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Рисунок В.1 – Сертифікат участі у XІ міжнародній науково-практичній 

конференції «Science And Technology: Challenges, Prospects And Innovations», 19-
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Abstract. The object of the research is recommender systems that take into account 

long-term user satisfaction in modern content personalisation platforms. The research and 

design methods are the use of collaborative filtering, matrix factorisation, the use of 

contextual bandits and machine learning. An approach for using proxy rewards has also 

been developed, which allows taking into account both short-term and long-term user 

satisfaction. 

Keywords: Collaborative filtering, content-based filtering, contextual bandit, 
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Recommender systems play a crucial role in modern digital platforms, providing 

personalised user experiences. Their key feature is the ability to process large amounts of 

data and generate recommendations that match user preferences. However, with the 

development of information systems, user demand and industry requirements pose new 

challenges to recommender systems.  

Many popular services, such as social networks Tiktok, Instagram, etc., work with 

short-term user interactions and prioritise their short-term retention. At the same time, the 

problem of some large platforms is that long-term user retention is more difficult to 

achieve. This reflects one of the specifics of recommendation platforms, which is the need 

to take into account individual user preferences not only in real time, but also in the long 

term. 

This study examines two globally popular systems: the streaming service Netflix 

and the music service Spotify, which are examples of successful and well-known 

recommendation systems. 

Netflix accounts for 80% of streaming time through its recommendation system. 

They also claim to improve the user experience to retain customers [1]. 

And Spotify and its Made for You recommendations, according to the recently 

released Made to be Found report, have led to the discovery of over a third of all new 

artists. Both platforms aim to entertain the world, consistently deliver a positive user 
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experience, and, most importantly for our purposes in this study, create long-term 

enjoyment [2] [3]. 

As Spotify’s own scientists, developers, and researchers point out, traditionally most 

recommendation systems have been trained to optimise for short-term feedback (clicks, 

likes, session duration, etc.) [3]. And Netflix research has shown that optimising 

recommendation systems for long-term outcomes is a more challenging task than 

optimising for short-term outcomes [4]. 

Short-term optimisation works with feedback that can be obtained almost 

immediately when a user directly interacts with a recommended item.  

Data for long-term optimisation is more difficult to track because it: 

– is typically less dense: there is much less data on long-term user actions (e.g., 

whether a user returned a month after interacting with a recommended item) than there is 

on short-term actions; 

– has a higher level of noise: may contain more random factors that are not directly 

related to the recommendation itself. For example, user satisfaction may depend not only 

on the quality of the item, but also on their mood, circumstances, or external factors that 

are difficult or even impossible to take into account; 

– has weaker connections to specific recommendations: long-term results (e.g., 

satisfaction with a watched movie weeks or months later) are more difficult to directly 

associate with specific recommendations that were provided in the past. 

However, the customer must be satisfied, because participant satisfaction is closely 

related to the likelihood that the user will stay on the platform, renew their monthly 

subscription, which directly affects the company’s revenue. Therefore, optimising the 

recommendation system to maximise customer satisfaction and increase customer 

retention is a critical issue [5]. 

Based on the analysis of Netflix and Spotify solutions, it was determined that 

contextual bandit methods can be applied, where each interaction with the user is treated 

as a separate context, and recommendations are adapted according to the feedback 

received. This communication can be immediate (skipping, playing, rating "dislike" or 

adding items to a playlist) or delayed (ending a show or renewing a subscription).  
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During this research, the obtained knowledge was practically applied to create a 

recommendation system that uses proxy rewards to evaluate short-term interactions and 

simulate long-term satisfaction, testing how the chosen approach affects the quality of 

recommendations in the long term. 

The project will be implemented in several stages: development of initial 

recommendations (implementation of a content-based recommendation algorithm, when 

the user indicates only initial preferences in film genres), development of a 

recommendation system (implementation of a recommendation algorithm based on 

collaborative filtering to create an initial model), integration of modern methods for long-

term recommendations (integration of proxy rewards to optimise long-term user 

satisfaction using contextual bandits). For the data the MovieLens dataset was used [6]. 

The first part of the practical implementation of the study consists of implementing 

initial recommendations based on the dataset. The problem that is present at this stage is 

the presence of minimal information about the user, i.e. the system faces the problem of 

a cold start. To implement recommendations in this context, it was chosen to use content-

based filtering. Elements (films) are converted into vectors using metadata descriptions 

or internal characteristics as features [7]. In the case of this study, each genre is considered 

as a separate binary feature. For each movie, a genre vector is formed, where the value 1 

means belonging to the genre, and 0 means absence. All vectors of works are located in 

an n-dimensional space, where n is the number of all genres. Proximity is determined 

using the scalar product [7].  

Further, the user profile is formed as a set of vectors of those elements that he was 

interested in. Based on these vectors, an aggregated preference vector (e.g., average or 

weighted sum) is constructed. The algorithm compares the user profile vector with 

vectors of new (unwatched) items. Those movies whose vectors are closest to the user 

profile vector according to the selected metric are recommended to the user as the most 

relevant. The algorithm also chose to use the dot product. 

The main recommendation model implements collaborative filtering based on the 

hypothesis that users with similar past preferences will have similar future preferences. 

This approach requires forming an interaction matrix R of dimensions m×n (users × 
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movies) using rating data, where the system predicts unknown ratings for user-movie 

pairs not yet connected in the database.  

A critical characteristic of this data is its extreme sparsity – in real systems like 

MovieLens 20M, less than 1% of all possible user-movie combinations are filled, with 

density ρ typically below 0.01. This sparsity creates significant challenges, including 

insufficient data for similarity calculations, cold start problems for new users or items, 

and computational inefficiency when working directly with sparse matrices.  To address 

the sparsity problem, the system employs matrix factorisation through Singular Value 

Decomposition (SVD), which approximates the sparse rating matrix R as a product of 

three smaller matrices. 

This approach represents each user and movie as vectors in a latent space where 

hidden factors capture underlying preferences and characteristics that influence ratings. 

Rather than working with the large sparse matrix directly, the algorithm learns compact 

"profiles" for users and movies based on existing ratings, automatically discovering latent 

factors that might represent genre preferences or other implicit characteristics.  The 

analysis process involves creating the user-movie rating matrix, applying SVD to 

represent users and movies as vectors in shared latent space, calculating user similarity 

using cosine similarity between latent factor vectors, and predicting probable ratings for 

unseen movies. Final recommendations are generated by sorting predictions, filtering out 

already-watched movies, prioritising recent releases for relevance, and selecting the top 

N items to display to users. 

Analysis of Netflix and Spotify experiences demonstrates the power of proxy 

rewards and contextual bandits for addressing long-term user satisfaction. However, the 

current system adapts only to explicit ratings, creating a significant limitation where users 

who don't finish watching movies or don't provide feedback cannot receive meaningful 

recommendations. The solution involves implementing proxy rewards by logging user 

actions through interface buttons representing both explicit feedback (adding movies to 

"watch later" lists and direct ratings) and implicit signals (whether users started watching 

and whether they completed viewing). These proxy rewards will serve as the foundation 

for a contextual bandit model aligned with reinforcement learning principles. The 
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contextual bandit approach addresses scalability challenges by using a single universal 

model operating on contextual vectors rather than maintaining separate "arms" for each 

movie. Each film is represented through a contextual vector incorporating genre 

classification, rating characteristics, temporal features, personalized user preference 

metrics, and popularity/quality indicators. The algorithm learns to predict rewards based 

on this context rather than movie identifiers, making the system computationally feasible 

while maintaining effectiveness. 

The system was implemented as a web app, which tracks user interaction through 

buttons that simulate core user behaviours, as shown in Figure 1. 

 

Figure 1. Recommender system interface 

Each action is assigned specific proxy reward values based on implicit feedback 

research in recommendation systems. For example, completing a movie viewing receives 

higher reward values as it strongly indicates user satisfaction, while low ratings (one or 

two stars) receive negative values to reflect user dissatisfaction. The contextual bandit 

system is initialised with two key data structures: a 20×20 covariance matrix A that tracks 

relationships between movie characteristics (initially an identity matrix indicating no 

prior knowledge), and a 20×1 vector b that accumulates weighted rewards for each 

contextual feature (initially zeros). The system uses the LinUCB (Linear Upper 

Confidence Bound) algorithm, where each movie's value combines expected reward (the 

system's prediction of user preference) with confidence interval (uncertainty measure that 

gives unknown films a chance for recommendation). 

This work attempted to address the long-term user satisfaction problem in 

recommendation systems, though the solution has inherent limitations. The system's 

scalability is constrained by resource limitations, utilising only 100,000 records from 
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MovieLens 20M compared to the billions of interactions processed by platforms like 

Netflix. Additionally, the system lacks comprehensive testing metrics for full system 

evaluation. While the LinUCB algorithm's conservative bias toward older films with more 

historical data was identified and addressed through recency bonuses and increased 

exploration parameters, other hidden issues may exist due to the limited research 

timeframe. The research successfully developed a hybrid recommendation system that 

integrates three complementary approaches: genre-based content filtering for initial 

recommendations, collaborative filtering using SVD matrix factorisation (achieving 

0.9674 RMSE), and contextual bandits with proxy rewards for long-term satisfaction 

optimisation. The system demonstrates effective handling of data sparsity through matrix 

factorisation techniques and implements user interaction tracking through explicit 

feedback (ratings, watch-later lists) and implicit signals (viewing start/completion). The 

contextual bandit approach using LinUCB algorithm balances exploration of new content 

with exploitation of learned preferences, adapting to user behaviour through continuous 

learning. Future development opportunities include optimising proxy reward values for 

different user actions, integrating advanced AI/ML techniques for prediction 

enhancement, testing various bandit model configurations, conducting scalability testing 

with multiple concurrent users, and expanding external data integration with TMDB and 

IMDB APIs. The foundation established enables further research into demographic-based 

personalisation and delayed feedback mechanisms, positioning the system for evolution 

into a more comprehensive recommendation platform addressing both immediate user 

preferences and long-term engagement satisfaction. 
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