

establish connections between them through the creation of relationships that capture

their interdependencies. By doing so, the isolated data points are amalgamated into a

comprehensive knowledge graph that reveals the underlying structure of the dataset.

Thus, the relationship information in the dataset can be imported into the graph

by running the following code:

LOAD CSV WITH HEADERS FROM "file:///is.csv" AS line

MATCH (from:title{title:line.from}),(to:Genre{Genre:line.to})

MERGE (from)-[r:is{relation:row.relation}]->(to)

LOAD CSV WITH HEADERS FROM "file:///rated.csv" AS line

MATCH (from:User{User:line.from}),(to:title{title:line.to})

MERGE (from)-[r:rated{relation:row.relation}]->(to)

SET r.weight = toInteger(line.rate)

LOAD CSV WITH HEADERS FROM "file:///acted_in.csv" AS line

MATCH (from:Cast{Cast:line.from}),(to:title{title:line.to})

MERGE (from)-[r:acted_in{relation:row.relation}]->(to)

Table 3-5 Import the Relationships

The above code successfully interconnects the four nodes User, title, Genre and

Cast, where 'title' is 'Genre', 'Cast' acted in 'title', 'User' rated 'title'.
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Figure 3-10 Part of the Knowledge Graph

Note that since the relationship between User and Genre is a rating relationship,

it is important to add the corresponding weight for each edge after adding the

connected edges, so as to record the user's rating of the movie and facilitate the

subsequent calculation. Once imported, each node and relationship will be given a

unique id, which can be checked at any time in the properties window along with

other information imported before.
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Figure 3-11 Properties Window

Upon completing the data import process described above, a comprehensive

knowledge graph is generated, thereby establishing a platform for further analysis and

inquiry. By leveraging the advanced graph data model, which facilitates the

representation of complex interdependencies between entities, the generated

knowledge graphs allow to extract the desired data information for the next step of

analysis.

3.3 Graph Analytics

3.3.1 Data Export

To facilitate the processing of the data, the information in the knowledge graph

needs to be exported to a csv file first, and then further computed using Python. To

achieve this step, the following code needs to be run in Neo4j first:

CALL apoc.export.csv.all("export.csv", {})

Table 3-6 Export the Knowledge Graph

It can export all the information in the entire knowledge graph together to a

specified csv file as shown below:
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Figure 3-12 Part of Export.csv

In preparation for matrix factorization, a sparse matrix of user-movie ratings

must be generated from the existing graphs. First, it was necessary to export the

relationship between users and movies, movies and genres to two separate csv files by

Neo4j. The two files can then each be converted to matrix form by running the

following code:

import pandas as pd

data = pd.read_csv('./movie_rating.csv')

df = data.pivot(index='user', columns='movie', values='rate')

df = df.reset_index()

df.fillna(0, inplace=True)

outputpath = './movie.csv'

df.to_csv(outputpath, index=False, header=True)

Table 3-7 Generate the Rating Matrix
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Figure 3-13 Part of movie.csv

import pandas as pd

data = pd.read_csv('./movie_genre.csv')

df = data.pivot(index='movie', columns='genre', values='val')

df = df.reset_index()

df.fillna(0, inplace=True)

outputpath = './MovieGenre.csv'

df.to_csv(outputpath, index=False, header=True)

Table 3- 8 Generate the Adjacency Matrix

Figure 3-14 Part of MovieGenre.csv

3.3.2 Data Analysis and Updates

To construct the tripartite graph, the genre category is selected as an

intermediary between users and movies. However, at present, only the user ratings of
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movies and the concatenation of movies with genre information are available, and

these data require further processing to derive the ratings of each user for different

genres.

import re, json, os

from collections import OrderedDict

import json, csv

import difflib

class QueryNo4j:

def get_relation(self, filename_csv):

fw = open("rela-route.csv", "w", encoding="utf-8", newline='')

writer1 = csv.writer(fw)

fw2 = open("rela-new.csv", "w", encoding='utf-8', newline='')

writer = csv.writer(fw2)

hash_genre = {}

hash_Cast = {}

hash_rela_new = {}

hash_rela = {}

hash_rela_rating = {}

csv.field_size_limit(500 * 1024 * 1024)

f = open(filename_csv, "r", encoding='utf-8')

fr = csv.reader(_.replace('\x99', '') for _ in f)

header_list = []

all_num = 0

for item in fr:

all_num += 1

if all_num == 1:

header_list = item

continue

hash_data = OrderedDict(zip(header_list, item))

hash_data = json.loads(json.dumps(hash_data))

if hash_data["_labels"] == ":Genre":

hash_genre[hash_data["_id"]] = []

if hash_data["_labels"] == ":Cast":

hash_Cast[hash_data["_id"]] = []

if hash_data["_start"] != "":

if hash_data["_start"] in hash_Cast or hash_data["_end"] in

hash_Cast: continue

str_start = hash_data["_start"]

str_end = hash_data["_end"]
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if str_end not in hash_rela:

hash_rela[str_end] = []

hash_rela[str_end].append(str_start)

if hash_data["rating"] != "":

new_re = str(str_start) + "->" + str(str_end)

hash_rela_rating[new_re] = hash_data["rating"]

for item in hash_genre.keys():

if item in hash_rela:

for item1 in hash_rela[item]:

if item1 in hash_rela:

for item2 in hash_rela[item1]:

new_re = str(item2) + "->" + str(item)

if new_re not in hash_rela_new:

hash_rela_new[new_re] = [0, []]

user_title = str(item2) + "->" + str(item1)

hash_rela_new[new_re][0] += 1

if user_title in hash_rela_rating:

hash_rela_new[new_re][1].append(float(hash_rela_rat

ing[user_title]))

else:

print("=======" + new_re)

fw0.write(str(item2) + "->" + str(item1) + "->" + str(item)

+ "\n")

writer1.writerow([item2, item1, item])

for key, val in hash_rela_new.items():

arr = key.split("->")

rating = '%.2f' % (sum(val[1]) / val[0])

fw1.write(key + "<#>" + str(val[0]) + "<#>" + str(rating) + "\n")

arr.append(val[0])

arr.append(rating)

writer.writerow(arr)

if __name__ == '__main__':

_qN = QueryNo4j()

filename_csv = r"./export.csv"

_qN.get_relation(filename_csv)

exit()

Table 3-9 Finding Paths and Generating New Edges

By running this code, a new file can be obtained: rela-new.csv, which is used to
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store the queried user-to-genre paths and take the average value of user ratings for

movies in all paths as the weight of this new path. The file contains four columns in

total, namely user node id, genre node id, number of paths, and the new weight.

Figure 3-15 Part of rela-new.csv

With this new connectivity file, a new edge with weights between the user and

genre nodes can be created by importing into Neo4j, again using the Cypher

statement:

LOAD CSV FROM "file:///rela-new.csv" AS line

MATCH (n1:User) WHERE id(n1)=toInteger(line[0])

MATCH (n2:Genre) WHERE id(n2)=toInteger(line[1])

MERGE(n1)-[r:relaNew{rating:line[3]}]->(n2)

Table 3-10 Import the New Relationship

In this way, a more complete knowledge graph can be obtained, based on which

the Cast node and rated and acted_in relationships are deleted to obtain the tripartite

graph of User-Genre-Movie.

MATCH (x:Cast) - [r:acted_in] -> (y:title) DELETE r

MATCH (x:Cast) DELETE x

MATCH (x:User) - [r:rated] -> (y:title) DELETE r

Table 3-11 Delete the Useless Nodes
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After this operation, there are only two types of relationship information left in

the graph, respectively between the user and genre and between genre and the movie.

Figure 3-16 Part of the Relationship Between Users and Genres

Figure 3-17 Part of the Relationship Between Movies and Genres

In order to make the graph more standardized, the previously imported relaNew

relationship needs to be renamed to rated, and then the terminally required tripartite



Chapter 3 Design Idea

29

graph is generated.

MATCH(n)-[r:relaNew]->(m) CREATE(n)-[r2:rated]->(m)

SET r2=r WITH r

DELETE r

Table 3-12 Rename the Relationship

Figure 3-18 Part of the Final Version of the Tripartite Graph
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CHAPTER 4 Lab Result

In this section, all my algorithms and code are based on python 3.10 and my

development environment is macOS. the IDE I use is PyCharm.

4.1 SVD++ Factorization

Since the Genre node is chosen as the intermediary between users and movies

when generating the tripartite graph, the traditional matrix factorization is not very

applicable here, so I choose the SVD++ factorization based on SVD factorization, in

which the relationship between User and Genre is used as the implicit vector for

matrix factorization and prediction during the process of factorization through

operations.

The factorization process of SVD++ is basically the same as that of SVD, the

biggest difference is that the implicit vector is taken into account together in the final

prediction function to generate a more personalized recommendation result.

In the Equation (4-1), � is the global average rating, �� is the user bias,

which is set to 0 here, and �� is the item bias. �� is the item vector, �� is the

user's vector, �� is the set of objects that user � has rated, ��
−12 is a

normalization factor to ensure that more weight is assigned to the implicit feedback

when there are more user rating behaviors, and �� is the vector of objects

corresponding to the implicit feedback.[8]

And here is the code to achieve this process:

ꍚ ��� = � + �� + �� + ��
� ∙ �� + ��

−12
�∈��

��� (4-1)
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import numpy as np

from scipy.sparse.linalg import svds

import pandas as pd

import time

start = time.perf_counter()

R = pd.read_csv('movie.csv').to_numpy()

X = pd.read_csv('UserGenreR.csv').to_numpy()

num_users, num_items = R.shape

num_factors = 20

lambda_value = 0.1

global_mean = np.mean(R[np.where(R != 0)])

U, S, Vt = svds(R - global_mean, k=num_factors)

S = np.diag(S)

user_bias = np.zeros(num_users)

item_means = np.nanmean(np.where(R != 0, R, np.nan), axis=0)

item_bias = item_means - global_mean

num_rated = np.zeros(num_users)

num_rated = num_rated.astype(int)

movie_genre = pd.read_csv('MovieGenres.csv', index_col=0).to_nump

y()

y = np.zeros((0, num_factors))

for i in range(num_users-1):

for j in range(num_items-1):

if R[i, j] != 0:

new_row = X[i, :] * movie_genre[j, :]

y = np.vstack([y, new_row])

num_rated[i] += 1

P = np.dot(U, np.sqrt(S))

Q = np.dot(np.sqrt(S), Vt)

num_iterations = 100

learning_rate = 0.01

for i in range(num_iterations):
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for u in range(num_users):

for j in range(num_items):

if R[u, j] > 0:

err = R[u, j] - global_mean - user_bias[u] - item_bias[j] -

np.dot(P[u, :], Q[:, j])

P[u, :] += learning_rate * (err * Q[:, j] - lambda_value * P[u, :])

Q[:, j] += learning_rate * (err * P[u, :] - lambda_value * Q[:,

j])

R_pred = np.zeros((num_users, num_items))

y_j = np.zeros(num_factors)

y_j = np.sum(y, axis=0) / (500 * np.sqrt(num_items))

for i in range(num_users-1):

for j in range(num_items-1):

R_pred[i, j] = global_mean + user_bias[i] + item_bias[j] +

np.dot(Q[:, j], P[i, :] + y_j)

print(R_pred)

end = time.perf_counter()

print('time cost: ', end - start)

np.savetxt('predictions.csv', R_pred, delimiter=',', fmt='%.5f')

Table 4-1 SVD++ Code

Herewith, in order to reduce the wasted time in the operation process, the two

matrixes are manually reduced in size before the factorization, and only 7000 users'

rating information and 5086 movies' classification information are retained, and the

number of genres is not reduced here as only 20 kinds are listed.

In addition, since the genres was set as an implicit factor in this experiment, and

the user's rating of genre was used as implicit preference information, it was found by

calculation that the |��|
−12 was too large to get the correct prediction information,

so the normalization factor |��|
−12 was adjusted to 1

500×|��|
in the prediction

function to get a closer prediction value.

And the predicted results are shown below:
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Figure 4-2 The Predicted Matrix

4.2 Basic Matrix Factorization

To verify whether the present model is more efficient, I factorized and predicted

the user's rating matrix of the movie again using the basic matrix factorization method

and compared the results.

from math import pow

import numpy as np

import pandas as pd

import time

start = time.perf_counter()

def MF(R, P, Q, K, steps=5000, alpha=0.0002, beta=0.02):

n, m = R.shape

result = []

for step in range(steps):

for i in range(n):

for j in range(m):

eij = R[i][j] - np.dot(P[i, :], Q[:, j])

for k in range(K):

if R[i][j] != 0:

P[i][k] += alpha * (2 * eij * Q[k][j] - beta * P[i][k])

Q[k][j] += alpha * (2 * eij * P[i][k] - beta * Q[k][j])

eR = np.dot(P, Q)

e = 0
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for i in range(n):

for j in range(m):

if R[i][j] != 0:

e += pow(R[i][j] - np.dot(P[i, :], Q[:, j]), 2)

for k in range(K):

e += (beta / 2) * (pow(P[i][k], 2) + pow(Q[k][j], 2))

result.append(e)

if e < 0.001:

break

return P, Q, result

if __name__ == "__main__":

R = pd.read_csv('movie.csv').to_numpy()

N, M = R.shape

K = 3

P = np.random.rand(N, K)

Q = np.random.rand(K, M)

nP, nQ, result = MF(R, P, Q, K)

print(R)

R_MF = np.dot(nP, nQ)

print(R_MF)

end = time.perf_counter()

print('time cost', end - start)

np.savetxt('predictions2.csv', R_MF, delimiter=',', fmt='%.5f')

Table 4-2 Basic MF Code

4.3 Comparison of the Two Methods

Since the original rating matrix is too sparse, and no suitable effective method

for factorizing sparse matrix has been cited in this model, which only focuses on the

optimization effect of implicit factors on matrix factorization, the accuracy

optimization level of the prediction matrix is not compared here yet.

As for the timing optimization, the time.perf_counter() function added in the

code is used to calculate the time required for the whole program to run and to
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determine whether the prediction speed after applying the new model is faster than

that using the basic matrix factorization method.

After testing, the SVD++ code in Table 4-1 takes 1543.8s to run, while the MF

code in Table 4-2 takes over 4 hours to run, although it has been further reduced in

size to a matrix of 6249 times 3055. It can be clearly seen that the prediction time is

greatly reduced in the application of the new model containing implicit factors.



Chapter 5 Conclusion and Future Work

36

Chapter 5 Conclusion and Future Work

5.1 Conclusion

The research in this paper aims to address the challenges in personalized

recommendation systems, such as large amount of data and high computational

complexity. By combining knowledge graph and matrix factorization, and modeling

with tripartite graphs and implicit factors, it successfully reduces the computational

complexity. Overall, the personalized movie recommendation system proposed in this

paper has wide application prospects and can provide users with more personalized

and satisfactory recommendation services.

5.2 Future Work

Although the research in this paper has achieved some results, there are still

many shortcomings that need to continue to be studied in depth, so future research

directions include but are not limited to the following:

First, since a suitable method for factorizing the sparse matrix has not yet been

introduced in this paper, resulting in the lack of a multifaceted evaluation of the

degree of optimization of this model based on detailed data, I believe that a method

for factorizing the sparse matrix needs to be found and added to the SVD++

factorization in order to achieve optimization of its prediction accuracy before other

further studies can be conducted.

Besides, we can consider introducing technologies from other fields into

personalized recommendation systems, such as natural language processing and

sentiment analysis, to provide more reference values to better analyze user needs and

sentiment preferences, so as to improve recommendation quality and user experience

and make recommendations more humanized.
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