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Abstract: Most people can't subscribe to every direct-to-consumer platform today, and the number 

is growing. The platform's content and the user's experience influence the decision to subscribe or 

buy. Today's consumers anticipate instantaneously curated content exploration, acquisition, and 

consumption. Media firms actively seek to increase both click-through rate and profitability by 

enhancing the user experience and enticing customers to subscribe or buy premium content through 

recommender systems. The direct-to-consumer platforms may maintain user engagement after 

consumers have visited the contents by providing suggestions that make the most of the site's rich 

content catalogs. By bringing it to the attention of viewers based on their viewing habits, for 

instance, effective recommendation systems might boost earnings for underappreciated "long tail" 

content. This research explores various recommender system types currently in widespread usage 

with an analysis of some of the fascinating breakthroughs. 
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1. Introduction 

Content-based and collaborative filtering (CF) are two broad umbrella terms encom-

passing many of these kinds of systems. Even though it is one of the simplest algorithms, 

content-based filtering can be beneficial in some situations [1, 2]. Users' stated or implied 

tastes and information about product attributes, form the basis of this method. These sug-

gestion systems are convenient to construct, but they have difficulty adapting to new us-

ers whose tastes are unknown, and their recommendations can feel stagnant. 

User, item, and rating tuples form the foundation of CF. As a result, it takes ad-

vantage of users' collective knowledge rather than their content. One of the first compa-

nies to use this strategy, Amazon.com, released a paper on the topic that went on to win 

a "best of time" award from the IEEE. CF is based on the idea that users with similar likes 

(as determined by their past interactions with objects) are likelier to have similar interac-

tions with new items [3, 4]. 

CF outperforms content-based filtering in terms of diversity (the degree to which 

recommended items differ from one another), serendipity, and novelty. But CF is more, 

costly, complex and computationally intensive to create and manage. Some CF tech-

niques, such as factorization machines, are lighter than others. The inability to make suit-

able recommendations for new content without substantial interaction data to train a 

model is known as the "cold start problem," and it affects CF as well. 

These two "traditional" types of recommenders aren't the only ones out there; many 

modern suggestion systems use neural net structures. In some cases, a form of "CF" is 

used. Others develop systems to deal with data, making choices from the user's activity 

history and the way that history reflects the user's changing interests. Recurrent neural 

networks (RNN) were the original foundation for such systems. Recently transformer-
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based models incorporate self-attention to discover interdependencies in user-generated 

behavior sequences [5-8]. 

While non-deep learning models like factorization machines remain in use, neural 

networks are more data and computation-intensive. For instance, Amazon SageMaker's 

library algorithms support several features.  

2. Related works 

Researchers have tried many different methods for developing recommender sys-

tems in recent years. The hybrid systems are becoming more and more common. Some of 

the more recent strategies are not exclusive and can be used in tandem with more conven-

tional methods. Personalized recommendation services like Amazon's Personalize are one 

such example. Amazon's user-personalization preferred algorithm ("recipe") blends a 

more modern bandit-based technique with hierarchical recommenders [9-12]. 

2.1. Bandit-based systems 

Integrating bandit-based strategies into recommender systems is a hot topic in aca-

demia. Bandit algorithms are a recommendation that aims to strike a balance between 

probing uncharted territory and cashing in on available opportunities. The real-time 

adaptability has made them a popular replacement for traditional testing. This has the 

potential to solve the issue of starting from cold. Bandit algorithms have found various 

uses in recommender systems, and some have even made their way into production-ready 

systems, like Amazon's Personalize. Indeed, bandit algorithms could be used to choose 

amongst competing recommender systems in real- time, taking into account user re-

sponses to the recommendations offered by each system. Bandits are finding more and 

more use in systems that maximize the happiness of a wide variety of constituents (a 

"marketplace" consisting of users, marketers, platform owners, content creators, etc.). One 

other goal of a music content recommender system could be to "level the playing field" by 

giving them some suggestions. Providers of media content such as Spotify have investi-

gated this strategy, as detailed in an engaging public presentation by one of Spotify's re-

searchers [13-15]. 

Several different bandit-based strategies are recently implemented. Amazon Person-

alize, as noted before, offers a completely managed solution for this. Amazon SageMaker 

is a self-service option that provides ready-made libraries and algorithms for quick exper-

imentation. The contextual bandit's algorithm can generate suggestions based on users' 

actions, like whether they clicked on a specific suggestion or not. A sample notebook is 

provided in the companion piece [6-10]. 

2.2. Casual Interface 

The goal of causal inference differs from that of classical statistics, which is to con-

clude relationships between variables under stable conditions; causal inference, on the 

other hand, is concerned with how and why these relationships might shift in response to 

outside influences such as interventions or alternative scenarios. On the other hand, a rec-

ommender system should not merely aim to replicate users' natural behavior but should 

also attempt to shape it. For this purpose, causal techniques are helpful, and they can often 

be implemented with very few adjustments to existing matrix factorization algorithms [7, 

8]. 

An intervention calls for a causal inference question. Unobserved confounders, char-

acteristics that influence which things users choose to interact with and how they rate 

them, are a significant difficulty in most casual inference questions. Other types of hybrid 

systems can be developed using causal inference. For instance, a group of Amazon re-

searchers used this method to apply causal inference to a bandit-based system. By nar-

rowing in on clients who can be swayed but otherwise wouldn't take action on their own, 
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they discovered that tailored marketing yielded a higher return on investment when 

grounded in an understanding of causal effects [9]. 

2.3. Graph Neural-net based approaches 

Graph Neural Networks (GNNs) differ from the strategies mentioned above since 

they are predicated on graph constructions that depict links between users and products. 

Given that there is no definite order to the objects a user could be interested in, GNNs 

may sometimes be preferable to sequence-based neural nets. 

GNNs in recommender systems have been implemented using various architectural 

styles. The graph convolutional matrix-completion (GCMC) network [10] is an example 

of such an architecture. Matrix completion is expressed in a GCMC as a bipartite graph 

link prediction problem. The GCMC can then draw on other structured data sets, such as 

those found in social media, to inform its work. Performance constraints caused by the 

cold start problem can be alleviated when external information is coupled with interaction 

data. 

The Deep Graph Package (DGL) is a helpful resource for anyone looking to use 

GNNs in AWS recommender systems. It is an open-source library designed to make GNN 

implementation simple. To utilize DGL with Amazon SageMaker, from Amazon (a fully-

managed Docker container registry) as a deep learning container.  

3. Conclusions 

The field of recommender systems has grown substantially in the decades. While this 

is great for flexibility, picking a system for specific needs is much more challenging.  

The following are the research directions in the recommendation systems [16-20]: 

 What business targets and measurements are needed to evaluate the sys-

tem efficiency?" are just the tip of the iceberg. Diversity, serendipity, and 

originality can be taken into account in addition to the specific measures 

and coverage. 

 How can we solve the "cold start" issue that occurs with brand new users 

and products? 

 What is the optimal prediction lag time (and perhaps the maximum toler-

able training duration)?  

 Whether the models can be scaled, and what kind of hardware is needed 

to enable training and servicing of the models efficiently. Again, this is 

highly dependent on the model's complexity and will significantly impact 

the final price tag. 

 How well can the model be explained? For many in the professional world, 

this is a must-have. 

 

There may be a lot of choices to make during implementation as well. Amazon Per-

sonalize combines numerous ideas from current research to ease this decision-making 

process and relieves the burden of administering a recommender system at scale on data 

science and developer teams. These methods can be applied in Amazon SageMaker in-

stead of Amazon Personalize if that service is inappropriate. Amazon SageMaker comes 

with proper prebuilt, open-source containers for contextual bandits, the DGL, and frame-

works like TensorFlow and PyTorch. 
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