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Abstract—This paper explores the implementation and 

significance of Singular Value Decomposition (SVD) in 

Netflix's recommendation system, focusing on its evolution 

from basic SVD to advanced variants like Funk-SVD and 

SVD++. The study examines how these algorithms address 

the challenges of data sparsity and personalization in large-

scale entertainment platforms. Through detailed analysis of 

the Netflix Prize dataset, we demonstrate the practical 

implementation of SVD-based recommendation systems, 

including data preprocessing, model training, and 

evaluation. The research shows how SVD++ enhances 

recommendation accuracy by incorporating both explicit 

and implicit user feedback, leading to more personalized 

content suggestions. Our implementation results, measured 

through RMSE and MAE metrics, indicate significant 

improvements in prediction accuracy when compared to 

traditional recommendation approaches. The findings 

highlight how SVD-based techniques effectively handle the 

complexity of user-item interactions in modern streaming 

platforms, contributing to an enhanced user experience 

through more relevant content recommendations. 
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I.   INTRODUCTION 

Amid the rapid wave of digitalization, 

recommendation systems have emerged as one of the 

most significant innovations in delivering personalized 

experiences to users. In the entertainment industry, 

particularly on movie platforms like Netflix, the biggest 

challenge is not just providing users with movies but 

rather presenting truly relevant choices from an almost 

infinite array of options. These recommendation systems 

help users discover engaging content and strengthen 

their loyalty to platforms like Netflix. For instance, when 

users log into a platform and are presented with 

intriguing suggestions, their curiosity often compels them 

to watch. As a result, recommendation systems not only 

provide more relevant content but also create an 

addictive experience that keeps users returning. 

Behind the scenes, advanced algorithms act as 

"invisible guides" that uncover unique patterns in user 

behavior. One of the most powerful approaches utilized is 

Singular Value Decomposition (SVD), a matrix 

decomposition technique that maps potential 

relationships between users and content. By breaking 

down user-item matrices into smaller-dimensional 

components, SVD reveals hidden arrangements and 

unique properties of the content. The result is 

recommendations that are not only precise but also feel 

highly personalized for everyone. 

The key strength of SVD lies in its ability to tackle the 

challenge of data sparsity, where most of the input data 

consists of empty or missing values. For a large-scale 

platform like Netflix, which has billions of users and 

trillions of interactions, sparse data poses a significant 

hurdle. By leveraging its capabilities, SVD can fill these 

gaps with accurate predictions and derive meaningful 

insights into user preferences, even with limited data. 

Netflix, one of the leading companies in the digital 

entertainment industry, heavily relies on 

recommendation systems to deliver an intuitive and 

enjoyable user experience. A primary application of SVD 

on Netflix is on the homepage, where users are presented 

with a curated list of movies that seem "tailored just for 

them." The algorithm integrates various variables, such 

as watch history, interaction patterns, and implicit 

preferences, to craft recommendations that capture the 

user's attention right from the start. 

This paper aims to delve deeper into how SVD serves 

as a cornerstone of Netflix’s recommendation system. 

From its mathematical foundations to practical 

implementation, the discussion will provide insights into 

how this algorithm enhances content relevance and 

revolutionizes the way we experience entertainment in 

the digital era. 

 

II.  BASIC THEORY 

A. Recommendation Systems 

A recommendation system is an information filtering 

technology designed to help users discover relevant items 

based on their preferences. These items can include 

movies, songs, videos, or other products. 

Recommendation systems play a crucial role in various 

digital platforms such as e-commerce, streaming 

services, social media, and other applications that 

emphasize personalized experiences. The system 
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analyzes user data, such as browsing history, viewing 

history, interactions, or positively rated movies, to 

identify patterns and trends that provide relevant 

recommendations to users. Examples of recommendation 

system applications include: 

1. E-commerce platforms like Amazon: 

recommending items based on browsing and 

purchase history. 

2. Music streaming services like Spotify: suggesting 

songs or artists based on listening history. 

3. Podcast streaming providers such as Netflix 

recommend movies and TV series based on your 

watching history. 

Recommendation systems can be classified into several 

types, each with its approach to suggesting content. One 

of the most widely used methods is Collaborative 

Filtering, which recommends items based on evaluating 

user interactions and finding similarities between users 

(user-based) or items (item-based). In the context of 

movies, if two users enjoy the same film, the system can 

recommend movies liked by one user to the other. 

1. User-Based Collaborative Filtering: This method 

recommends movies based on the similarity 

between users. For example, if two users often 

watch action movies, a movie watched by one user 

can be recommended to the other. 

2. Item-Based Collaborative Filtering: This method 

recommends movies based on the similarity 

between items. For instance, if a user watches a 

movie about a superhero, the system may 

recommend other superhero movies or movies in a 

similar genre. 

Another common method is Content-Based Filtering, 

which recommends items based on the attributes or 

characteristics of content that the user has liked before. 

For example, if a user enjoys action movies, the system 

will suggest more action films based on similar genres or 

keywords. 

Hybrid Systems combine both Collaborative Filtering 

and Content-Based Filtering to generate more accurate 

and diverse recommendations. For example, Netflix uses 

both viewing data (collaborative) and movie features like 

genre and actors (content-based) to suggest movies. 

 

Image 1. Recommender Systems 

(source: writer’s archive) 

Collaborative filtering: content is selected based on user’s 

historical feedback. 

Content filtering: content is selected based on some 

similarity metrics with A. 

In movie recommendations, deep learning models are 

increasingly applied to understand complex data such as 

movie metadata, user behavior, and visual/audio 

elements in the movies. Some commonly used deep 

learning models for this purpose include: 

1. Autoencoders: These models compress user 

preferences into a latent space and reconstruct 

recommendations based on discovered patterns. 

2. Convolutional Neural Networks (CNN): CNNs 

analyze visual content, such as movie posters and 

scenes, to determine the relevance or popularity of 

a movie. 

3. Recurrent Neural Networks (RNN): These 

networks utilize users' viewing history to provide 

recommendations based on temporal patterns, 

such as preferences for specific genres over time. 

4. Attention Mechanisms: These mechanisms 

identify important elements within movies, such 

as specific actors or themes, to offer more precise 

recommendations. 

Recommendation systems play a crucial role in 

enhancing the movie viewing experience in multiple 

ways: 

1. Faster Decision Making: Users no longer need 

to manually search for movies, saving time in 

finding relevant content. 

2. Personalization: Recommendations are more 

tailored to user interests, providing a 

personalized movie-watching experience. 

3. Increased Engagement: By suggesting movies 

that align with users’ preferences, 

recommendation systems encourage users to 

watch more content, increasing the time spent 

on the platform. 

 

B. Matrix Factorization in Recommendation Systems 

Matrix factorization (MF) is a foundational approach 

in recommendation systems, especially those based on 

collaborative filtering. This technique deconstructs large, 

sparse user-item interaction matrices into smaller, dense 

ones, uncovering latent features that govern user 

preferences and item characteristics. These latent 

features capture hidden patterns in the data, enabling 

systems to predict user preferences for items they have 

not yet interacted with. 

At its core, matrix factorization breaks down the 

interaction matrix into two smaller matrices: one 

representing user preferences and the other representing 

item attributes. These smaller matrices, when multiplied 

together, approximate the original matrix and fill in 

missing interactions. For example, if Person 1 and 

Person 2 enjoy movies B and C while Person 3 only likes 

movie B, matrix factorization can infer that users who 

like movie B often enjoy movie C, making C a 

recommended option for Person 3. 
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User 
Items 

A B C 

1 8 

10 

9 

2   10 9 

3   9 ? 

Image 2. User’s Ratings Table on Items 

(source: writer’s archive) 

Matrix factorization’s ability to reveal underlying 

relationships makes it particularly effective for 

personalization. It is widely applied across various 

domains, such as: 

1. Movie Recommendations: Identifying films that 

align with a user’s tastes based on shared 

preferences with others. 

2. E-commerce: Tailoring product suggestions to 

individual customers based on their browsing and 

purchase history. 

3. Streaming Platforms: Recommending music or 

movies by analyzing patterns in user behavior. 

One of the key advantages of matrix factorization is its 

capacity to handle large, sparse datasets, a common 

feature of real-world recommendation systems. By 

extracting latent features, it provides accurate and 

scalable solutions to personalization challenges, 

enhancing user experiences across diverse applications. 

 

C. Singular Value Decomposition (SVD) in 

Recommendation Systems 

Singular Value Decomposition (SVD) is a matrix 

factorization technique used to decompose large matrices 

into smaller, more manageable components. It is a 

mathematical method that allows breaking down a 

matrix into its core components—singular values and 

vectors—which can then be used to make predictions 

about the original matrix. In the context of 

recommendation systems, SVD is applied to analyze 

large and sparse user-item interaction matrices, where 

each row represents a user, each column represents an 

item, and the cells contain ratings or interactions 

between users and items. 

 
Image 3. SVD in Recommendation System 

(https://medium.com/@ritik_gupta/how-singular-value-

decomposition-svd-is-used-in-recommendation-

systems-clearly-explained-201b24e175db) 

A user-item interaction matrix, such as the one used in 

movie recommendation systems like Netflix, represents 

how much each user likes or interacts with an item (e.g., 

a movie). Most entries in this matrix are typically empty 

because users only rate or interact with a small fraction 

of the available items. By applying SVD, this large 

matrix is decomposed into three smaller matrices: one 

representing user preferences, another representing item 

attributes, and a diagonal matrix containing singular 

values that represent the strength of these latent factors. 

Mathematically, SVD decomposes the matrix A (user-

item matrix) into three components: 

 
Where: 

 A is the matrix (m x n matrix) 

 U is the matrix of latent factors for users (m x m 

matrix),  

 ∑ is a diagonal matrix containing the singular 

values, which represent the strength of the latent 

factors (m x n matrix), 

  is the matrix of latent factors for items (n x n 

matrix). 

 

Image 4. Decomposition SVD 

(https://informatika.stei.itb.ac.id/~rinaldi.munir/Aljabar

Geometri/2023-2024/Algeo-21-Singular-value-

decomposition-Bagian1-2023.pdf) 

The latent representations of users and items in U and 

V can then be used to make recommendations in various 

ways: 

1. Finding Similar Users or Items: Similarity 

between latent representations in U or V can 

identify users with similar preferences or items 

with shared characteristics. 

2. Predicting Ratings: To predict how a user would 

rate an unseen item, we can take the dot product 

of the user’s latent representation in U with the 

item’s latent representation in V. 

SVD is also particularly effective at handling missing 

data, a common challenge in recommendation systems. 

By leveraging the latent representations, SVD can fill in 

missing ratings and enable more accurate predictions. 

Additionally, its ability to reduce dimensionality makes it 

an ideal choice for large-scale recommendation systems. 

 

D. Funk-SVD: The Foundation of Matrix Factorization 

https://medium.com/@ritik_gupta/how-singular-value-decomposition-svd-is-used-in-recommendation-systems-clearly-explained-201b24e175db
https://medium.com/@ritik_gupta/how-singular-value-decomposition-svd-is-used-in-recommendation-systems-clearly-explained-201b24e175db
https://medium.com/@ritik_gupta/how-singular-value-decomposition-svd-is-used-in-recommendation-systems-clearly-explained-201b24e175db
https://informatika.stei.itb.ac.id/~rinaldi.munir/AljabarGeometri/2023-2024/Algeo-21-Singular-value-decomposition-Bagian1-2023.pdf
https://informatika.stei.itb.ac.id/~rinaldi.munir/AljabarGeometri/2023-2024/Algeo-21-Singular-value-decomposition-Bagian1-2023.pdf
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Funk-SVD is a modified version of the Singular Value 

Decomposition (SVD) technique, specifically adapted for 

recommendation systems. Unlike traditional SVD, which 

decomposes a matrix into three components, Funk-SVD 

directly optimizes the user U and item V matrices 

without explicitly constructing the diagonal matrix Σ. It 

employs a gradient descent method to minimize an 

objective function that includes a regularization term, 

which helps to prevent overfitting by penalizing large 

values in the latent factors.   

Estimated rating matrix:  

 

Objective function: 

 

The Funk-SVD process starts with a minimal number 

of latent factors and incrementally increases them until 

the optimal error value is achieved. To find the optimal 

U and V, the Alternating Least Squares (ALS) procedure 

is used. This involves alternating between solving for 

user and item factors while keeping the other fixed, 

iteratively refining the factors until convergence. Once 

trained, the U and V matrices can predict missing ratings 

and generate recommendations by capturing the latent 

patterns in user preferences and item attributes.   

Funk-SVD laid the groundwork for further 

advancements, including SVD++, which extended the 

method to incorporate implicit feedback and bias terms. 

While Funk-SVD is highly effective for explicit rating 

datasets, it also served as a stepping stone for more 

sophisticated models in recommendation systems. 

 

E. SVD++: Enhanced Singular Value Decomposition 

Building on the foundation of Funk-SVD, SVD++ 

introduces improvements specifically designed to 

enhance collaborative filtering (CF) recommendation 

systems. While Funk-SVD focuses primarily on explicit 

user ratings, SVD++ incorporates implicit feedback, such 

as whether a user interacted with an item without 

providing a rating. This inclusion of implicit interactions 

helps to better address the challenges of sparse datasets, 

which are common in recommendation systems. 

SVD++ retains the core principles of Funk-SVD while 

adding terms to account for implicit interactions and bias 

adjustments for both users and items. By analyzing both 

explicit and implicit feedback, SVD++ significantly 

improves the accuracy of recommendations, making it 

particularly effective in scenarios where user-item 

interaction data is incomplete or limited. 

In recommendation systems, the user-item rating 

matrix  , where  denotes the rating user i gives to 

item j, is often highly sparse. 

Image 5.  Scoring Matrix 

(source: writer’s archive) 

The rows in the matrix correspond to individual users, 

while the columns represent different items. This creates 

a user-item matrix that is typically highly sparse, 

meaning that only a small portion of the total entries 

have known ratings, which reflects real-world scenarios. 

The scoring matrix U can be represented as the product 

of two smaller matrix. 

 

SVD decomposes R into two matrices  (user factors) 

and   (item factors), such that: 

 

Here, k represents the number of latent factors. The dot 

product of the user and item factor vectors,  and , 

predicts the rating  as: 

 

 

To minimize the prediction error, SVD optimizes P and 

Q by minimizing the squared error between actual and 

predicted ratings. Regularization terms are added to 

prevent overfitting, yielding the Regularized SVD 

(RSVD) model: 

 

To address the overfitting problem in SVD (Singular 

Value Decomposition), regularization techniques are 

commonly used. One of the methods is Regularized SVD 
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(RSVD), which adds a regularization term to the basic 

SVD formulation to control the complexity of the model 

and reduce overfitting. The formulation of RSVD is as 

follows: 

 

Where: 

  is the observed rating of user u for item i, 

  and  are the latent factors for users and 

items, 

 λ is the regularization parameter that helps 

prevent overfitting. 

To further improve the performance of RSVD, the 

algorithm is extended to SVD++ by incorporating 

implicit feedback, such as user interaction history or item 

click history. This additional information can enhance 

the model by providing more context for 

recommendations. The prediction of rating  in SVD++ 

is calculated as: 

 

Where: 

 μ is the global average, 

  and  are the offsets for item i and user u, 

  and  are the latent factors for item i and 

user u, 

 N(u) is the set of items that user uuu has 

interacted with, 

  is the implicit feedback for item j. 

The offsets  and   are computed as: 

 

Where R(i) and R(u) represent the sets of users who rated 

item i and the set of items rated by user u, respectively. 

The goal is to minimize the Mean Squared Error 

(MSE) loss: 

 

To prevent overfitting, an L2 regularization term is 

added to the objective function: 

 

 

To solve this objective, two main optimization 

methods are commonly used: iterative least squares and 

gradient descent. Gradient descent is typically preferred 

for large datasets due to its efficiency. The update rule for 

gradient descent is as follows: 

 
Where α is the learning rate, and the update for each 

parameter is: 

  
  

  

  

  

  

 

F. Implementing SVD++ in Netflix 

SVD++ is an enhancement to the standard SVD 

technique that addresses its limitations by incorporating 

implicit data, such as whether a user interacted with an 

item, even without explicitly rating it. In SVD++, this 

implicit data is incorporated by extending the 

representation of both users and items. The model 

considers that user interactions with items (whether rated 

or not) provide additional insights into user preferences. 

On Netflix, SVD++ has been used to improve the 

quality of its recommendation system, especially during 

the Netflix Prize competition, which aimed to enhance 

the accuracy of predicting movie ratings on the platform. 

SVD++ addresses the problem of data sparsity by 

incorporating implicit feedback, such as whether a user 

watched a movie or gave a positive rating, which was 

previously not considered in traditional SVD models. In 

SVD++, the model considers two key components: the 

latent factors of users and items, as well as the 

contribution from implicit interactions that were not 

accounted for in the standard SVD model. 

More specifically, SVD++ adds a user-related factor 

based on the items they have seen, even if they have not 

explicitly rated them. This provides a significant 

advantage by reducing bias towards items with fewer 

ratings, which often happens with new or less popular 

items. In the context of Netflix, SVD++ helps generate 

more accurate recommendations by utilizing all available 

data, including implicit data. 

The process of SVD++ on Netflix begins by 

identifying both explicit and implicit interactions, and 

then combining them into a user-item matrix. Machine 

learning algorithms are then used to optimize two main 

matrices—the user and item matrices—by minimizing 

prediction errors in the recommendations. This process is 

iterative, refining the model with each cycle until the 

predicted ratings closely match the actual ratings given 

by users. 

The use of SVD++ in the Netflix Prize gave Netflix a 

significant edge by improving recommendation accuracy, 

directly impacting user experience. By combining 

explicit and implicit data, Netflix can provide 

recommendations that are more personalized and 

relevant based on more information about user behavior. 

As a result, while Netflix now employs many advanced 
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techniques, SVD++ remains a key component in 

delivering a highly tailored viewing experience for each 

user. 

Recommendation systems that use SVD++ can provide 

more accurate suggestions by considering both types of 

data—explicit (direct ratings) and implicit (interactions 

such as watching or clicking). This makes SVD++ 

especially effective in handling sparse interaction 

matrices, a common challenge for large platforms like 

Netflix. 

 

III.   IMPLEMENTATION 

A. Netflix Competition Data 

To build a recommender system, we utilize the Netflix 

competition dataset. This dataset includes a movie 

catalog (movie_titles.csv) and user ratings spread across 

four files (combined_data_x.txt). 

1. Data Description and Preprocessing 

1. Movie Catalog 

The movie catalog is stored in the 

movie_titles.csv file, containing details such as 

movie ID, release year, and movie title. The file is 

loaded into a DataFrame, and the Movie_Id 

column is set as the index for easier reference. 

The image shows how the movie data is loaded 

and indexed. 

 

Image 6. Load Movie Catalog 

(source: writer’s archive) 

2. User Ratings 

The user ratings are divided into four files. 

Ratings are loaded, cleaned, and combined into a 

single DataFrame. Rows containing  

 

Image 7. Load User Ratings 

(source: writer’s archive) 

3. Movie ID Assignment 

Each rating is associated with its corresponding 

movie ID by processing the ratings data and 

identifying boundaries where movie IDs change. 

This results in a clean DataFrame that contains 

movie IDs and corresponding user ratings. The 

image demonstrates how movie IDs are assigned 

and the data is cleaned. 

 

Image 8. Assign movie IDs and clean data  

(source: writer’s archive) 

2. Data Sampling 

To optimize performance, especially for large 

datasets, a stratified sample of the ratings data is taken 

to maintain the relative proportions of high and low-

rated movies and customers. This step is essential for 

ensuring that the sample represents the full dataset 

well, without overwhelming computational resources. 

The image shows how the data is sampled to maintain 

proportionality. 
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Image 9. Data Sampling 

(source: writer’s archive) 

 

Image 10. Load and Process Data 

(source: writer’s archive) 

B. Building The Recommendation System 

The recommender system is constructed using the 

surprise library. We leverage the Singular Value 

Decomposition (SVD) model, which is efficient for 

explicit feedback scenarios like movie ratings. 

1. Model Training and Validation 

The dataset is converted into a surprise.Dataset 

object, which is then used for training. To identify 

optimal hyperparameters, we conduct a 5-fold cross-

validation. 

 

Image 11. Model Training and Validation 

(source: writer’s archive) 

2. Final Model Training 

After cross-validation, the final SVD model is 

trained on the entire dataset to maximize its prediction 

accuracy. This is the final step in model training, 

where the entire dataset is used to fit the model and 

fine-tune its parameters. The image demonstrates the 

final model training. 

 

Image 12. Final Model Training 

(source: writer’s archive) 

 

Image 13. Train SVD Model 

(source: writer’s archive) 

C. Generating Recommendations 

To generate movie recommendations for a user, 

the model predicts ratings for movies that the user has 

not yet rated. These predictions are then sorted in 

descending order to present the top recommendations. 

The image illustrates how recommendations are 

generated by predicting ratings for unrated movies. 



Makalah IF2123 Aljabar Linier dan Geometri – Teknik Informatika ITB –Semester I Tahun 2024/2025 

 

 

Image 14. Generating Recommendations 

(source: writer’s archive) 

D. Visualization of RMSE and MAE Performance 

During Cross-Validation 

RMSE (Root Mean Square Error) is used to evaluate 

the accuracy of the recommender system by measuring 

the average difference between predicted ratings and 

actual ratings. Cross-validation is used to assess how well 

the model generalizes to unseen data. The image shows 

how the RMSE and MAE performance is visualized 

during cross-validation to monitor the model's 

consistency. 

 

Image 15. RMSE and MAE Performance Visualization 

(source: writer’s archive) 

E. Saving Recommendations to a CSV File 

Once recommendations are generated, they can be 

saved to a CSV file for further analysis or reporting. This 

functionality is important for integrating the 

recommendation system into larger systems or generating 

reports. The image shows how the recommendations are 

saved to a CSV file. 

 

Image 16. Saving Recommendations to CSV 

(source: writer’s archive) 

F. Usage: Model Training, Evaluation, and 

Recommendations 

Below is the main script that puts all the functions 

together. This includes loading the data, training the 

model, visualizing the RMSE performance, generating 

recommendations, and saving them to a CSV file. 

 

Image 17. Usage 

(source: writer’s archive) 

 

Image 18. Chart RMSE and MAE Performance 

(source: writer’s archive) 

 

Image 19. Final Result 1 

(source: writer’s archive) 
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Image 20. Final Result 2 

(source: writer’s archive) 

 

Image 21. Recommendation For User 1462327 

(source: writer’s archive) 

 

Image 22. Recommendation For User 1765963 

(source: writer’s archive) 

IV.   CONCLUSION 

The implementation and analysis of SVD-based 

recommendation systems in Netflix's platform 

demonstrate several key findings. First, the evolution 

from traditional SVD to SVD++ has significantly 

improved the ability to handle sparse data and 

incorporate implicit feedback, addressing fundamental 

challenges in large-scale recommendation systems. 

Integrating explicit ratings and implicit user interactions 

has proven crucial in generating more accurate and 

personalized recommendations. 

Our experimental results with the Netflix Prize dataset 

validate the effectiveness of SVD++ in practical 

applications. The implementation showed consistent 

performance across different user segments, as evidenced 

by the RMSE and MAE metrics visualized in our 

analysis. The stratified sampling approach maintained 

the data's representativeness while making the 

computational process more manageable. 

The study also highlights the importance of proper 

data preprocessing and model optimization in building 

effective recommendation systems. The cross-validation 

results demonstrate the model's stability and reliability in 

predicting user preferences. In contrast, the final 

recommendations generated for specific users (such as 

users 1462327 and 1765963) show practical applicability 

in real-world scenarios. 

Furthermore, the success of SVD-based approaches in 

Netflix's recommendation system underscores the broader 

potential of matrix factorization techniques in solving 

complex personalization challenges across various digital 

platforms. The methodology presented in this paper, 

from data handling to model implementation and 

evaluation, provides a framework that can be adapted for 

similar applications in other domains requiring 

personalized content delivery. 

Future research directions could explore the 

integration of additional contextual factors, the impact of 

temporal dynamics on user preferences, and the potential 

of hybrid approaches combining SVD++ with other 

advanced machine learning techniques to further 

enhance recommendation accuracy and user experience. 

 

V.   APPENDIX 

 Github Repository for this paper:  

https://github.com/varel183/Behind-Netflix-s-

Recommendations-The-Influence-of-Singular-

Value-Decomposition--SVD- 

 YouTube video: 

https://youtu.be/c6PH7cX6ouY  
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