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complexity and diversity of user preferences and content attributes. This
paper presents an innovative framework, the Semantic-Enhanced Graph
Model (SEGM), marking a notable advance in tackling these challenges.
SEGM integrates semantic embeddings with Graph Neural Networks (GNNs)
to capture intricate relationships among users, items, and contextual factors.
Our experimental results, validated using the Anime dataset, reveal
substantial improvements in recommendation accuracy, relevance, and user
engagement. This research not only lays a strong foundation for advancing
personalized recommendation systems within dynamic and data-intensive
environments such as OTT platforms but also inspires optimism about the
potential of this novel approach to shape the future of recommendation
systems.
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INTRODUCTION

OTT platforms have reshaped the entertainment industry, offering users instant access to extensive
content, including movies, TV shows, and documentaries. While these platforms provide unparalleled
convenience, the vast size of content libraries and the diverse nature of user preferences present
significant challenges in delivering genuinely personalized recommendations.

Conventional recommendation techniques, including collaborative filtering and content-based
filtering, frequently struggle to comprehensively account for the intricate dynamics of user behavior,
item characteristics, and contextual influences. Collaborative filtering works by identifying similarities
between users to suggest content. For instance, if you rate several movies highly on Netflix, the system
recommends titles favoured by other users with similar preferences. On the other hand, content-based
filtering focuses on the attributes of the content itself, such as recommending songs by the same artist
or movies within a similar genre you've previously enjoyed.

Hybrid recommendation systems have emerged as a powerful alternative to address the limitations of
these individual methods. By combining the strengths of collaborative and content-based approaches,
hybrid systems offer more accurate, nuanced, and personalized recommendations better suited to OTT
platform users' diverse and dynamic needs. These systems represent a significant step forward in
capturing the intricate interplay of user preferences, content characteristics, and contextual nuances.

Graph Neural Networks[1] (GNNs) and semantic embeddings have emerged as transformative
technologies in recommendation systems. GNNs excel at modelling relational data, enabling the
representation of users, items, and their interactions as a connected graph. GNNs learn rich, high-
dimensional node representations that capture local and global structures by propagating information
through the graph. On the other hand, semantic embeddings derived from state-of-the-art language
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models, such as BERT and sentence transformers, encapsulate deep contextual information from
textual and metadata descriptions. Integrating these technologies allows for a more holistic
understanding of user preferences and content characteristics.

This paper proposes the Semantic-Enhanced Graph Model (SEGM), a novel framework that synergizes
GNNs and semantic embeddings to enhance recommendation performance. SEGM incorporates rich
contextual information, such as genres, temporal preferences, and user sentiments, into a
heterogeneous graph structure. The framework not only improves the accuracy of recommendations
but also aligns them more closely with user contexts and preferences, instilling a sense of confidence in
the reader about the robustness and effectiveness of this approach.

The rest of this paper is structured as follows: Section 2 reviews related work in recommendation
systems, GNNs, and semantic embeddings. Section 3 details the proposed SEGM framework, including
data preprocessing, graph construction, and embedding techniques. Section 4 outlines the experimental
setup, while Section 5 presents the results and discusses key findings. Finally, Section 6 concludes with
insights and directions for future research.

RELATED WORK

Recommendation systems have undergone significant advancements, evolving from heuristic-based
approaches to sophisticated machine learning and deep learning paradigms. Early techniques such as
collaborative filtering and matrix factorization [2], [3] formed the foundation by exploiting user-item
interaction matrices. However, these methods often struggled with challenges like sparsity and
scalability in real-world applications.

The emergence of deep learning brought about transformative improvements in recommendation
systems, enabling the extraction of richer representations of users and items. Content-based methods
began leveraging neural architectures, including convolutional neural networks (CNNs) and recurrent
neural networks (RNNs), to analyze metadata and textual information [4] . Pre-trained language
models like BERT[5] , RoBERTa [6], and Sentence Transformers [7] further enhanced these systems
by capturing deep semantic relationships within textual descriptions, genres, and user preferences.
These models have shown significant success in contextualizing user-item relationships, offering a
higher degree of personalization.

Graph-based approaches have also gained traction as robust solutions for modeling complex
relationships in recommendation tasks. Techniques such as Graph Convolutional Networks (GCN) [1],
[8], Graph Attention Networks (GAT) [9] , and GraphSAGE [1], [10]have demonstrated the ability to
propagate information across graph structures, effectively capturing both local and global
dependencies. These methods are particularly adept at handling heterogeneous graphs that encompass
diverse entities and relationships, such as user-item interactions, temporal dynamics, and contextual
factors.

Despite these advancements, the integration of semantic embeddings with graph-based models for
recommendation tasks remains an underexplored area. Current research often treats semantic
embeddings and graph-based approaches independently, overlooking the potential synergy between
these two paradigms. Addressing this gap, our work proposes the Semantic-Enhanced Graph Model
(SEGM), a unified framework that combines the contextual richness of semantic embeddings with the
structural learning capabilities of graph-based methods. SEGM is tailored to the dynamic and data-
intensive environment of OTT platforms, offering a novel approach to capturing intricate relationships
among users, items, and contextual factors, thereby advancing recommendation accuracy and user
engagement.

METHODOLOGY

The SEGM framework comprises the following detailed components:
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GINMN Model Training

The updated GNN-based item feature generation system leverages advanced methodologies, such as
[SEGM], to ensure robust, context-aware, high-quality feature extraction and recommendation
processes. The system begins with input data preparation, incorporating viewership data and content
metadata. Viewership data captures user-item interactions such as clicks, watch durations, likes, and
skips, temporal attributes like viewing times (e.g., morning, evening, weekday, weekend) and user
demographic details, including gender, age, and country. Content metadata provides comprehensive
item-level information, including type, genre, release year, title, description, directors, top cast, credits,
and ratings.

Preprocessing is performed on both catalogue and user data to ensure data quality. Catalogue parsing
and cleaning focus on extracting relevant fields such as type, genres, and ratings while addressing
inconsistencies, such as missing genres or incomplete descriptions. User data transformation employs
advanced encoding techniques, including one-hot encoding for gender, embedding vectors for age
groups, and pre-trained embeddings like Word2Vec or Geohash for countries. Temporal features are
processed to encode patterns, such as binary or multi-class representations for periods like
morning/evening and weekday/weekend. Additionally, session-based aggregates, such as peak-time
views and weekend interactions, are computed to enhance temporal understanding.

Interaction thresholding is applied to filter out irrelevant or noisy interactions, preserving only
meaningful user-item engagement data. This process is crucial as it helps to reduce the noise in the data,
ensuring that the model is trained on high-quality, relevant interactions. Candidate edge generation
follows, creating edges for item-item relationships based on catalogue metadata similarity, user-item
edges derived from interaction metrics, and temporal edges linking items frequently co-viewed within
sessions. Similar metrics like cosine similarity and the Jaccard index are employed for item-item edges,
while user-item edges leverage factors such as watch duration and ratings to establish connections.

Node features are generated for items and users to enrich the graph representation. Item node features
include genre encodings, pre-trained embeddings for textual data (e.g., Sentence Transformers, BERT),
normalized or bucketed release recency, and ratings. User node features capture demographic details
(e.g., gender, age, country) and aggregated temporal viewing patterns. Edge weights are calculated
based on similarity metrics and interaction strength, with only edges surpassing a predefined threshold
retained for graph construction.

Graph preparation involves defining nodes as users and items, with edges representing item-item
similarities, user-item interactions, and temporal co-view patterns. Node features integrate item-
specific and user-specific attributes, while edge features incorporate similarity weights and interaction
metrics. The graph dataset is partitioned into training, validation, and testing sets, ensuring edge
exclusivity across partitions. Training, validation, and test graphs are constructed from their respective
partitions.

The model training phase employs a Graph Neural Network (GNN) architecture, such as Graph
Convolutional Networks (GCN), Graph Attention Networks (GAT), or GraphSAGE, to enable efficient
message passing and representation learning. Inputs include node features, edge features, and an
adjacency matrix, while the output predicts link probabilities for item-item and user-item edges. Binary
cross-entropy is used as the loss function, supplemented with regularization techniques to mitigate
overfitting and improve generalization. During inference, node embeddings from the final GNN layer
are extracted to serve as feature representations for downstream tasks.
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The system supports a wide range of recommendation applications. For "More Like This"
recommendations, item similarity is computed using distance metrics such as cosine similarity, with
top-k similar items recommended to the user. User-specific recommendations are generated by
aggregating user embeddings based on their viewed items, followed by identifying top-k closest items.
Temporal recommendations incorporate viewing time preferences, adjusting weights or prioritizing
items based on temporal patterns such as morning/evening or weekday/weekend usage. This end-to-
end system ensures scalable, personalized, and contextually relevant recommendations driven by
advanced graph-based representations and GNN architectures.

EXPERIMENTAL SETUP

1. Dataset To assess the efficacy of our proposed recommendation framework, we performed
comprehensive experiments utilizing the Anime Dataset, a well-established benchmark in the field of
recommendation systems. This dataset comprises over 12,000 anime titles, augmented with rich
metadata, including genres, synopses, release years, and user ratings, as well as interaction data
encompassing both explicit ratings and implicit feedback. The dataset's diverse content and user
preferences, coupled with inherent challenges such as high interaction sparsity and the necessity for
nuanced semantic interpretation of textual metadata, render it an optimal testbed for evaluating state-
of-the-art recommendation models. For our experimental setup, we randomly sampled 1,000 users
from the dataset, along with their corresponding rating scores and associated metadata, to ensure a
representative and robust evaluation of our framework.

2. Evaluation Metrics Evaluation of recommendation system performance is commonly
conducted using established metrics, including Precision@K, Recall@K, Normalized Discounted
Cumulative Gain (NDCG), and Mean Reciprocal Rank (MRR). These metrics provide quantitative
measures to assess the effectiveness and accuracy of recommendation algorithms.

3. Baselines The proposed SEGM framework is compared against state-of-the-art methods,
including collaborative filtering, content-based methods, and standalone GNN-based models.

RESULTS AND DISCUSSION

The quantitative evaluation of the SEGM framework was conducted alongside several comparative
models to validate its effectiveness. The results are summarized in Table I.

Table I: Quantitative Results of SEGM and Comparative Models

Analysis of Results

1. Baseline Performance:

The baseline Matrix Factorization model exhibits the lowest performance, highlighting the need for
contextual and semantic enhancements in recommendation systems.

2. Content-Based Approaches:

Incorporating BERT embeddings improves precision and recall by capturing semantic nuances in item
descriptions and user preferences.

3. Collaborative Filtering with GCN:

Graph-based collaborative filtering demonstrates notable gains by modeling user-item interactions and
item-item relationships effectively.

4. Hybrid Models:

Combining GCN with semantic embeddings (BERT) further enhances the recommendation quality,
leveraging both structural and contextual information.

5. Proposed SEGM Framework:
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The SEGM model outperforms all other approaches, with a 32% engagement lift over the baseline. This
validates the effectiveness of integrating GNNs with semantic-enhanced embeddings and temporal
patterns for contextual recommendations.

The SEGM framework demonstrates significant improvements over baseline methods. Key findings
include:

o Enhanced contextual relevance due to semantic embeddings.
o Superior user-item interaction modeling through graph-based approaches.
o Increased user engagement metrics on the Anime dataset.

Ablation studies reveal the individual contributions of semantic embeddings and GNN layers to the
overall performance. Specifically, the integration of seasonal metadata and user reviews significantly
improved the model’s ability to recommend contextually relevant anime titles.

CONCLUSION

The findings highlight the SEGM framework as a significant advancement in contextual content
recommendation for OTT platforms. By integrating semantic embeddings, graph neural networks, and
temporal features, this state-of-the-art model establishes a new benchmark for recommendation system
performance. Future efforts will focus on incorporating real-time personalization and broadening the
model’s application across diverse domains.

Key areas for exploration include enhancing the graph model to incorporate multi-modal features, such
as video thumbnails and audio embeddings, and leveraging reinforcement learning to enable dynamic
graph construction that adapts seamlessly to evolving user preferences.
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