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Abstract

Recommender systems have become an integral part of modern digital platforms, enabling person-
alized suggestions that increase user engagement. Conventional methods, including collaborative
filtering and content-based techniques, depend on user-item interaction data to identify patterns
in user behavior. However, these methods face substantial challenges, including data sparsity and
cold start problems, as rating matrices are typically highly sparse, with users interacting with only
a small fraction of the available items.

In order to address these limitations, this thesis explores the integration of Knowledge Graph
embeddings into state representations for offline Reinforcement Learning—based sequential rec-
ommender systems. This approach enhances traditional state representations by incorporating
TransE embeddings semantic information alongside user interaction history, allowing the system
to leverage both collaborative filtering signals and content-based semantic relationships.

Through experimental evaluation, we compare Behavioral Cloning, Batch-Constrained Q-
learning, and Conservative Q-learning against the GRU4Rec baseline using session-aware met-
rics for next-item prediction tasks. The results demonstrate that knowledge graph—enhanced state
representations significantly outperform the baseline approaches. Behavior Cloning and Batch-
Constrained Q-Learning achieved superior performance compared to GRU4Rec and exhibited
faster convergence than purely statistical state representations. Conservative Q-learning showed
mixed results, suggesting that its effectiveness varies across different offline reinforcement learn-
ing algorithms.

These findings contribute to our understanding of how Knowledge Graphs can enhance state
representations in offline deep reinforcement learning frameworks for sequential recommendation
and provide insight into the trade-offs between semantic enrichment and computational complex-

ity.

Keywords: Recommender Systems, Knowledge Graphs, Deep Reinforcement Learning
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Resumo

Os sistemas de recomendagdo tornaram-se parte central das plataformas digitais modernas, per-
mitindo sugestdes personalizadas que aumentam o engajamento do usudrio com a plataforma. Os
métodos convencionais, incluindo collaborative filtering e content-based, dependem de dados de
interacdo entre o usudrio e item para identificar padrdes em seu comportamento. No entanto, esses
métodos enfrentam desafios substanciais, incluindo problemas de escassez de dados e cold-start,
uma vez que os usudrioes tendem a interagir apenas com uma pequena fragdo dos itens disponiveis.

Para resolver essas limitacdes, esta tese explora a integracio de grafos de conhecimento em
representacdes de estado para sistemas de recomendacdo sequenciais baseados em aprendizagem
por reforco offline. Essa abordagem aprimora as representagdes de estado tradicionais, incorpo-
rando informagdes semanticas provenientes do algoritmo TransE juntamente com o histérico de
interacdo do usudrio, permitindo que o sistema aproveite tanto os sinais de colaborativos quanto
as relagdes semanticas dos items.

Através de uma avaliacdo experimental, comparamos os algoritmos Behavior Cloning, o Batch-
Constrained Q-learning e o Conservative Q-learning com a base de referéncia sendo o algoritmo
GRU4Rec, utilizando métricas por sess@o do usudrio para tarefas de previsdo do préximo item. Os
resultados demonstram que as representacdes de estado aprimoradas pelo grafico de conhecimento
superam significativamente a referéncia. O Behavior Cloning e o Batch-Constrained Q-learning
alcancaram desempenho superior em comparacdo ao GRU4Rec e exibiram convergéncia mais rap-
ida do que representacdes de estado puramente estatisticas. O Conservative Q-learning mostrou
resultados mistos, sugerindo que a eficicia dessa integracdo varia entre diferentes algoritmos de
aprendizagem por reforgo offline.

Essas descobertas contribuem para nossa compreensio de como os Gréficos de Conhecimento
podem aprimorar as representacdes de estado em estruturas de aprendizagem por refor¢o profundo
offline para recomendacdo sequencial e fornecem insights sobre as trocas entre enriquecimento
semantico e complexidade computacional.

Keywords: Sistemas de Recomendacido, Grafos de Conhecimento, Aprendizado por Refor¢o Pro-
fundo
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Chapter 1

Introduction

1.1 Context and Motivation

Recommender Systems (RS) constitute a fundamental part of modern digital platforms, driving
user engagement by providing personalized suggestions in real time. Traditional approaches such
as collaborative filtering Su and Khoshgoftaar (2009) and content-based methods Poonam B. Tho-
rat (2015) have been the core part of these systems. Collaborative filtering relies on historical
user-item interactions to identify patterns among similar users or items. Content-based methods
leverage the attributes of items and user preferences to make recommendations based on feature
similarity.

While collaborative filtering has demonstrated great efficacy in scenarios characterized by
substantial user interaction data, it frequently encountered the cold-start problem, wherein data is
scarce for new users or items. In contrast, content-based methods address this issue by focusing
on item features but can lead to a lack of diversity in recommendations Pazzani (1999). Hybrid
systems attempt to merge the strengths of both methods Burke (2002) but in some cases struggle
to adapt dynamically to changes in user preference over time.

In recent years, the integration of deep learning-based systems into recommendation systems
has lead to significant improvement of the quality of recommendations Zhang et al. (2019a). Such
systems are able to model complex user-item interactions, often represented in multiple modalities,
such as text and images. A key component of these deep learning approaches is the use of embed-
ding techniques Liu et al. (2024), which learn low-dimensional vector representations that capture
the latent features and semantic properties of users, items, and their various attributes. Although
this integration has been shown to enhance recommendation accuracy and context-awareness, it
increased the need for a large amount of high quality data while also reducing the interpretability
of each recommendation.

Among the deep learning approaches, graph-based methods explicitly model the inherent
graph structure in recommendation data Wu et al. (2022). These methods transform the user-
item rating data into a bipartite graph, where users and items are represented as nodes, and their

interactions are shown as edges. This graph representation can show complex relationships and
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multi-hop connections that are not included in matrix-based methods. Graph Neural Networks
(GNNs) Scarselli et al. (2009) have emerged as highly effective methods for recommending tasks
Gao et al. (2021), especially in scenarios where relational information and structural patterns are
crucial for capturing user preferences and item relationships.

However, GNNs depend on high-quality data in appropriate graph format and typically op-
erate on static graph structures. This static nature limits their ability to adapt to evolving user
preferences and conflicting interests over time Wu et al. (2020), potentially leading to suboptimal
recommendations in dynamic contexts where user behavior changes continuously.

Recently, the field has seen significant progress in addressing these limitations through the ap-
plication of Deep Reinforcement Learning (DRL) Chen et al. (2021b), Afsar et al. (2022). DRL’s
unique approach involves treating recommendation tasks as Markov Decision Processes (MDPs),
where user states, system actions (i.e. recommendations), and rewards (i.e. user feedback) are
modeled to learn sequential policies that capture temporal dynamics of user preferences. This
framework optimizes both immediate user satisfaction and long-term engagement, presenting a
promising alternative to address the shortcomings of traditional methods, particularly in handling
concept drift and cold start problems.

The integration of Knowledge Graphs (KG) with Reinforcement Learning further enhances
this approach. While user-item matrices in collaborative filtering can be seen as simple graphs
linking users to items, KG provide rich contextual relationships between entities (users, items,
attributes, contexts) with labeled edges that specify the type of connection, such as "user prefers
genre", "item belongs to category", or "director worked on movie". This semantic structure enables
a Reinforcement Learning agent to reason within the knowledge base Lin et al. (2024), providing

more accurate and personalized recommendations.

1.2 Problem definition

Traditional recommendation systems primarily rely on static user-item interaction patterns and
struggle to capture the temporal dynamics of evolving user preferences and the semantic rela-
tionships that influence decision-making processes Pan et al. (2025). Sequential recommendation
systems address the temporal aspect by modeling interaction histories and temporal patterns. How-
ever, they often fail to leverage the rich semantic properties present in item attributes, categories,
and relationships Wang et al. (2019a). These limitations are particularly evident in scenarios with
sparse data or complex behavioral patterns. Standard user-item interaction graphs capture direct
sequential relationships but lack the semantic depth provided by knowledge graphs, which encode
multi-relational information about entities and their interconnections Guo et al. (2020).
Integrating knowledge graph embeddings into the state representation of reinforcement learn-
ing—based sequential recommenders is a promising approach to addressing these limitations. How-
ever, the effectiveness of different integration strategies remains unclear, and their impact on rank-
ing performance in sequential recommendation tasks has not been systematically evaluated. Cur-

rent approaches include concatenating knowledge graph (KG) embeddings with user/item repre-
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sentations Zhang et al. (2016), using attention mechanisms to fuse KG information Wang et al.
(2019b), employing graph neural networks to propagate embeddings through the KG structure
Wang et al. (2018), and leveraging meta-path-based methods to extract relational features Hu
et al. (2018). These approaches vary significantly in complexity and design; however, there is lim-
ited understanding of which strategies genuinely improve performance versus those that introduce

unnecessary computational overhead.

1.3 Research Questions

This thesis examines the impact of integrating knowledge graph embeddings into state representa-
tions and ranking performance in reinforcement learning—based sequential recommender systems.
A case study utilizing the MovieLens dataset (movielens) will be conducted to examine how se-
mantic information encoded in these embeddings can improve the agent’s understanding of user
preferences and item relationships for next-item prediction.

Specifically, the study will implement and compare multiple KG integration strategies, mean
aggregation, recency-weighted aggregation, and quality-weighted aggregation, across three of-
fline reinforcement learning algorithms: Behavioral Cloning (BC) Pomerleau (1988), Batch Con-
strained Q-Learning (BCQ) Fujimoto et al. (2019), and Conservative Q-Learning (CQL) Kumar
et al. (2020) . The performance of these strategies will be evaluated against GRU4Rec Hidasi
et al. (2016a), an established recurrent neural network baseline for sequential recommendation, as
well as against statistical feature representations without KG enhancement. Conventional ranking
metrics (NDCG@K, MRR, and Recall@K) are used to evaluate both algorithmic advances and
the value of integrating semantic information.

The research perspective of this thesis aims to answer the following questions:

* RQI: In sequential recommendation systems, how do different strategies for integrating

knowledge graph embeddings into state representations affect ranking performance?

* RQ2: What is the relative effectiveness of using raw statistical features versus embeddings

for enhancing state representations?

1.4 Document Structure

The document is organized as follows:

Chapter 2 - Literature Review provides the foundational knowledge required to understand
this research, covering the core concepts of Reinforcement Learning, Recommender Systems,
and Knowledge Graphs, along with their key techniques and applications. It ends by presenting
related work on the intersection of these three areas, their current limitations and the key trends in

the research community.
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Chapter 3 - Methodology outlines the experimental framework for integrating knowledge
graph embeddings into RL-based sequential recommenders. It details the problem formulation, the
architecture of the developed system and how KGs are integrated in the recommendation process

Chapter 4 - Experimental Setup presents the implementation details, dataset selection and
processing, KG embeddings training process, offline RL algorithms configuration and evaluation
protocol.

Chapter 5 - Results and Analysis covers the experimental results, discusses the implications
of different integration strategies, and discuss the conditions under which KG embeddings improve
sequential recommendation performance.

Chapter 6 - Conclusions and Future Work summarizes the key contributions and limitations
of the current work on KG-enhanced sequential recommendation systems, as well as directions for

future research.



Chapter 2

Literature Review

2.1 Recommender Systems

Recommender Systems (RS) represent essential components of contemporary digital platforms,
meticulously engineered to optimize user experience by providing personalized recommendations.
These systems facilitate navigation of vast information spaces by analyzing user preferences and
behavior to recommend pertinent items, including products, films, or social media content. The
three primary techniques used in RS are collaborative filtering, content-based filtering, and hybrid

approaches, each offering unique strengths for recommendations.

2.1.1 Traditional Approaches

Collaborative Filtering Collaborative filtering (CF) Goldberg et al. (1992) uses the collective
preferences of users to generate recommendations. It operates under the assumption that users
who have exhibited similar preferences in the past are likely to do so again in the future. For
example, in a social media context, if two users consistently approve of similar posts, the system
may recommend a new post liked by one user to the other. This is made possible by recording
the history of interactions in a user-item rating matrix R € R”*", where m is the number of users
and n the number of items, and each entry R,,; denotes the rating or interaction of user u# with item
i. However, this explicit feedback matrix is highly sparse, as only a fraction of the total set of
items is rated by users. The CF’s objective is to predict the missing information and complete this
matrix using various approaches, such as classical statistical estimators, machine learning or deep
learning methods.

Matrix factorization techniques Koren et al. (2009) represent one of the most foundational
and influential approaches in collaborative filtering, establishing the mathematical framework that
underlies many modern recommendation methods. These techniques learn latent representations
u, and v; for each user u and item i, respectively. This maps the user-item matrix R into a lower-
dimensional latent space. The predicted rating is then computed as follows:

A

T
Ry=u,v;
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Table 2.1 illustrates the structure of a user-item rating matrix R € R™*" where missing values

in the matrix are denoted by "-". The sparsity problem in such matrices is evident in real-world

scenarios.
Item1 Item2 Item3 Item4 Item5 --- Itemn
User 1 5 - 3 - 4 e 3
User 2 - 2 - 5 - cee -
User 3 4 4 - - 3 e 2
User 4 - - 5 2 - cee -
User m 1 - 4 - 5 - 4

Table 2.1: Example of a sparse user-item rating matrix.

Matrix factorization can be approached through three different learning paradigms: point-
wise learning, where the system computes a score for each item individually Liu (2009); list-wise
learning, where an optimal ranking order is estimated Shi et al. (2010); and pair-wise learning,
where pairs of items are compared to approximate the optimal ranking order Rendle et al. (2012).

However, collaborative filtering faces challenges such as the cold start problem, where limited
data on new users or items reduces recommendation accuracy. Additionally, highly sparse user-
item matrices can greatly impact performance, requiring advanced algorithms to overcome these

limitations.

Content-Based Filtering Content-based filtering (CB) Mooney and Roy (2000) takes a dif-
ferent approach to address some of these collaborative filtering limitations, particularly the cold
start problem. It analyzes the attributes of the items and their alignment with user preferences.
This technique creates user profiles based on the features of items the users have interacted with,
forming a representation of their preferences in a vectorized feature space.

The process typically involves three main steps: item representation, where items are char-
acterized by their attributes (e.g., genre, sections, keywords); user profile construction, where
a user’s preferences are modeled as a combination of item features from their interaction his-
tory; and recommendation generation, where similarity between the user profile and candidate
items is computed to rank recommendations Poonam B. Thorat (2015). Classical methods typi-
cally represent items using manually engineered feature vectors with explicit item attributes, while
modern methods use learning systems to acquire dense vector from implicit information Barkan
and Koenigstein (2016). The similarity between items is measured using metrics such as cosine
similarity or Euclidean distance.

Figure 2.1 illustrates this complete workflow, showing how user interactions and item fea-
tures are transformed into vectors for similarity computation. The similarity score is then used to
generate recommendations.

To illustrate, if a user interacts with sustainability-related content, the system will analyze the

textual features, tags, and categories of the user’s historical content to build a profile emphasizing
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[H]

Step 1: Item Representation Step 3: Recommendation Generation

Step 2: User Profile Construction

User Interactions
a

Watched Movie X

RaetS Mowe 3 vectorize similarity: 0.42 R .
Liked Movie 7 User Profile User Vector Movie B Recommendations
" [A:0,D: I,R: 1, T: 0, S-F: 0]
%)Vecmmcd profile representation [A: 0.7 “"ﬂlva".’b / o o
Item Features D: 0.3 Y1035 2. Movie B (042)
1‘}:1 0(':5 Movie C 3. Movie C (0.35)
S-F: 0.35]
Movie X: [A, T] [A:0,D: 0,R: 0, T: 0, S-F: 1]

Movie Y: [D, R]
Movie Z: [A, S-F]

Legend: A = Action, D = Drama, R = Romance, T = Thriller, S-F = Sci-Fi

Figure 2.1: Example of a content-based filtering workflow.

environmental themes. The system then suggests new items with similar feature profiles. Although
this approach closely aligns recommendations with individual interests and performs well for new
items, it often suffers from over-specialization. This reduces diversity, potentially limiting user

exposure to novel content and negatively impacting user experience.

Hybrid Systems To address the complementary limitations of these approaches, collaborative
filtering’s cold start problem and data sparsity issues, and content-based filtering’s overspecial-
ization and limited diversity, hybrid systems have emerged. These systems combine multiple
strategies to achieve higher accuracy and robustness of recommendations. They can leverage the
strengths of each approach: CF’s to discover patterns through user similarity and CB’s capability
to recommend items based on explicit features Poonam B. Thorat (2015).

Several hybridization strategies have been developed to effectively combine these techniques.
A common approach is to use switching hybrid systems which select the most appropriate algo-
rithm based on the current context. For example, they might use content-based filtering for new
items and collaborative filtering for established items with sufficient interaction data. Another is
a weighted system that linearly combine scores from different algorithms, allowing adjustments
based on the confidence of the system or data availability Burke (2002). More sophisticated ap-
proaches include cascade hybrid systems Pazzani (1999), where one algorithm refines the output
of another, and feature combination methods, where features from different approaches are merged
into a single machine learning model.

Hybrid approaches that blend collaborative filtering and content-based filtering have proven ef-
fective in contexts like social media platforms Sami et al. (2024), where user engagement benefits
from both collective preferences and personalized attributes. The 2009’s Netflix Prize competi-
tion demonstrated the effectiveness of ensemble methods that combine multiple recommendation

algorithms, overcoming individual approaches.

Deep Learning-Based Approaches While traditional hybrid systems combine discrete algo-
rithmic approaches, the evolution toward deep learning has enabled more sophisticated integration

of multiple recommendation strategies within neural architectures. Deep learning-based RS have
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emerged as powerful alternatives to traditional methods, using neural networks to model complex
relationships between users, items, and their interactions Zhang et al. (2019a).

These systems are innovative by the way they use embeddings, compact vector representa-
tions that turn complex entities like users and items into points in a continuous, low-dimensional
space. In these spaces, the relationships between entities are usually preserved through geometric
proximity Mikolov et al. (2013b); He et al. (2017). Formally, an embedding function f : & — R4
maps an entity e € & to a d-dimensional dense vector, where entities with similar characteristics or
behaviors are positioned closer in the embedding space. For example, users with similar viewing
preferences will have embeddings u;,u; € R? that are close in the latent space, while movies of
the same genre will have nearby item embeddings v;,v; € R?, enabling recommendation through
proximity-based similarity measures such as cosine similarity Sarwar et al. (2001) or learned in-
teraction functions He et al. (2017). Figure 2.2 illustrates an example of a deep learning-based

recommendation workflow, where users and items have distinct encoder networks.

Step 1: Input Data Step 2: Representation Learning

train learned

User Data User Encoder User Embedding @

Step 3: Scoring & Ranking

User ID: 42 uy € R
Interaction history

Profile features

Recommendations

1. Movie A (0.91)
2. Movie B (0.67)
3. Movie C (0.43)

train

Item Data Item Encoder

Item IDs: 101, 205, 387
Ttem features

Figure 2.2: Example of a deep learning-based filtering workflow.

By using embeddings, deep learning models can incorporate heterogeneous information sources,
including temporal dynamics Hidasi et al. (2015), item metadata Covington et al. (2016), and con-
textual features Cheng et al. (2016). Modern architectures such as two-tower models Covington
et al. (2016), neural collaborative filtering He et al. (2017), and sequence-based approaches us-
ing RNNs Hidasi et al. (2015) and transformers Kang and McAuley (2018); Sun et al. (2019) have
become industry standards. These approaches have demonstrated great performance in diverse ap-
plications within RS, including social media platforms Ying et al. (2018), e-commerce Zhou et al.
(2018), and video streaming services Covington et al. (2016), by enabling scalable and highly

personalized recommendations.

2.1.1.1 GRU4Rec

A particularly influential sequential recommendation model is GRU4Rec Hidasi et al. (2016b),

which pioneered the use of Gated Recurrent Units Cho et al. (2014b) for session-based recom-
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mendation. GRU4Rec learns to sequence item interactions within a user’s session and derive
predictions based on the context of the current session.

Architecture and Item Representation: GRU4Rec represents each item using 1-of-N encod-
ing, where the length of the input vector corresponds to the number of items. Specifically, only
the coordinate corresponding to the active item is set to one, while all others are set to zero. The
paper found that this direct encoding outperformed embedding layers in their experiments. The
core architecture consists of a single GRU layer with additional feedforward layers between the
GRU and output, as multiple GRU layers have been shown to consistently degrade performance.

The general architecture of GRU4Rec during an event is shown in Figure 2.3.

- o
=
=4
o
=3

'n)] o ) o
|l |2 g g
[=]
El-ﬂ.‘z_’ -.?:_’ - ﬁ
L ] 2 Q
=
o
3
n
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[ =
By
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[x]
-
[=
L
=3
[v']
E
=
1
(=]
T
=
(=)
=]
a
=3
]

Figure 2.3: GRU4Rec architecture Hidasi et al. (2016b).

Output Sampling and Recommendation Generation: To efficiently manage large item cata-
logs, GRU4Rec employs a sampling strategy, leveraging items from other training examples within
the mini-batch as negative samples. This approach utilizes a popularity-based sampling method,
whereby the authors demonstrate that the utilization of mini-batch items as negatives results in a
reduction of computational complexity and a natural weighting of sampling by popularity.

Ranking Loss Functions: GRU4Rec introduces two ranking-based loss functions specifically

designed for recommendation:

* BPR (Bayesian Personalized Ranking): .Z; = —N%ijyi \log(o(7s; —75.j)), where 7y is
the score for the target item and 7y ; are scores for negative samples. BPR enforces that the
ranking of the target item surpasses that of negative items. This is achieved by maximizing

the probability that the positive item’s score exceeds that of each negative item;

* TOP1: A novel loss function: .% = Nis ]inl O (Fsj— Fsi) + O-(i%,j)’ which approximates
the relative rank of the relevant item with sigmoid functions and integrates regularization to

ensure that negative scores are maintained near zero;

This approach exhibited substantial enhancements over conventional baselines, such as item-

to-item collaborative filtering, attaining 20-30% gains in accuracy metrics. The success of GRU4Rec
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in capturing sequential patterns within sessions while addressing practical scalability concerns es-

tablished it as a foundational method for neural sequential recommendation systems.

2.1.2 Evaluation Frameworks and Metrics

Correct evaluation is essential for determining if a RS can support a platform’s strategic objectives
and provide real value. Evaluating these systems is complex because they must simultaneously
optimize for accuracy, user satisfaction, business metrics, and long-term engagement. Unlike tra-
ditional machine learning tasks, which have clear ground truth labels, RS operate in environments
where feedback is often implicit, dynamic, and heavily dependent on context Zangerle and Bauer
(2022); Herlocker et al. (2004).

Evaluation Methodologies RS can be evaluated in both offline and online settings, with differ-
ent purposes in each environment for both development and deployment lifecycles Zangerle and
Bauer (2022). Offline evaluation uses historical data to assess algorithm performance in controlled
conditions, enabling prototyping and comparison between different approaches establishing base-
line metrics. In another sense, online evaluation encompasses A/B testing and live experiments,

capturing user behavior to measure user-centric metrics Zangerle and Bauer (2022).

Accuracy Metrics Accuracy metrics are fundamental to evaluating RS, measuring how well
their predictions align with user’s actual preferences. These metrics fall into two main categories:
rating prediction accuracy and classification accuracy.

Rating prediction accuracy metrics, such as Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE), evaluate the system’s ability to predict exact numerical ratings. While these
are valuable for explicit feedback scenarios, they are less relevant for sequential recommendation
tasks that typically rely on implicit feedback Ludewig and Jannach (2018).

Classification accuracy metrics treat recommendations as binary classification problems by
determining whether items are relevant or not to users. This approach is particularly suitable
for implicit feedback systems, where user interactions (e.g., clicks, purchases) indicate positive
preferences.

Recall measures the fraction of relevant items that were successfully recommended and is

calculated as:
IRK N1

Recall@K =
||

where RX is the set of top-K recommended items for user u and I, is the set of items with which
the user actually interacted. Recall very important metric in RS, as it quantifies the system’s
capacity to identify items that users find engaging. In sequential recommendation contexts, it is
a metric that evaluates whether the next item a user actually interacted with appear among the
top-K predictions. A higher recall value indicates that the system successfully identifies a greater
proportion of items that users find relevant, which directly correlates with user satisfaction and

engagement Zangerle and Bauer (2022).
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Ranking Metrics Ranking metrics evaluate the quality of the order in which recommendations
are presented, which is crucial for systems that provide users with ranked lists Shani and Gu-
nawardana (2011). Unlike accuracy metrics, which treat all recommendations equally, ranking
metrics assume that users typically focus on the top-ranked items, and that the position of relevant
items impact directly the user experience and the effectiveness of the system Joachims (2002),
Craswell et al. (2008).

Normalized Discounted Cumulative Gain (NDCG) is the most widely adopted ranking met-
ric Jarvelin and Kekildinen (2002). It evaluates the relevance of ranked recommendations while

accounting for position bias. NDCG is formally defined as:

DCG@k
IDCG@k

where DCG (Discounted Cumulative Gain) measures the actual gain:

NDCG@k =

k 2rel 1
DCG@k =
Z{ log,(i+1)

1=

and IDCG (Ideal Discounted Cumulative Gain) represents the maximum possible gain achiev-
able with perfect ranking. The term rel; symbolizes the relevance score of the item at position i,
and the logarithmic discounting function m ensures that relevant items appearing at lower
ranks contribute proportionally less to the overall score.

Mean Reciprocal Rank (MRR) Voorhees (1999), focuses specifically on the position of the
first relevant item in the ranking. It is formally defined as:

o
MRR = —
]Q| Z rank,

where | Q| is the number of queries (users) and rank, is the position of the first relevant item for
query q. If no relevant item is found, the reciprocal rank is 0. MRR is particularly valuable when
users seek to quickly identify at least one relevant item, making it especially suitable for evaluating

sequential recommendation systems where the immediate next-item prediction is critical.

Evaluation Challenges The evaluation of RS faces several methodological challenges that can
significantly impact the validity of the results. One critical concern is data leakage, which oc-
curs when information from the test set influences the training process, leading to optimistic per-
formance estimation. This issue is exacerbated when ignoring global timeline considerations in
offline evaluation settings Ji et al. (2020), as models may learn from user-item interactions that
would not be available at prediction time in real-world deployment scenarios.

This is more critical as we consider the evolution of user preferences over time, as items that
suffered from the cold start problem during training start to get really popular over the time Ado-
mavicius and Tuzhilin (2005). Without proper temporal splitting, models can learn from these

future popularity signals in evaluation datasets with extended time periods, creating an unrealistic
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advantage that would not exist in actual deployment scenarios Campos et al. (2014); Schnabel
et al. (2016). This violates the fundamental assumption of collaborative filtering: that item char-
acteristics remain relatively stable Koren (2010).

Additionally, research shows that higher offline metrics do not necessarily lead to improve-
ments in online performance Krauth et al. (2020). Although offline metrics are generally cor-
related with online performance across different environments, this relationship can vary signif-
icantly. Consequently, small improvements in predictive performance may result in insignificant
enhancements to the actual user experience.

The choice between implicit (e.g. time spent on item page) and explicit (e.g. ratings) feed-
back evaluation adds another layer of complexity because implicit feedback requires a different
interpretation and metric adaptation than explicit ratings do. Explicit feedback is more accurate
but less abundant than implicit feedback, as users may spend time on one item, but not consume
it. Besides, explicit feedback encompasses both positive and negative feedback, while implicit
feedback is generally interpreted as positive only.

These challenges have created a demand for more sophisticated approaches to understanding
and modeling user-item interactions. Traditional collaborative filtering methods rely primarily on
explicit ratings and struggle to capture the complex relationships between users, items, and their
evolving preferences over time. These limitations have led to a evolving adoption of representa-
tion learning techniques in RS, which are now fundamental to encoding rich, multidimensional

relationships.

2.2 Representation Learning

Representation learning has emerged as a foundational paradigm in modern machine learning. It
enables systems to automatically discover meaningful patterns in raw data instead of relying on
manually engineered features. This section explores the core principles of representation learning
and examines techniques relevant to recommender systems, particularly knowledge graph embed-

dings.

2.2.1 Fundamentals of Representation Learning

The goal of representation learning is to automatically generate superior features by discovering
the underlying patterns and structures in raw data Bengio et al. (2013). This is realized through
the acquisition of low-dimensional vector representations that encapsulate the fundamental at-
tributes of the original space, which is often complex and high-dimensional. The core principle of
representation learning is that similar entities should have similar representations Mikolov et al.
(2013b). This enables models to generalize beyond explicitly observed patterns, infer relation-
ships, and make predictions about unseen data combinations LeCun et al. (2015).

Traditional machine learning approaches require domain expertise for feature engineering,
which involves manually crafting representations from raw data Domingos (2012). For example,

early RS often used features such as user demographics and item categories Adomavicius and
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Tuzhilin (2005), Pazzani and Billsus (2007). However, this manual process is very demanding and
usually domain-specific. It often fails to capture the complex, nonlinear relationships inherent in
high-dimensional data Bengio et al. (2013).

Representation learning automates the feature discovery process by learning transformations
that map raw input data into vectorized representations Bengio et al. (2013), LeCun et al. (2015).
This process is done with a mapping f : X — Z that transforms input data x € X from a high-
dimensional, sparse, or discrete space into a dense, continuous, lower-dimensional space z € Z C
R?, where d is typically much smaller than the initial dimension size. This learned representation
should capture the semantic relationships of the data, while discarding noise and redundancy.

The learning process usually is done by optimizing an objective function that forces the learned
representation to preserve the properties of the initial data Bengio et al. (2013). These objective
functions can be categorized into several types:

Reconstructive objectives, such as those used in autoencoders, aim to minimize the recon-
struction error between the original input and its decoded representation. The objective function
typically takes the form .%.. = ||x — decode(encode(x))|?, where x is the input data vector or
feature representation, and the encoder-decoder architecture learns to compress and reconstruct x
from a lower-dimensional latent space Hinton and Salakhutdinov (2006); Vincent et al. (2008).

Predictive objectives learn representations by optimizing the model’s ability to predict target
variables or future observations. In RS, this often involves predicting user-item interactions, such
as ZLyred = X (u,i) (Vuis f (u,1)), where £ is a loss function, y,; is the true interaction, and f(u,1) is
the predicted interaction based on learned representations He et al. (2017); Rendle et al. (2009).

Contrastive objectives enforce that similar entities have closer representations while dissim-

ilar ones are pushed apart in the embedding space. These typically follow the form Z, nrasr =
exp(sim(z;,z;)/7)

Y exp(sim(z;,z)/7)°

the objective maximizes similarity between positive pairs while minimizing it for negative pairs

Chen et al. (2020); He et al. (2020).

In the context of RS, representation learning addresses several fundamental challenges, such

—log where sim(-,-) is a similarity function, 7 is a temperature parameter, and

as the sparsity found in Collaborative Filtering methods, reduced impact of the cold start problem
in items with few historical data, and the scalability in very large systems Zhang et al. (2019b).
A significant benefit of deep learning-based RS in comparison to classical CF approaches is their
capacity to internally automate the learning of these representations during the training process.
This capability eliminates the need for manual feature engineering, enabling the capture of com-
plex, nonlinear user-item interactions He et al. (2017), Cheng et al. (2016). In modern systems,
the network of users and items is often approached as a graph problem, demanding graph-based
representations that can capture multi-hop relationships and structural properties Wu et al. (2022),
Wang et al. (2019c¢).

2.2.2 Fundamentals of Graph Representation Learning

An emerging approach in the area is to model RS as graphs, wherein users and items are repre-

sented as nodes, and their interactions, such as purchases, ratings, or views, form the edges of a
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bipartite graph Wu et al. (2022). In this formulation, user nodes exclusively connect to item nodes
and vice versa, thereby capturing implicit or explicit feedback through edge definitions. This
structural framework enables the transformation of the recommendation task into a link predic-
tion problem: predicting potential future user-item interactions based on the existing connectivity
patterns in the graph Liben-Nowell and Kleinberg (2003); van den Berg et al. (2017).

This graph-based perspective offers both conceptual and practical benefits. It enables the mod-
eling of high-order relationships by traversing multiple hops in the graph, thereby capturing indi-
rect interactions that are frequently overlooked in conventional matrix factorization approaches.
For instance, a user who has not directly interacted with an item may still have significant connec-
tions to it via similar users or co-interacted items.

In the RS community, graph learning is most commonly approached as a link prediction prob-
lem Hamilton (2020), where the goal is to predict missing or future edges between users and items
in a bipartite graph. Given a set of users and items with existing interaction patterns, the task is
to infer potential new connections that represent likely user preferences or item relevance. Link
prediction problems are frequently addressed through the utilization of proximity-based method-
ologies, which capitalize on graph structural characteristics, or embedding-based approaches that
facilitate the learning of latent representations of nodes Martinez et al. (2016); Zhang and Chen
(2018).

Proximity-based Approaches Proximity-based methods learn node representations by leverag-
ing structural properties and topological features of the graph Hamilton (2020). These methods
generate representations based on graph statistics and connectivity patterns rather than optimizing
embeddings directly.

Structural similarity measures form the foundation of proximity-based representation learn-

ing. The Jaccard coefficient measures node similarity as

Jeccard _ [T ATE)
. IT(x) UT(y)]

where I'(x) represents the neighborhood of node x Lii and Zhou (2011). The common neigh-
bors metric CN(x,y) = |['(x) NI'(y)| provides a simpler way to measure structural proximity. These
measures directly translate to feature vectors that represent nodes based on their local graph struc-
ture.

Degree-based features incorporate node importance into representations. The preferential
attachment score PA(u,v) = |4 (u)| X |4 (v)| captures the likelihood of connection between high-
degree nodes Barabdsi and Albert (1999). In RS, this means using representations that show how
popular items are and how active users are. This helps the model understand which popular items
get more interactions.

Path-based representations leverage multi-hop connectivity patterns. The Adamic-Adar in-
dex AA(u,v) =Y, N W) (v) m weights common neighbors by their rarity, giving more
weight to the connections through less popular intermediary nodes Adamic and Adar (2003).
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In the context of bipartite graphs in RS, these methods are used to generate node representa-
tions by projecting the bipartite structure onto user-user or item-item graphs. Users are represented
by their structural similarity to other users through shared items, while items are represented by
their co-occurrence patterns. This facilitates the acquisition of collaborative signals using graph
topology Zhou et al. (2007).

Embeddings-based Approaches Modern graph embedding techniques are based on the adap-
tation of natural language processing methods, particularly the Word2Vec model Mikolov et al.
(2013a)). Word2Vec showed that meaningful word representations could be learned by predicting
co-occurring words within sliding windows of text. The research community then transferred this
perspective to graph domains by treating random walks as sentences, where nodes correspond to
words and each step provides the context for learning node representations. Two approaches are
known as bases in the area: DeepWalk Perozzi et al. (2014) and Node2Vec Grover and Leskovec
(2016).

DeepWalk was the first to adapt the word2vec’s approach to graphs. It works by simulating
random walks starting from each node, collecting its neighboring nodes as its context and applies
the Skip-gram model to learn embeddings. The goal is to maximize the probability of seeing
nearby nodes for any given node so that structurally or functionally similar nodes end up with
similar embeddings.

Node2Vec is built on top of DeepWalk, adding flexibility to the way the algorithm explores the
graph. Rather than walking randomly, Node2Vec introduces two parameters that allow the walks
to behave more similarly to a breadth-first search (BFS) or a depth-first search (DFS), depending
on the assigned values. This allows Node2Vec to capture local similarity or structural similarity,
depending on which is more meaningful for the specific application.

While random walk-based methods learn embeddings through neighborhood sampling, an
alternative paradigm has emerged through graph autoencoders, which learn representations by
reconstructing the graph structure though learned embeddings. Traditional graph autoencoders,
such as VGAE (Variational Graph Auto-Encoders) Kipf and Welling (2016), focus on node-
level embeddings, encoding each node and reconstruct the adjacency matrix through pairwise dot
products.

However, there has been a shift in the latest research moving towards graph-level autoen-
coders, such as GRALe Krzakala et al. (2025). Basing themselves in Evoformer’s Jumper et al.
(2021), they leverage attention-based architectures to capture both local patterns and global graph
properties in a attempt to learn a unified representations for entire graphs. This marks a significant
shift from node-centric to graph-centric representation learning. This shift enables applications
such as graph classification, graph generation, and cross-graph comparison in various application
fields.

Despite these advances, graph representation learning remains challenging. The unstructured
nature of graph data makes applying standard machine learning techniques quite difficult. The

large variety of possible graph structures creates scalability issues. The need to preserve multiple
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types of structural information simultaneously often leads to low representation quality. Further-
more, graphs in real-world applications tend to be dynamic, heterogeneous, and noisy, which turns

the learning process even more difficult.

2.2.3 Knowledge Graphs

Traditional graphs represent relationships between entities through simple edges, lacking explicit
semantic information. However, KGs augment this representation by incorporating structured
knowledge about the real world through rich semantic relationships Hogan et al. (2021).

Formal Definition A Knowledge Graph is formally defined as a directed, labeled, multi-
relational graph G = (E,R,T), where:

¢ FE is the set of entities (nodes)
* R is the set of relation types (edge labels);

o T CE XRXE is the set of triples (h,r,t) representing facts, where £ is the head entity, r is
the relation, and ¢ is the tail entity;

A key distinction between KGs and traditional bipartite user-item graphs used in collabora-
tive filtering lies in their inherent heterogeneity and multi-relational nature. This characteristic
enables KGs to represent a wide spectrum of entity types and relationship semantics Wang et al.
(2017). Each triple (h,r,t) encodes a factual statement, such as ("The Matrix", "directed_by",
"Lana Wachowski") or ("Action", "is_genre_of", "The Matrix"), as illustrated in Figure 2.4.

Traditional Graph Knowledge Graph
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Figure 2.4: Comparison between traditional graphs and knowledge graphs.
Semantic Richness Knowledge Graphs include contextual metadata including entity types,

attributes, temporal information, and hierarchical relationships Paulheim (2017). This enables

representation of complex domain knowledge such as:
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» Taxonomic relationships: (e;,is_a,e;) representing categorical hierarchies;
* Functional relationships: (e;, works_for,e;) representing roles and affiliations;
* Temporal relationships: (e, founded_in, 1995) representing time-dependent facts;

» Compositional relationships: (e, part_of,e;) representing structural dependencies;

They are constructed by extracting information from several different sources, from unstruc-
tured sources, such as articles Wu and Palmer (2018), videos Krishna et al. (2017), sensors Bar-
naghi et al. (2012), to structured databases, such as SQL tables Sequeda and Miranker (2013).
Common techniques used in the construction process include entity recognition Lample et al.
(2016), relationship extraction Zeng et al. (2014) and KG completion Nickel et al. (2016). Known
RS databases often treated as Knowledge Graphs are MovieL.ens Harper and Konstan (2015) and
Last.fm Schedl (2016).

At disposal, knowledge bases, such as DBpedia Auer et al. (2007) and Wikidata Vrandeci¢ and
Krotzsch (2014), are relevant tools for the advancement of studies involving Knowledge Graphs.
Inside the RS area, KGs play an important role of including external entities into the systems,
enabling the capture of complex semantic relationships. Lately, Large Language Models have
been used as a tool to complete missing links in Knowledge Graphs Yao et al. (2024) or initially

generate them Chen and Bertozzi (2023).

Knowledge Graphs are composed by several different relational patterns, which include:

e Symmetric (Antisymmetric): A relation is symmetric if it is in both directions, that is, if
the head entity is related to the tail, then the tail is equally related to the head. In contrast,
a relation is antisymmetric if both directions can only hold when the entities are the same.

For example, "is similar to" is symmetric, while "is older than" is antisymmetric.

Symmetric:  r(h,t) = r(t,h) Antisymmetric:  r(h,t) Ar(t,h) = h=t

* Inverse: Two relations r; and r, are inverse if one implies the other in reverse order. For

instance, if “user follows (author)”, then the inverse is “author is followed by (user)”.

rl(h,t) <:>I”2<t,h)

» Composition (Transitive): Relations can be composed across multiple steps. For example,
if "item belongs to category” and "category belongs to department”, then the composed

relation is “item belongs to department”.

ri(h,m) Ary(m,t) = r3(h,t)
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* 1-to-N, N-to-1: In 1-to-N, one head entity relates to multiple tails (e.g., "author writes

book"), while N-to-1 means multiple heads relate to one tail (e.g., "book has genre").
1-to-N:  r(h,t1),r(h,t2),...,r(h,t,)

N-to-1: I’(hl,l‘),l’(hz,l), e ,I’(hn,l)

Knowledge Graph Embeddings To take advantage of the relational structure of Knowledge
Graphs in machine learning tasks, a common strategy is to transform the graph into a continuous
vector space through embeddings. These embeddings aim to preserve the semantics of entities and
their relationships, enabling their use in downstream models such as recommendation, link pre-
diction, and reasoning. Several embedding algorithms have been proposed to model the relations

shown in Section 2.2.3, such as:

* TransE Bordes et al. (2013): Represents relations as translation vectors in the embedding
space. For a triplet (h,r,t), it enforces h+r ~ t, where h,r,t € R?. TransE is intuitive
and efficient and supports inverse and antisymmetric relations. However, it struggles with
symmetric relations and complex compositions, especially for 1-to-N patterns. Conceptu-
ally, it is similar to the word2vec skip-gram model, which preserves semantic proximity via

additive operations (e.g., king — man + woman ~ queen).

* TransR Lin et al. (2015): Extends TransE by projecting entities into relation-specific vector
spaces. Each relation » has a projection matrix M, € R%>¢ which transforms entity em-
beddings h,t € R into the relational space. The scoring function becomes M,h+r ~ M,t,

where r € R%. This enables TransR to capture all relation types.

* DistMult Yang et al. (2015): Uses a bilinear scoring function f(h,r,¢) = h'diag(r)t, under
the assumption of symmetric interactions. It performs well on symmetric relations and has
limited support for 1-to-N patterns. However, it cannot capture inverse or antisymmetric
properties due to the commutativity of multiplication. The scoring function can be inter-
preted as a similarity measure modulated by the relation vector, which is analogous to a

weighted cosine similarity between the head and tail entities.

* ComplEx Trouillon et al. (2016): Extends DistMult into the complex number space. The
scoring function is Re((h,r,t)), where t is the complex conjugate of t. This allows it to
model symmetric, antisymmetric, and inverse relations effectively. However, it lacks mech-

anisms for representing transitive or compositional patterns.

The following table compares each model’s scoring function, embedding space, and its ability
to represent different relation types:

While Knowledge Graph embeddings enable the integration of structured relational informa-
tion into machine learning applications, traditional recommendation approaches, whether based

on collaborative filtering Koren et al. (2009) or deep learning Covington et al. (2016), typically
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Model Scoring Function Space Sym. | Antisym. | Inv. | Comp. | 1-to-N
TransE —|[h+r—t|| RY v v v

TransR —IM,h+r—M,t| | RY R v v v v v
DistMult h'diag(r)t R? v v
ComplEx Re((h,r,t)) c? v v v v

Table 2.2: Comparison of Knowledge Graph embedding models and their relation modeling capa-
bilities.

operate within a static framework. In this framework, recommendations are generated indepen-
dently, without considering the sequential nature of user interactions or the long-term impact of
recommendation decisions Shani and Gunawardana (2011). This limitation has motivated the
exploration of RL in RS Afsar et al. (2022).

2.3 Reinforcement Learning

Unlike supervised learning approaches, which optimize for immediate prediction accuracy, RL
allows RS to learn optimal recommendation strategies considering both immediate feedback and
long-term user engagement. This shift from static prediction to dynamic policy learning over-
comes several limitations of traditional methods such as the cold-start problem, the exploration-

exploitation trade-off, and the optimization of long-term user satisfaction.

2.3.1 Fundamentals of Reinforcement Learning

RL is a topic of machine learning in which an agent learns to make a sequence of decisions
by engaging with an environment and receiving feedback in the form of rewards Sutton and
Barto (2018). In contrast to supervised learning, where the learning process relies on labeled
examples, RL requires the agent to explore and identify the sequence of actions that return the
highest cumulative reward through trial and error without direct ground-truth labels after each
action .

This process poses the challenge of temporal credit assignment Sutton (1984). The agent must
determine which past actions led to eventual rewards or failures, since feedback may arrive long
after critical decisions were made. The main focus of RL is to maximize the total reward over
time, which involves learning a policy - or a strategy to act on the environment based on possible
states - that ensures the highest return.

RL is grounded in the framework of a Markov Decision Process (MDP) Sutton and Barto
(2018), which provides a formalism for modeling decision-making under uncertainty. An MDP is
defined by a tuple (S,A, P,R,Y), where:

* S is the set of all possible states;
* A is the set of all possible actions;

* P(s'|s,a) is the probability of transitioning to state s’ € S from state s € S after taking action
acA;
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* R(s,a) is the reward received after executing action a in state s;

* ¥€0,1 is the discount factor, which weighs the importance of future rewards.

The agent aims to learn a policy ©* : § — A that maximizes the expected cumulative reward,

also known as the return:

G = Z }/(RH»/H»I
k=0

A key challenge in RL is the balance between exploration and exploitation. Exploration refers
to the agent trying new actions to discover potentially better rewards, while exploitation involves
choosing actions that are already known to yield high rewards. Finding the right balance between
these two behaviors is critical for effective learning, especially in environments where the agent

has incomplete information or changing dynamics.

2.3.2 Evolution of RL Methods

Over the years, a variety of foundational algorithms have emerged in the domain of RL. One of
the most significant value-based methods is Q-learning Watkins and Dayan (1992). Its objec-
tive is to learn the optimal action-value function by iteratively refining estimates based on the
rewards and transitions observed in the environment. Alternatively, policy gradient methods adopt
a distinct strategy by directly parameterizing the policy and modifying its parameters in order to
enhance the expected reward. These methods have demonstrated considerable effectiveness in
high-dimensional or continuous action spaces.

Deep RL has represented a milestone in this research area by merging the concepts of RL
with the robust function approximation capabilities provided by deep neural networks. A big
achievement in the field is the Deep Q-Network (DQN) Mnih et al. (2015), which showed that
an agent could reach human-level performance in different Atari games by using a deep neural
network to estimate the optimal Q-function. Based on this breakthrough, several new techniques
have been developed, with actor-critic models Mnih et al. (2016) being particularly notable. These
methods leverage the advantages of both value-based and policy-based approaches, resulting in

further enhancements in performance and stability Schulman et al. (2017).

Value-based Methods Value-based methods focus on estimating the value function, which roughly
calculates the expected return - or total reward - of executing an action in a particular state. The
foundational concept of these approaches is the action-value function Q(s,a), which indicates the
expected long-term reward after performing action a in state s, following an optimal strategy.
Techniques like Q-learning refine the Q-values iteratively through the use of the Bellman equa-
tion, which helps distribute the observed rewards back through the state-action space. These meth-
ods are especially effective in settings with discrete action spaces, where it is feasible to calculate

the maximum value among potential actions efficiently.
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However, value-based methods can encounter difficulties in environments featuring continu-
ous or high-dimensional action spaces and may sometimes face challenges such as overestimation
bias. To address these issues and enhance performance, variations like Double Q-learning van
Hasselt et al. (2015) have been introduced. Nevertheless, these methods can still suffer from high
variance in Q-value estimates, instability during learning, and sensitivity to hyperparameters. In
sparse reward environments, they may struggle to propagate meaningful signals, requiring mech-

anisms like reward shaping or target networks to stabilize updates.

Policy-based Methods Policy gradient methods Williams (1992) adopt a fundamentally dis-
tinct strategy by directly enhancing the strategy without the need for a value function. In these
approaches, the policy (7g(a|s)) is defined by a set of parameters (6), and the goal is to modify
these parameters to maximize the expected reward. This is usually achieved by calculating the
gradient of the expected return with respect to the policy parameters and then updating them via
gradient ascent.

A significant benefit of policy gradient methods is their capability to effectively manage con-
tinuous action spaces, as they produce a probability distribution over actions instead of a finite
selection. Additionally, these methods often facilitate more stable learning when paired with tech-
niques like baseline subtraction, which helps to lower the variance in the gradient estimates.

However, policy gradient methods also have notable limitations. They can be sampling in-
efficient due to high variance in gradient estimates and typically require more interactions with
the environment. In addition, without appropriate exploration strategies, the learned policy may

converge to suboptimal behavior.

2.3.3 RL-based Recommender Systems

Applying RL to RS requires a careful reformulation of the recommendation process within the
MDP framework.

MDP Formulation for Recommendations In the context of RS, the MDP is formulated as the
RS is an agent that learns an optimal recommendation policy by interacting with the environment,
the users. At each time step, the agent observes the current user state, selects a recommendation
action, and receives feedback in the form of rewards. This feedback influences the transition to
the next state making the system consider the sequential nature of user interactions.

The key advantage of this formulation is its ability to model dynamic user behavior, where
recommendations influence future preferences. This forces the system to adapt over the time to
changes in the user behavior or the item availability. The temporal dependencies of the context

and the cumulative effects of each recommendation are what guides RL-based RS.

State Representation In RL-based RS, the state representation is all the relevant information
about the user’s current context that may influence recommendation decisions. This information

can include the user’s interaction history, such as previously viewed, rated, or purchased items,
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as well as temporal features, such as session duration and interaction frequency. A common deep
learning-based approach is to encode each user interaction sequence as the state representation
Afsar et al. (2022), with models such as LSTMs Hochreiter and Schmidhuber (1997) and GRUs
Cho et al. (2014a).

It is in the state representation where Knowledge Graphs can deeply enhance RL-based RS,
incorporating external information about every user-item interaction. For example, if a user has
interacted with items belonging to specific genres, directors, or brands, the KG can provide context
about related entities and their semantic relationships. This allows the state representation to
capture implicit user preferences and interests that may not be directly observable from interaction

history alone.

Action Space In the context of RS, the action space is defined as the set of all potential items
that the agent is capable of recommending to a user during each interaction step. This can be
formulated in a variety of ways. One possibility is to express it as a direct list recommendation,
wherein the agent selects multiple items simultaneously. Another approach is to express it as
individual item selection, where one item is chosen per interaction Zheng et al. (2018); Zhao et al.
(2018).

The representation of actions is tied to the selection of the RL algorithm, being an important

pillar for the learning process. Action representation can take several forms Chen et al. (2019b):

* Discrete representation: Each item is represented as a unique discrete action with a unique

identifier, suitable for smaller catalogs but computationally challenging for large inventories;

* Continuous representation: Items are embedded in continuous vector spaces, enabling

similarity-based reasoning Lillicrap et al. (2015);

* Hybrid approaches: Combine discrete and continuous representations to balance expres-

siveness with computational efficiency;

For systems with large item catalogs (e.g., millions of products), the action space becomes

computationally intractable, requiring specialized techniques Chen et al. (2019a):

1. Candidate generation: Pre-filtering the action space to a subset of relevant items using

collaborative filtering or content-based methods Covington et al. (2016);

2. Hierarchical action spaces: First selecting high-level categories or features, then choosing

specific items within those categories Tang et al. (2019);

3. Action clustering: Grouping similar items and selecting clusters before individual items Ie
et al. (2019);

Knowledge graphs can enhance action representation by incorporating rich semantic relation-

ships between items, users, and contextual entities Xian et al. (2019b); Liu et al. (2020). This
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enables agents to reason about item recommendations based on semantic similarity, entity rela-
tionships, and multi-hop connections in the KG, leading to more informed and explainable recom-

mendation decisions.

Reward Design This is the most critical part of any RL-based system, as it determines directly
the system optimization objective. In RS, it must balance the imediate user satisfaction with the
long-term engagement.

Effective reward design often involves combining multiple signal types through weighted com-
binations or multi-objective optimization techniques. Some approaches use shaped rewards that
provide intermediate feedback signals Chen et al. (2019c), while others use hierarchical reward
structures that optimize for immediate and long-term objectives at different time scales Chen
et al. (2019a). The challenge is effectively designing a reward functions that encourage long-term

behavior while providing a sufficient learning signal for efficient policy optimization.

2.3.4 RL-based algorithms

Several RL algorithms have been adapted for use in RS. Offline RL methods have received par-
ticular attention because they can learn from logged user interaction data without requiring live
experimentation. In some cases, simulators such as DIEN Zhou et al. (2019), LSTMs or Wide &
Deep Cheng et al. (2016) are employed to simulate user responses and create controlled environ-
ments for policy evaluation Ie et al. (2019). Some of the foundational algorithms in Offline RL
are BC, BCQ and CQL Afsar et al. (2022); Levine et al. (2020); Chen et al. (2021a).

Behavioral Cloning (BC) Pomerleau (1988) is the simplest approach to learning recommen-
dation policies from historical data. In BC, the agent mimics the behavior in the logged dataset,
treating the recommendation problem as a supervised learning problem. The policy 7(als) is
trained to predict actions (recommendations) taken from the historical data given the correspond-
ing states (user contexts).

Typically, this is done by minimizing the cross-entropy loss between the predicted and logged
actions. Although BC is simple and stable, it suffers from distribution shift. During deployment,
the learned policy may encounter states that are not well represented in the training data, causing
the policy to extrapolate poorly. This distributional mismatch can lead to compounding errors,
where small mistakes in initial recommendations cause the agent to enter regions of the state
space that are not found during training. This further increases error as the trajectory progresses,
a phenomenon known as error accumulation or covariate shift Ross et al. (2011).

Batch Constrained Q-learning (BCQ) Fujimoto et al. (2019) addresses the distributional
shift problem seen in behavior cloning. BCQ accomplishes this by constraining the learned policy
to select actions that are likely under the behavior policy distribution. This is done through a
generative model that learns to produce actions similar to those in the dataset and a Q-function
that evaluates these actions. Specifically, the agent samples candidate actions from the learned
generative model, G(a|s), and only considers actions with a high estimated likelihood under the

behavior policy. These actions are filtered before being passed to the Q-function for evaluation.
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In recommendation contexts, BCQ prevents the system from recommending items with small
interaction history, thereby reducing the risk of poor performance due to extrapolation errors.

Conservative Q-Learning (CQL) Kumar et al. (2020) is a more conservative approach, di-
rectly addressing the overestimation bias inherent in offline Q-learning. It adds a regularization
term to the Q-learning objective, penalizing Q-values for state-action pairs that are not present in
the dataset and encourages higher Q-values for actions that appear in the logged data. This con-
servative approach ensures that the learned policy assigns lower values to out-of-sample actions.
Thus, CQL is particularly suitable for RS, as recommending unseen or poorly supported items
can lead to a poor user experience. CQL has demonstrated robust empirical performance in rec-
ommendation tasks Afsar et al. (2023), maintaining conservative estimates while enabling policy
improvement over the behavior policy.

These offline RL algorithms are particularly valuable in RS because they can leverage the vast

amounts of logged user interaction data that is commonly available in online platforms.

2.3.5 Available Toolkits

Several specialized toolkits have been developed to facilitate research and development in RL-
based RS. Each toolkit addresses different aspects of the research pipeline, from simulation envi-

ronments to real-world datasets.

RL4RS: Real-World Benchmark Dataset RL4RS Wang et al. (2021) is a open framework
designed to close the gap between RL-based RS research and real-world applications. This frame-
work is focused on slate recommendations, offering real-world datasets collected from real logged
data from NetEase Game, providing a realistic sequential decision-making environment. This
framework offer a wide variety of algorithms for various categories: supervised-learning, model-
free RL and offline RL.

RecSim: A Configurable Recommender Systems Simulation Platform RecSim Ie et al.
(2019) is a framework provided by Google Research as a contribution to simulation-based de-
velopment of RL algorithms for RS. The biggest contribution of the framework is the possibility
to create new environments that vary in assumptions about user preferences and item familiarity,

user latent state dynamics, and choice models.

EasyRL4Rec EasyRL4Rec Yu et al. (2024) addresses the lack of user-friendly frameworks and
inconsistent evaluation metrics. This comprehensive library provides lightweight and diverse RL
environments based on five public datasets and includes core modules with rich options, sim-
plifying model development while offering unified evaluation standards focusing on long-term
outcomes. The library is structured around four core modules, each for each part of the MDP
formulation of RL-based RS, allowing easier configuration of each step. The toolkit provides a

variety of evaluation metrics commonly used in RL and RS. These metrics include cumulative
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reward measures for assessing the long-term effects of RL policies and recommendation ranking

for short-term user impact.

2.4 Related Work

This section reviews works that integrate KGs, RL, and RS to address recommendation challenges.
Our focus is on methods that use all three components in a unified framework. We analyze their

integration approaches, success metrics, and contributions to the field.

PGPR: Policy-Guided Path Reasoning PGPR Xian et al. (2019a) is a groundbreaking ap-
proach that couples recommendation and interpretability by providing actual paths in a KG. The
method formulates the recommendation problem as a sequential decision process where the target
user is defined as the initial state, the Knowledge Graph is the environment and each step on it is
an action. The RL agent is then encouraged to find the best possible paths within the KG to rec-
ommend items. The output is which item was recommended and the connections it has to explain
the recommendation. This type of KG integration effectively address the data sparsity and cold
start problems, as if the item or user is in the KG, there will be a path inside it that leads to other
entities.

However, PGPR has some limitations. The algorithm tends to favor shorter paths due to re-
ward optimization, potentially overlooking longer paths that are more semantically meaningful.
The approach also lacks consideration of path quality from an explanation perspective, focusing
primarily on recommendation accuracy rather than explanation effectiveness.

In 2022, researchers extended the framework to use quality metrics of the reasoning paths,
such as recency, popularity and diversity Balloccu et al. (2022). This made the RL agent not only

optimize the recommendation quality, but also its explanation and meaningfulness.

KERL: A Knowledge-Guided Reinforcement Learning Model for Sequential Recommenda-
tion KERL Wang et al. (2020) is a framework that, instead of using the KG in a path reasoning
approach, uses it to create better state and action representation, integrating directly the user his-
tory, item features and their contextual neighbors properties. With this, they approach the recom-
mendation system as a sequential problem, where at each step the RL agent needs to recommend
an item based on the current state, receiving the feedback and updating itself for the next step.
Specifically, KERL constructs three types of state representations that are concatenated to form

the final state vector:

* Sequence-level representation: Captured by a GRU Hidasi et al. (2016b) over past inter-

actions to encode sequential user behavior patterns;

* Current knowledge-based preference: Computed by averaging TransE KG embeddings

of previously interacted items to represent existing user interests;
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* Future knowledge-based preference: Predicted by a Multi-Layer Perceptron Rumelhart
et al. (1986) (or induction network) applied to the current preference to anticipate possible

shifts in user interests;

To encourage better recommendation sequence, KERL applies a composite reward function,
where both the sequence creation and alignment of KG relationship are scored. They apply this
setting for both next-item and next-session prediction. The datasets used in the article are primarily
the Amazon He and McAuley (2016) and LastFM Schedl (2016). As baselines, we highlight
GRU4Rec Hidasi et al. (2016a) and FPMC Rendle et al. (2010) as strong algorithms used in the
article as comparison with sequential-based models.

Despite its innovations, KERL also faces some limitations, mostly in scalability when dealing
with very large KGs due to the computational complexity of enhanced state representations. Addi-
tionally, the composite reward function requires careful tuning of the balance between sequence-
level and knowledge-level rewards, which may not generalize well across different domains and be
an intensive fine tuning work. Lastly, the method relies on pre-computed KG embeddings, which

may limit its ability to adapt to evolving graphs over the time.

Interactive Recommender System via Knowledge Graph-enhanced Reinforcement Learning
Knowledge Graphs are also being used to solve sample efficiency in interactive RS, where the
users preferences are highly dynamic. Using the KG as prior knowledge about the items, the
recommendation steps are guided by the semantic properties of the items and the previous user
interactions Zhou et al. (2020). The action space is refined using the KG for candidate generation,
focusing on the exploration of items that are semantically connected to the user. This ensures that
most of the recommendations are relevant overall.

The performance of the method depends heavily on the quality of the KG, which can be in-
complete in several cases or contain biased information. Additionally, the approach requires the
careful design of the candidate selection mechanisms, which may not transfer well across different
recommendation domains. Furthermore, the method’s emphasis on sample efficiency could harm

the diversity of recommendations.

Temporal Graph Contrastive Learning for Sequential Recommendation TGCL4SR Zhang
et al. (2024) attempts to solve the problem of exploiting temporal information while dealing with
uncertainty and noise in evolving user behaviors for next-item prediction. The proposed method
uses a Temporal Graph Contrastive Learning approach, leveraging local interaction sequences and
global temporal graphs to understand the correlation between items and analyze user behavior
temporally.

This approach enhances the temporal graph by applying two types of transformations: one
that samples neighboring nodes and another that slightly modifies time information. These meth-
ods create different versions of the same graph sequence. Then, a Temporal Item Transition Graph
Convolutional Network (TiTConv) is used to learn patterns in how items change over time, produc-

ing a vector representation of it. To make it more consistent, Temporal Graph Contrastive Learning
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(TGCL) encourages the model to produce similar representations for the same sequences across

these variations.

Despite being very innovative, TGCL4SR has a high computational cost due to process both
global relationship and local sequences. As it is dependent on a two transformations, there are a

lot of parameters to tune, which may not generalize well.

Key trends in latest works The recent works that combine the areas of RL, Representation
Learning, more specifically with KG, and RS have a clear objective of trying to solve problems

seen on traditional RL-based RS approaches, such as sample efficiency and temporal dynamics.

Knowledge Graphs are being used heavily in state representation, where the addition if seman-
tic properties between items and users in the process has shown big improvements in the quality
of recommendations. Nevertheless, KGs are being successfully used to filter the candidates before
the action, improving both scalability and efficiency of these systems. In the case of explainable
RS, KGs are a clear benefit in path reasoning algorithms, allowing the user to know exactly what

the system saw to recommend that specific item.

The community is also focusing on ways to model the evolution of the graphs, as previously
graphs were taken as static structures. This represented a big weakness of the approaches, as they
relied on the exploration capability of RL. The embeddings are now being time-aware and the

rewards functions are now taking account the temporal consistency of the user behavior patterns.

The field is also evolving for more comprehensive evaluation frameworks, not just focused
on recommendation metrics, but also explainability, diversity and semantic alignment with the
Knowledge Graphs. This indicates that the field is not only focusing on pure optimization, but

also on improving user experience in recommendation platforms.

Positioning of This Work This study builds upon the foundations established by KERL and
analogous KG-enhanced RL approaches, while addressing key limitations and extending the method-
ology in several significant directions. In contrast to KERL'’s intricate three-component state rep-
resentation, which incorporates future preference prediction through induction networks, our ap-
proach employs a more streamlined methodology that emphasizes direct integration of TransE

embeddings into behavioral cloning frameworks.

Specifically, our work differs from existing approaches in three key aspects. First, we use
behavorial cloning in the place of full RL. This approach simplifies the learning process while
maintaining the benefits of sequential decision-making frameworks. This choice facilitates more
stable training dynamics and easier interpretability compared to the complex reward functions
required by methods like KERL. Secondly, we conduct systematic ablation studies across multiple
user representation strategies to ascertain the most effective semantic integration approaches for
sequential recommendation. Lastly, we compare these approaches to non-KG statistical baselines,

making possible to quantify the contribution of semantic information in state representation.
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This work contributes to the field by providing a controlled evaluation environment that iso-
lates the impact of KG integration from other modeling choices. By maintaining identical tem-
poral splits, session boundaries, and evaluation protocols across all approaches, our methodology
enables fair comparison between semantic-enhanced and traditional sequential recommendation
methods. This systematic approach addresses a gap in existing literature where performance im-
provements are often obfuscated by multiple simultaneous changes to model architecture, data

processing, and evaluation methodology.
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Methodology

This chapter presents the theoretical framework for integrating KG embeddings into sequential
recommendation systems. We establish the methodological foundations that differentiate this ap-
proach from traditional methods, describe the system architecture, and detail the core processes

for knowledge integration and RL-based recommendation.

3.1 Problem Formalization

We formalize the KG-enhanced sequential recommendation as an extension of the standard Markov
Decision Process framework. Let ¢ : E — R? denote the KG embedding function that maps enti-
ties to d-dimensional vectors.

The enhanced MDP is defined as the tuple (Skg,A, P,R,y) where:

* Sk = {fempea({9(e) | e € H,},0(i;)) | u € U,t € N} is the set of KG-enhanced states;
» A={a; | i €I} is the set of recommendation actions (items);

* P(skg | Sk, a) is the transition probability to enhanced state s; from state sx¢ after action

a,

* R(skg,a) is the reward function mapping enhanced states and actions to user satisfaction

signals;
* y€[0,1] is the discount factor for future rewards.

where f,,.peq TEpresents a state construction function, H, denotes user interaction history, i, is

the latest item context, U is the user set, and / is the item set.

3.2 System Architecture

Figure 3.1 presents the theoretical architecture for KG-enhanced sequential recommendation. The
framework operates through four distinct processing stages that transform heterogeneous data

sources into knowledge-guided recommendations.
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Data Sources

Domain Metadata User Interactions

content collaborative

Semantic Integration

structure

Knowledge Graph Construction Semantic Embedding Learning

Context Construction

User History Semantic Context
embeddipgs . .
history / Policy Learning
Enhanced States i Policy Learning ) Recommendation Generation

Figure 3.1: Architecture of the developed system.

The system integrates multiple information modalities through a unified processing pipeline.
We will illustrate the process using a running example from an e-commerce platform in which a

user browses electronics products.

Data Sources This layer combines two complementary information sources. Domain metadata
provides structured knowledge about items, including attributes, taxonomies, and relationships.

For instance, it includes product categories ("smartphones,” "accessories"), specifications (screen
size, battery capacity), and brand information. User interactions capture behavioral signals, such
as clicks, purchases, and ratings. In our example, a user’s session might include viewing a cell-
phone from a specific brand, clicking on wireless earbuds, and purchasing a phone case. System-
atic integration of these heterogeneous sources is required to create coherent knowledge represen-

tations that bridge content features with collaborative patterns

Semantic Integration This stage processes integrated data through two complementary mech-
anisms. Knowledge Graph Construction normalizes domain metadata and user preferences into
structured relationships, creating a unified graph in which entities (e.g., users, items, and attributes)

nn

are connected by typed edges (e.g., "belongs-to" "purchased," and "has-feature"). In our example,

this creates connections such as
category
Samsung_Phone —— Smartphones

. frequently-bought-with
Wireless_FEarbuds Samsung_Phone
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Semantic Embedding Learning then maps these graph entities and relations into dense vector rep-
resentations, enabling the computation of semantic similarity. Items with similar features or co-
purchase patterns receive similar embeddings. This allows the system to recognize that a phone

case is semantically relevant to a recently viewed phone, even without explicit interaction data.

Context Construction Enhanced state representations are constructed by fusing both User his-
tory Semantic context. The first captures behavioral patterns from the interaction sequence. In our
example, this would be the temporal progression from viewing phones to exploring accessories.
The second enriches this behavioral signal with knowledge-based features derived from learned
embeddings. These features include category information (e.g. electronics — mobile accessories)
and attribute similarities (e.g. compatible devices). This dual-context approach allows the system
to understand both what the user has done and why certain items are related, creating representa-

tions that capture temporal dynamics and conceptual connections.

Policy Learning Sequential decision-making uses enhanced state representations within a RL
framework. At each step, the RL agent observes the current state by combining user history and
semantic context, selects an action by recommending an item, and receives feedback in the form of
rewards, or user engagement signals. In our example, after viewing a Samsung phone and clicking
on earbuds, the policy network uses the interaction sequence and semantic knowledge to recom-
mend accessories like phone cases or screen protectors. Offline RL algorithms learn from logged
trajectories without requiring online exploration. This enables the system to generate personal-
ized recommendations that optimize long-term user engagement while respecting the semantic

structure of the item space.

3.3 Semantic State Construction

3.3.1 Knowledge Graph Embedding Framework

The semantic enhancement process begins with learning dense vector representations of KG enti-
ties. Let G = (E,R,T) represent the KG where T C E x R x E contains the relational triples. The

embedding learning objective employs a pairwise ranking loss:

Zke = Z Z Lyaui(f(hy1it), f(H,1,1"))
(hyrt)€T (B rt")ETeq
where ¢ : E — R? maps entities to d-dimensional vectors, ¥ : R — R? maps relations to the
same space, f(h,r,t) is a model-specific scoring function, 7y, contains negative triples generated
through corruption and L, represents a ranking loss function.
The learned embeddings should satisfy the property that semantically related entities have
similar vector representations, while unrelated entities are represented separately in the embedding

space.
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3.3.2 State Enhancement Integration
The enhanced state at time ¢ integrates user behavioral patterns with semantic item characteristics:

() = (1) . (1) ]

enhanced — |Suser >Sitem

(t) _A . . H(t)
Suser = N8 {¢(€z) | e; € Hy }
Sge)m = O (ecurrent)

where H,St) = {ey,e2,...,er} represents the user’s interaction history up to time #, €qyyrens de-
notes the current item entity, and the concatenation operation creates the unified state representa-
tion.

The user component, sﬁfs)ﬂ, captures preference patterns through the use of aggregated semantic
()

representations of items with which the user has previously interacted. Meanwhile, s;,,,, provides
immediate context about the semantic characteristics of the current item. Figure 3.2 illustrates this

process, with each step of the pipeline explained below.

User Interaction History

Item, 4 Item; 3 Item,; o Item; | Item,
mb mb mb mb mb
‘ (] \ ‘ (33 ‘ ‘ e3 ‘ ‘ €y ‘ J €s emb
Historical Context Aggregation Function Immediate Context

|

User Context u

[u][es] Concatenate

Enhanced State

Figure 3.2: Enhanced state construction process.

User Context Aggregation User representations are constructed by aggregating item embed-
dings from recent interactions. This process transforms sequential user behavior into semantic

vector representations that capture preference patterns based on content relationships.

Most Recent Item Representation The item with which the user most recently interacted pro-
vides immediate semantic context for the current decision point. This representation encodes the
item’s content and its relationships with other entities in the KG. It serves as contextual informa-

tion for predicting the user’s next interaction.
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State Vector Construction Enhanced states are created by concatenating the aggregated user
context vector with the embedding of the most recently interacted item. This creates a unified
input representation, allowing the policy to leverage the user’s historical preference patterns and

the current context’s semantic characteristics to predict the next item in the sequence.

Aggregation Functions The aggregation function Agg, determines how historical embeddings

are combined to form user representations. We define a parameterized weighting scheme:

k
Aggy(H, Z (6,1,0)- ¢ (e:) 3.1)

where w;(0,1,i) represents context-dependent weights that sum to unity: Zf;l w; = 1.

Mean aggregation : Computes the simple average of recent interaction embeddings within
the embeddings space, treating all historical interactions equally to establish a baseline user rep-

resentation:
1 :
Wi = Vie{1,2,...,k}

Recency-based : Applies temporal weighting to prioritize more recent interactions in the
embedding space. This reflects the dynamic nature of user preferences and ensures that current

behavior patterns have a greater influence on the representation:

i
Z] 1j

where i represents the position of interaction e; in the chronologically ordered history (with

Wi =

i = 1 for oldest, i = k for newest).

Quality-based : Weighted aggregation based on user satisfaction signals. This ensures that
positive experiences contribute more significantly to the user representation than neutral or nega-

tive ones;

fquality(ri)
21;21 fquality(rj)

where r; is the binary reward associated with interaction e;, and the quality function assigns

w; =

weights based on user satisfaction:

Bros ifr=1
fqualily(r) - & . 3.2)
Breg ifr=0
where B, > Breg > 0 control the level importance of positive versus negative feedback inter-

actions.
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3.4 Reinforcement Learning Integration

Enhanced semantic state representations enable policy learning through offline RL. Unlike the
online setting, which relies on active user interaction, offline RL operates exclusively on fixed

logged data, eliminating the need for environmental exploration.

The Distributional Shift Challenge The central challenge in offline RL is distributional shift,
where the learned policy & may select actions that are not well-represented in the logged dataset &,
which was collected under a potentially different behavioral policy 5. When the policy encoun-
ters states or state-action pairs outside the data distribution, value estimates become unreliable,
which can lead to policy degradation.

Semantic state enhancement partially mitigates this challenge by enabling better generaliza-
tion through KG-based similarities. When a policy encounters a new state-action pair, the semantic
embeddings enable the algorithm to leverage information from similar items with observed inter-

actions, thereby improving extrapolation beyond the data’s scope.

3.4.1 Policy Learning with Enhanced States

To address the distributional shift challenge, we limit the scope of this study into three offline RL

algorithm categories known for handling it:

Behavioral Imitation This method directly imitates the logging policy via supervised learning,
rather than attempting value-based improvement. By replicating observed behaviors, this approach
avoids Q-value overestimation errors arising from distributional shift. However, it is limited by
the quality of the behavioral policy and cannot surpass the performance observed in the training
data.

Policy Constraint Methods These methods perform value-based learning while explicitly con-
straining the learned policy to stay close to the behavioral policy’s action distribution. This bal-
ances policy improvement with safety by limiting exploration to regions that are well covered by
the dataset.

Conservative Value Estimation It allows for arbitrary policy actions, but it regularizes value
functions to be pessimistic for out-of-distribution state-action pairs. This prevents overestimation

errors from propagating through the learning process.

3.4.2 Integration with Semantic Enhancement

The KG-enhanced state construction integrates semantic information into the offline RL frame-

() _ @ 0

work through the concatenated state representation s,,/, .. = [suse,;sit em], as defined in Section

3.3.
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Implicit Semantic Generalization Incorporating KG embeddings into the state representation
gives the neural network semantic features to complement behavioral signals. Because of the con-
tinuity properties of neural network function approximators, items with similar embeddings will
tend to receive similar policy outputs or Q-values, provided the learned function assigns weight to

these semantic features.

Enhanced State Space Semantic embeddings augment behavioral features with content-based
information, effectively expanding state representations beyond purely collaborative signals. This
enriched representation gives offline RL algorithms additional context for making decisions, es-

pecially for items with limited interaction history where collaborative signals are scarce.

Architectural Implementation The KG embeddings ¢(e) are precomputed and remain fixed
during RL training. The policy network, mg, processes the enhanced states through its hidden
layers and learns to combine behavioral and semantic features for action selection. This modu-
lar design enables the exploration of various aggregation strategies, such as the ones described in
Section 3.3, while ensuring consistent semantic representations across all tested offline RL algo-

rithms.
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Chapter 4
Experimental Setup

This chapter explains our study’s implementation details. We present the dataset selection, its

statistics, the details of the KG construction, model architectures, and the training procedures.

4.1 Dataset and Preprocessing

This section details the data preparation workflow, with Figure 4.1 illustrating the complete pro-

cessing pipeline used to prepare data for model training and evaluation.

Step 1: Data Preparation Step 2: Processing Step 3: Training

Raw Data (— KG Entity Alignment —{ Filtered Dataset —{ Temporal Splitting — Session Detection | State Construction —{ Model Training

TransE Training

Figure 4.1: Data processing pipeline with parallel knowledge graph embedding training.

Dataset Selection For this research, the MovieLens dataset Harper and Konstan (2015) was
chosen due to its wide adoption within the RS research community. This dataset collection aggre-
gates variants from 100,000 to 32 million user ratings, the majority having corresponded linkage
to Knowledge Graphs provided by open source communities, such as DBpedia Auer et al. (2007).

Given the high computational cost and the limitations in processing power, this study employs
the Movielens-1M variant. This size combines both computational effiency and experimental va-
lidity, maintaining sufficient scale to show statistically significant results while remaining tractable

for extensive experimentation.

Original MovieLens-1M Properties The MovieLens-1M dataset contains comprehensive user-
item interaction data spanning approximately three years of user activity. Table 4.1 shows the basic

information about the raw dataset.
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Property Value
Total ratings 1,000,209
Unique users 6,040
Unique items 3,706
Density 4.47%
Rating range 1-5
Average rating 3.582

Date range Apr 25, 2000 — Feb 28, 2003

Experimental Setup

Table 4.1: Original MovieLens-1M dataset statistics before preprocessing.

The dataset exhibits characteristics that are typical of real-world recommendation scenarios.

With a density of 4.47% (percentage of all possible user-item pairs have ratings), it shows the

sparse interaction patterns that are common in practical systems. The three-year temporal span

provides sufficient data for learning sequential patterns, and the rating scale enables implicit and

explicit feedback. High-quality KG mappings were available for the majority of items, which was

a decisive factor in dataset selection.

Knowledge Graph Filtering Impact In order to ensure consistency between rating data and

KG coverage, entity filtering was applied to remove items without corresponding DBpedia rep-

resentations. These items had fewer interactions in the original data, causing a small increase in

dataset density. As shown in Table 4.2, this preprocessing step removes a considerable amount of

data from the initial composition of the dataset.

Temporal Split Characteristics

Property Before After

Total ratings 1,000,209 948,988

Unique users 6,040 6,040

Unique items 3,706 3,228

Density 4.47% 4.87%

Average rating 3.582 3.575
Filtering Impact

Removed items
Removed ratings
Retention rate

478 (12.9%)
51,221 (5.1%)
94.9%

Table 4.2: Impact of KG entity alignment on dataset composition.

In accordance with the best practices for evaluating sequential

recommendations, the dataset was partitioned chronologically using 80/10/10 timestamp quan-

tiles. Table 1 presents the resulting split characteristics.

The temporal split maintains the fundamental data distribution across the training, validation,

and test sets, exhibiting comparable density and item coverage throughout all sets. The temporal

split based on a global timeline ensures no leakage of information between sets.
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Property Training Validation Test
Date cutoff < Dec 2,2000 Dec 2-29,2000 > Dec 29, 2000
Total ratings 759,190 94,899 94,899
Unique users 5,399 1,124 1,207
Unique items 3,199 2,980 3,053
Density 4.40% 2.83% 2.58%
Cold-start Characteristics
Cold users - 608 (54.1%) 202 (16.7%)
Cold items - 12 (0.4%) 21 (0.7%)

Table 4.3: Temporal split statistics and cold-start analysis.

It is important to note that the temporal split caused a cold-start effect for users. Over half
of the validation users and 16.7% of the test users are entirely new to the model at evaluation
time. However, cold-start items are minimal due to the comprehensive item coverage in training.
This setup simulates the real-world challenge of recommending to new or infrequent users without

introducing artificial changes in item or interaction distributions.

Session Boundary Detection Sequential recommendation requires well-defined session bound-
aries to segment continuous user interactions into meaningful episodes. We implement a hybrid

session detection approach:

* Time-based segmentation: Sessions terminate when the gap between consecutive interac-

tions exceeds 1 hour (3,600 seconds);
» User transition detection: Session boundaries occur at user changes;

* Hybrid integration: Final boundaries determined by the union of both criteria;

This hybrid approach ensures sessions capture coherent user intentions while respecting natu-
ral temporal boundaries and preventing cross-user contamination. The 1-hour threshold was cho-
sen based on typical movie browsing session lengths and aligns with conventions in session-based

recommendation literature.

4.2 Knowledge Graph

4.2.1 Knowledge Graph Architecture

Our KG construction methodology integrates structured DBpedia Auer et al. (2007) metadata
with collaborative signals by incorporating user entities and preference relationships directly into
the graph structure. We formalize positive user feedback as explicit triples, thereby creating a hy-
brid knowledge representation that combines content-based semantic relationships with behavioral

user-item interactions.
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Collaborative Knowledge Integration We define positive user feedback as ratings of 4 or above
on the 5-point scale. This results in 437,309 user-item preference relationships from the training
set. This threshold balances signal quality with coverage, capturing clear positive user preferences
while maintaining sufficient collaborative signal density.

Collaborative filtering relationships are formalized as KG triples of the form (u;,interacted,m;),
where each triple represents a positive preference relationship between a user entity and an item
entity within the unified KG structure. This formulation enables the integration of explicit user
preferences alongside content-based relationships, allowing TransE to learn unified embeddings
that simultaneously encode content similarity patterns (e.g. genre and director relationships) and
collaborative filtering signals (e.g. user preference clusters and item co-occurrence patterns). The
resulting embedding space captures both the semantic properties of items through their metadata

relationships and the behavioral patterns of users through their interaction histories.

Entity and Relation Statistics Table 4.4 presents the overall statistics of the constructed KG

after integration of all information sources.

Component Count
Entities

Total entities 35,493

Movies 3,300

Users 6,040

Other entities 26,153

Relations

Total relation types 42
Triples

Content triples (DBpedia) 434,190

Collaborative triples (ratings > 4) 437,309

Total triples 871,499

Table 4.4: Knowledge graph composition and statistics

The KG integrates 434,190 content-based triples from DBpedia with 437,309 collaborative
triples derived from positive user ratings (rating > 4), creating a balanced representation of both

semantic relationships and user preferences.

4.2.2 TransE Embedding Training Configuration

The selection of TransE as the KG embedding method for this initial approach was motivated
by its conceptual simplicity and computational efficiency. TransE operates within a single em-
bedding space, wherein all entities are represented as vectors in the same dimensional space, and
relationships are modeled as translation operations. This unified representation facilitates straight-
forward integration with recommendation models, as opposed to more complex embedding meth-

ods that may require relation-specific projections or complex number operations, such as TransR
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and ComplEx, as seen in Section 2.2.3. While more sophisticated approaches might capture cer-
tain relational patterns more effectively, TransE is solid foundation in the scope of this study. The

configuration details are presented in Table 4.5.

Parameter Value
Embedding dimension 48
Training epochs 100
Batch size 256
Learning rate 0.001
Optimizer Adam
Negative sampling ratio 1:1
Early stopping patience 3
Loss function Margin-based ranking

Table 4.5: TransE training configuration and hyperparameters

The embedding dimension of 48 is selected to balance representational capacity with com-
putational efficiency, while the training configuration follows established best practices for KG
embedding with early stopping to prevent overfitting. The framework used for TransE training
was PyKEEN 1.11.1 [ Ali et al. (2021)] in an Apple M3 Pro CPU.

4.3 Model Architectures and Training Procedures

This section presents the implementation details and training configurations for the three of-
fline reinforcement learning algorithms evaluated in this study: Behavioral Cloning (BC), Batch
Constrained Q-Learning (BCQ), and Conservative Q-Learning (CQL). While all models share a
common neural network architecture, they differ in their training objectives and algorithmic ap-

proaches. Specific details about each model can be seen in Section 2.3.4.

4.3.1 Common Encoder Architecture

All algorithms share the same encoder architecture to ensure fair comparison across methods, with

parameters shown in Table 4.6.

Component Specification Output Dimension
Input layer Enhanced state vector 96

Hidden layer 1 512 units, ReLU, BatchNorm 512

Hidden layer 2 512 units, ReLU, BatchNorm 512

Hidden layer 3 256 units, ReLU, BatchNorm 256

Dropout layer  Rate = 0.1 256

Output layer Algorithm-specific 3,199

Table 4.6: Common neural network architecture across all algorithms
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The architecture incorporates batch normalization after each hidden layer to stabilize the train-
ing process and improve convergence properties. Dropout regularization with a rate of 0.1 is ap-
plied to prevent overfitting. The input dimension of 96 corresponds to the concatenated TransE
embeddings, and the output dimension of 3,199 matches the size of the action space derived from

the O-indexed training catalog.

4.3.2 Behavioral Cloning Implementation

The BC model utilizes cross-entropy loss as the objective function. Training parameters are pre-
sented in Table 4.7.

Parameter Value
Framework d3rlpy 2.0+
Loss function Cross-entropy
Optimizer Adam
Learning rate 0.0003
Batch size 1,024
Training steps 100,000
Weight decay 0.0
Gradient clipping 10.0

Table 4.7: Behavioral cloning training configuration.

Initial experiments revealed that the Adam optimizer with learning rate 0.0003 provided the
most stable training dynamics across different state representation approaches. The batch size and

training steps balance computational efficiency with sufficient exposure to training data.

4.3.3 Batch Constrained Q-Learning Implementation

BCQ uses a lower learning rate than BC does to account for the added complexity of Q-function

learning. The algorithm-specific hyperparameters are detailed in Table 4.8.
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Parameter Value
Framework d3rlpy 2.0+
Optimizer Adam
Learning rate 6.25e-05
Batch size 1,024
Training steps 100,000
Discount factor () 0.99
Weight decay 0.0
Gradient clipping 10.0
Action flexibility (7) 0.3
BC-Q balance (B) 0.5
Target update interval 8,000
Number of critics 1
Share encoder True

Table 4.8: BCQ training configuration.

The action flexibility parameter (7 = 0.3) establishes the threshold for filtering actions, and the
BC-Q balance parameter (§ = 0.5) adjusts the weight of the combination of Q-learning and behav-
ioral cloning losses. The shared encoder architecture reduces model complexity while maintaining

expressive capacity.

4.3.4 Conservative Q-Learning Implementation

CQL shares similar base hyperparameters with BCQ but introduces the conservative regularization

mechanism. The configuration parameters are presented in Table 4.9.

Parameter Value
Framework d3rlpy 2.0+
Optimizer Adam
Learning rate 6.25e-05
Batch size 1,024
Training steps 100,000
Discount factor () 0.99
Weight decay 0.0
Gradient clipping 10.0
CQL regularization (c) 2.0
Target update interval 8,000
Number of critics 1

Table 4.9: CQL training configuration.

The CQL regularization weight, o = 2.0, controls the strength of the conservative penalty
applied to out-of-distribution actions. Shared encoder is not implemented for discrete CQL in

d3rlpy.
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4.3.5 GRU4Rec Implementation

Experimental Setup

We utilized the PyTorch official GRU4Rec implementation. The baseline configuration is specified

in Table 4.10.

Parameter Value
Hidden layers [100]
Loss function BPR-max
Batch size 50
Learning rate 0.05
Training epochs 10
Dropout (hidden) 0.5
Momentum 0.0
BPR regularization 1.0
LogQ regularization 0.0
Sampling parameter 0.5
Negative samples 2,048

Table 4.10: GRU4Rec baseline training configuration.

The configuration follows the official recommendations for session-based recommendation

with BPR-max loss, which has shown better performance compared to cross-entropy loss in se-

quential recommendation scenarios.

4.3.6 State Representation Methodologies

We implement two distinct state construction methodologies to evaluate the contribution of KG

information in behavioral cloning for sequential recommendation.

Knowledge Graph-Enhanced States

All KG-enhanced approaches use TransE embeddings

with a context window of 5 recent items, concatenated with the current item embedding, yielding

96-dimensional state vectors:

Mean Aggregation Simple mean averaging of recent item embeddings:

Sy = [huser(t);eitem(t)} < R

_!
=)

1

k
huser (t )
=1

¢ (ei)

Temporal Weighting Linear progressive weights emphasizing recent interactions. For 5-

item history, weights are [1, 2, 3, 4, 5] (normalized), with position 5 being most recent:

i
wi

Ny
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Quality-based Weighting Differential weights based on user satisfaction:
* Positive feedback (rating > 4): weight = 3.0
* Negative/neutral feedback (rating < 4): weight = 1.0

Weights are normalized to sum to 1 before computing the weighted average.

Non-KG Statistical States As a baseline comparison, we implement the statistical feature-based
approach. User representation is composed by 6 aggregated statistics over the last 5 interactions:
interaction count, mean reward, maximum reward, minimum reward, reward standard deviation,
and average popularity of interacted items. Current item features comprise 4 characteristics:
average reward , popularity, log-scaled interaction count, and user coverage. The resulting 10-
dimensional state vector: s, € R19.

Item features are computed once from the entire training dataset before training and remain
static throughout the process. History features, in contrast, are dynamically updated at each step
based on the user’s recent interaction sequence as they progress through their session. The com-
putation of all item characteristics is derived from training data statistics and consistently applied
across validation and test sets to prevent data leakage. This process was done to ensure similar
treatment with both statistical and KG-based approaches.

For both settings, zero-padding is applied when users have fewer than 5 historical interactions

to maintain consistent dimensionality.

4.4 Evaluation

This section presents the evaluation methodology used to assess all models on identical prediction
tasks, ensuring a fair comparison of different algorithmic approaches. We describe the session-
based ranking protocol, define the evaluation metrics, and explain the steps taken to ensure con-

sistent experimentation.

4.4.1 Session-based Ranking Evaluation

All models are evaluated using a unified next-item prediction protocol, which accommodates both
the state-action paradigm of RL methods and the sequential processing of GRU4Rec. The Figure

4.2 illustrates the whole process.

Prediction Task Generation For each user session in the test set:
* Input: Session history up to time step ;
» Task: Rank all items in the catalog for prediction at ¢ + 1;

¢ Ground truth: The actual item interacted with at ¢+ 1;
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Multiple prediction tasks are generated per session. Each timestep (except the first) serves as
an opportunity for prediction. This maximizes the amount of evaluation data while maintaining

temporal integrity.

Step 1: State Construction

Session

Step 3: Evaluation

¥ Metrics

GT: iy GT: i3 GT: iy Recall @k
MRR@k
T NDCG@k

Figure 4.2: Session-based evaluation protocol.

Model-Specific Processing

* RL models: Convert session history into enhanced states using a 5-item context window
with zero-padding for shorter histories. The learned policy generates action probabilities
(for BC) or Q-values (for BCQ/CQL) for ranking.

* GRU4Rec: Process the full session prefix through the recurrent architecture to generate

next-item predictions.

4.4.2 Evaluation Metrics

We employ three standard ranking metrics computed at cutoff values k € {1,5,10,20}:

Recall@k Proportion of test cases where the true next item appears in the top-k predictions:

1 1 ifrank(i,) <k
Recall@k = — ¥ )

0 ge0 | 0 otherwise

MRR@k (Mean Reciprocal Rank) Average inverse rank of the correct item, considering only
top-k:

if rank (i) <k

MRR@k = - lig) <

[9 qe0 | O otherwise

NDCG @k (Normalized Discounted Cumulative Gain) Ranking quality metric with logarith-

mic position discounting:

1 . .
NDCG@k = - ¥ { et if rank(ig) < k
0 qc0 | O otherwise
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where Q represents all prediction tasks generated from the evaluation sessions, i, is the ground-

truth item for task ¢, and rank(i,) denotes the position of the correct item in the ranked list.



48

Experimental Setup



Chapter 5

Results and Analysis

This chapter presents the results of our study comparing knowledge graph-enhanced behavioral

cloning and GRU4Rec for sequential recommendation.

5.1 Opverall Performance

As illustrated in Table 5.1, we compare the GRU4Rec baseline against BC, BCQ, and CQL vari-
ants using the metrics described in Section 4.4. Four BC variants are evaluated: BC-Mean em-
ploys mean aggregation of TransE embeddings, BC-Recency uses recency-weighted TransE em-
beddings, BC-Quality applies quality-weighted TransE embeddings, and BC-Stats implements
the non-KG statistical baseline. We mirror these for BCQ (BCQ-Mean/Recency/Quality/Stats)
and CQL (CQL-Mean/Recency/Quality/Stats) as well.

Recall@k MRR@k NDCG @k
Method 1 5 10 20 1 5 10 20 5 10 20
GRU4Rec .0223 1034 1844 .2998 .0223 .0489 .0595 .0674 .0623 .0883 1173
BC-Mean .0279 .1060 1787 2783 .0279 .0539 0634 .0702 .0667 .0901 1151
BC-Recency .0274 1036 1718 2691 .0274 .0528 0617 .0684 .0653 .0872 1116
BC-Quality .0284 .1063 1779 2782 .0284 0544 .0638 .0706 .0672 .0901 1154
BC-Stats .0138 .0537 0912 .1476 .0138 .0269 .0319 .0357 .0335 .0455 .0597
BCQ-Mean .0319 1198 1968 3052 .0319 .0613 0714 .0788 0757 .1004 1276
BCQ-Recency .0333 1203 1973 3072 .0333 0624 0725 .0801 0767 1014 1291
BCQ-Quality .0320 1201 1970 .3056 .0320 0615 0715 .0789 0759 .1005 1279
BCQ-Stats .0146 .0523 .0896 .1491 .0146 0272 0321 .0362 .0334 .0454 .0603
CQL-Mean .0284 .1085 1809 2845 .0284 .0551 0646 .0717 .0682 .0915 1175
CQL-Recency .0243 .0908 1536 2412 .0243 .0464 0546 .0606 .0573 0774 .0995
CQL-Quality .0244 .0928 1563 2524 .0244 .0472 .0555 .0621 .0584 .0788 .1030
CQL-Vanilla .0118 .0478 .0838 1409 .0118 .0237 .0284 .0323 .0296 0412 .0555
Improvements over GRU4Rec (%)

BC-Mean +25.2 +2.5 -3.1 -7.2 +25.2 +10.2 +6.5 +4.2 +7.1 +2.0 -1.9
BC-Recency +22.9 +0.2 —6.8 —10.2 +22.9 +8.0 +3.7 +1.5 +4.8 —-1.2 —-4.9
BC-Quality +27.4 +2.8 —3.5 -7.2 +27.4 +11.3 +7.2 +4.7 +7.9 +2.1 -1.6
BC-Stats —38.2 —48.1 —50.6 —50.8 —38.2 —45.0 —46.4 —47.0 —46.2 —48.4 —49.1
BCQ-Mean +43.0 +15.9 +6.7 +1.8 +43.0 +25.4 +20.0 +16.9 +21.5 +13.7 +8.8
BCQ-Recency +49.3 +16.3 +7.0 +2.5 +49.3 +27.6 +21.8 +18.8 +23.1 +14.8 +10.1
BCQ-Quality +43.5 +16.1 +6.8 +1.9 +43.5 +25.8 +20.2 +17.1 +21.8 +13.8 +9.0
BCQ-Stats —34.5 —49.4 —51.4 —50.3 —34.5 —44.4 —46.1 —46.3 —46.4 —48.6 —48.6
CQL-Mean +27.2 +4.9 —1.9 —5.1 +27.2 +12.7 +8.6 +6.3 +9.5 +3.6 +0.2
CQL-Recency +8.8 —12.2 —16.7 —19.5 +8.8 —5.1 —8.2 —10.1 -8.0 —12.3 —15.2
CQL-Quality +9.4 —10.2 —-15.2 —15.8 +9.4 —3.4 —6.7 -7.9 —6.2 —10.8 —12.2
CQL-Vanilla —47.1 —53.8 —54.5 —53.0 —47.1 —51.5 —52.3 —52.1 —52.5 —53.4 —52.7

Table 5.1: Performance comparison between GRU4Rec baseline, BC, BCQ and CQL variants.
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BCQ-Recency shows the best performance across most metrics (+49.3% Recall@1, +27.6%
MRR@5, and +23.1% NDCG@5 compared to GRU4Rec). BCQ-Quality and BCQ-Mean fol-
low with comparable improvements. BC-Quality shows moderate gains (27.4% Recall@1, 11.3%
MRR @5, and 7.9% NDCG @5), while CQL-Mean achieves 27.2% Recall@1 and 12.7% MRR @5.
Statistical variants perform worse than the other algorithms, with degradations ranging from -
34.5% to -47.1% in Recall@1.

As shown in Figure 5.1, KG-enhanced variants demonstrate smooth convergence across all
algorithms, whereas statistical variants exhibit poor convergence behavior. The differences in
absolute loss magnitude reflect the optimization objectives of each algorithm: CQL maintains
higher loss due to its conservative penalty; BCQ’s loss reflects the joint learning of the behavioral
cloning and Q-learning components; and BC’s loss stems from the cross-entropy classification

over the large action space.

CQL Loss Curves BCQ Loss Curves BC Loss Curves GRU4Rec Loss Curve
0.60 ~&- GRU4Rec

Total Loss
Cross-Entropy Loss

056

0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000 0 20000 40000 60000  BOOOO 100000 001 2 3 4 5 6 7 8 9 10
Training Steps Training Steps Training Steps Epochs

Figure 5.1: Training loss curves comparison across tested models.

5.2 Main Findings

RQ1: Integration Strategy Effectiveness Our investigation revealed that the effectiveness of
knowledge graph integration strategies depends heavily on the algorithm used, and that distinct
optimal approaches exist for each method.

BC achieves optimal performance with quality-based weighting (BC-Quality: +27.4% Re-
call@l, +11.3% MRR@5 over GRU4Rec). This aligns with BC’s imitation learning objective.
By emphasizing high-satisfaction interactions through quality weights, the model learns to distin-
guish strong positive signals from weaker ones in the demonstration data. The supervised learning
nature of BC benefits directly from this explicit preference signal in the state representation.

With recency-based weighting, BCQ demonstrates superior performance (+49.3% Recall@1,
+27.6% MRR @5). The temporal emphasis synergizes with the BCQ hybrid architecture. Recency
weighting increases the likelihood that the action filtering mechanism retains contextually relevant
items in the constrained action set. Then, the Q-learning component can optimize among these
recent, relevant candidates. This results in the strongest overall performance across all tested
configurations.

CQL performs best with mean aggregation (CQL-Mean: +27.2% Recall@1, +12.7% MRR @5).

However, CQL’s conservative penalty mechanism interacts poorly with biased state encodings.
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Recency and quality weighting can inflate Q-value estimates for rarely seen state-action pairs,
leading to excessive penalization. Mean aggregation produces smoother, more stable state repre-
sentations that avoid triggering overly conservative value estimates.

Training dynamics confirmed these patterns. Knowledge graph variants demonstrated smooth
convergence while maintaining stable loss trajectories across all algorithms, as shown in Fig-
ure 5.1. These results show that knowledge graph integration strategies should be tailored to the
underlying learning mechanism. The interaction between state representation bias and algorithmic
properties (e.g., imitation versus value-based learning, action constraints, and conservatism) fun-
damentally determines the effectiveness in ranking. Figure 5.2 illustrates the difference in ranking

performance across all variants in each RL algorithm tested.

BC Variants BCQ Variants CQL Variants

== NDCG@5 == NDCG@5 == NDCG@5
012 == NDCG@20 == NDCG@20 = NDCG@20

Mean Recency Quality Stats Mean Recenc, y Quality Stats Mean Recenc, y Quality Stats

Figure 5.2: Performance comparison across aggregation strategies.

RQ2: Semantic versus Statistical Representations A comparison of statistical features and
knowledge graph embeddings clearly shows that semantic representations are superior. Statistical
variants perform poorly across all algorithms, showing severe degradation in performance. Com-
pared to GRU4Rec, BC-Stats shows -38.2% Recall@1 and -45.0% MRR @5, BCQ-Stats shows
-34.5% Recall@1 and -44.4% MRR @5, and CQL-Vanilla shows -47.1% Recall@1 and -51.5%
MRR@5. Traditional aggregated statistics, such as interaction counts, rating averages, and pop-
ularity metrics, fundamentally lack the semantic relationship information necessary for effective
sequential recommendation within RL frameworks.

The semantic versus statistical gap is particularly pronounced for value-based methods. BCQ
variants with TransE embeddings improve upon the baseline by 43.0-49.3%, while BCQ-Stats de-
creases performance by 34.5%. This difference shows the importance of structured semantic rep-
resentations for stable value function approximation in sparse recommendation environments. In
BCQ/CQL, this estimator must generalize across state-action pairs, many of which are rarely ob-
served in offline data. Statistical features only provide superficial similarity signals, while knowl-
edge graph embeddings encode deep semantic relationships that enable meaningful generalization
to unseen combinations.

Figure 5.3 shows the comparison of the best variant of each model, including the statistical
model, in NDCG. The superior performance of the value-based algorithms and the poor perfor-

mance of the statistical variant are evident.



52 Results and Analysis
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Figure 5.3: Performance comparison between knowledge graph-enhanced and statistical baseline
variants.

5.3 Algorithm-Specific Analysis

Behavioral Cloning: Precision-Recall Trade-offs The BC variants demonstrate strong perfor-
mance in terms of the top-rank metrics (Recall@1 and MRR @k), but their performance declines
at higher k values. BC-Quality achieves a +27.4% increase in Recall@1, but a -7.2% decrease
in Recall@20, compared to GRU4Rec. This pattern reveals a fundamental characteristic of the

pointwise training approach used in this study.

BC is trained with pointwise supervision, learning to predict the single observed item at each
stage. Although this enables BC to excel at identifying the most likely next item, it creates chal-
lenges when ranking larger sets of alternatives. This limitation comes from two factors: BC’s
cross-entropy objective optimizes predicting the demonstrated action rather than ranking multi-
ple potentially relevant items, and the MovieLens dataset containing pointwise data rather than
ranked lists, providing no supervision signal about the relevance of alternative items beyond the
demonstrated one. The decreasing performance at higher k values reflects the mismatch between

the pointwise training objective and the multi-item ranking evaluation task.

BCQ: Hybrid Architecture Advantages BCQ achieves the strongest overall performance, with
BCQ-Recency reaching +49.3% Recall@1 and maintaining positive improvements even at Re-
call@20 (+2.5%). This success derives from BCQ’s hybrid design that combines behavioral
cloning and Q-learning.

The Q-learning component enables value-based optimization beyond directly observed behav-
iors, allowing BCQ to identify relevant items not explicitly demonstrated in similar contexts. The
action filtering mechanism, which constrains the policy to select from actions similar to the be-
havior policy, prevents the value function from exploiting spurious high Q-values for rarely seen
actions. This constrained exploration within the supported action space produces superior perfor-

mance across all rank positions.
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CQL: Conservative Penalties in Sparse Spaces CQL exhibits limited improvements, with only
CQL-Mean providing consistent gains. Other CQL variants underperform at higher k values, with
CQL-Recency showing -19.5% Recall @20.

The large action space (3,199 items) combined with sparse state-action coverage in offline data
creates challenges for CQL’s conservative mechanism. The penalty term, designed to prevent over-
estimation of out-of-distribution action values, becomes overly aggressive when most state-action
pairs are rarely observed. Biased state representations (recency/quality weighting) exacerbate this
issue by creating Q-value estimates that trigger excessive penalization.

Interestingly, stronger conservatism (higher o values) improved CQL performance in prelim-
inary experiments, suggesting that the sparse recommendation setting requires more aggressive
constraints to prevent value overestimation for pairs rarely seen. However, this comes at the cost

of potentially undervaluing legitimately relevant but infrequent recommendations.

GRU4Rec: Sequential Pattern Learning GRU4Rec demonstrates competitive performance in
broader retrieval tasks, achieving the highest Recall@20 among all methods tested. Its recur-
rent architecture’s ability to capture sequential co-occurrence patterns across user sessions gives
GRU4Rec an advantage, making it particularly effective when retrieving larger candidate sets.

However, GRU4Rec’s overall metrics lag behind those of KG-enhanced RL methods, espe-
cially in terms of top-rank precision. For example, GRU4Rec’s Recall@1 and MRR @35, are sub-
stantially lower than BCQ-Recency’s. The performance gap narrows at higher k values, where
GRU4Rec’s Recall@20 surpasses several knowledge graph variants, including BC-Quality and
BC-Recency.

This divergent performance across ranking positions reflects a fundamental trade-oft: GRU4Rec
excels at learning which items follow others in sessions, but it lacks explicit semantic understand-
ing of why these transitions occur. KG embeddings encode relationships, such as shared genres,
directors, or themes, that enable more precise top-k recommendations through semantic general-
ization beyond observed co-occurrence patterns.

Additionally, GRU4Rec offers practical advantages in deployment scenarios. Its training time
(16 minutes for 10 epochs) is significantly lower than that of offline RL methods (90-160 minutes
for 100,000 steps) plus the time taken to train TransE, and its simpler architecture requires less
hyperparameter tuning and is easier to maintain in production systems. These efficiency bene-
fits may outweigh the disadvantage of lower precision in applications where broader retrieval or
computational constraints are priorities.

The performance difference may also reflect the data scale requirements. Recurrent architec-
tures generally require larger datasets to learn robust sequential patterns, and the relatively sparse
MovieLens dataset may not provide enough information for GRU4Rec to demonstrate its full ca-
pabilities. Future work could investigate whether improving GRU4Rec’s performance requires

additional training data, longer session histories, or architectural enhancements.



54

Results and Analysis



Chapter 6

Conclusion and Future Work

This experimental study examined the intersection of three fundamental areas of artificial intel-
ligence: Recommender Systems, RL, and Representation Learning. A comprehensive literature
review of these three domains was conducted at the beginning of the research, which led to the
study of KG-enhanced offline RL for sequential recommendation tasks.

The investigation then proceeded toward next-item prediction using the MovieLens dataset.
KGs were obtained from open-source communities, such as DBpedia, and encoded into dense
vector representations using the TransE algorithm. The core focus of the experiments was on how
different aggregation functions for combining KG embeddings into state representations affect
the performance of three offline RL algorithms: Behavioral Cloning (BC), Batch Constrained
Q-learning (BCQ), and Conservative Q-learning (CQL).

As baseline for comparison, we employed GRU4Rec, an established recurrent neural network
approach for sequential recommendation. This approach was used alongside a statistical state
representations that aggregate traditional features without KG enhancement. This dual baseline
approach allowed us to evaluate both algorithmic advances between RNN-based and RL algo-
rithms and representational improvements with the KGs.

Our investigation revealed that the optimal KG integration strategy depends on the algorithm.
BC performed best with quality-weighted embeddings (+27.4% Recall@1 over GRU4Rec), BCQ
excelled with recency-weighted representations (+49.3% Recall@1), and CQL achieved optimal
results with mean aggregation (+27.2% Recall@1). These results reflect the interaction between
state representation bias and algorithmic properties: imitation learning benefits from explicit pref-
erence signals, hybrid architectures leverage temporal patterns, and conservative methods require
balanced representations to avoid excessive penalization.

A comparison of semantic and statistical representations clearly demonstrated the superiority
of KG embeddings. Semantic variants improved upon the baseline by 27-49%, while statisti-
cal variants decreased Recall@1 performance by 34-47%. This difference was most apparent in
value-based methods: BCQ with TransE embeddings improved by 43-49%, whereas BCQ-Stats
decreased by 34.5%. Training loss confirmed that traditional aggregated statistics lack the seman-

tic relationship information necessary for effectively approximating the value function in sparse
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recommendation environments.

Overall, BCQ was the most effective approach, as its hybrid architecture successfully com-
bined BC’s semantic understanding with Q-learning’s exploration. BC variants excelled at top-
rank precision but showed declining performance at higher cutoffs. This reflects the mismatch
between BC’s pointwise training objective and the ranking evaluation task. CQL faced challenges
in sparse, large-action-space settings; only CQL-Mean provided consistent improvements. These
findings demonstrate that successful offline RL for recommendations requires semantic state rep-

resentations and careful alignment between integration strategies and algorithmic learning.

6.1 Study Limitations

Several limitations constrain the scope and generalizability of this study.

Limited Knowledge Graph Representation Models The study focused exclusively on TransE
embeddings for KG representation without exploring alternative relational models, such as TransR,
RotatE, or graph neural network approaches, which might capture different semantic relationships

more effectively.

Embedding Quality Assessment This study trained KG embeddings to evaluate how RL meth-
ods behave when the state contained more dense representations. However, it did not fully evalu-
ated the embeddings quality with techniques such as link prediction accuracy or semantic cluster

validation.

Evaluation Metric Limitations The evaluation framework relied solely on traditional ranking
metrics (Recall@k, MRR@k, and NDCG@k), which may not adequately capture the seman-
tic contributions of KG embeddings. These positional accuracy measures cannot assess whether
recommendations demonstrate semantic coherence, diversity, or meaningful relationships to user
preferences beyond ranking position. This limitation constrains the understanding of how different
representation models contribute to recommendation quality, establishing the need for semantic-

aware evaluation methodologies.

Dataset and Coverage Limitations The evaluation was restricted to a single dataset (MovieLens-
1IM), which limits the generalizability of the findings to different domains and user behavior
patterns. Additionally, items absent from the KG were excluded from the study, resulting in a
reduction in data that may not reflect real-world scenarios where partial knowledge coverage is

common.
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Limited Offline RL Algorithm Coverage The offline RL investigation was limited to three
algorithms: BC, BCQ, and CQL. These algorithms represent only a subset of the available ap-
proaches. Other more recent offline RL algorithms may demonstrate different performance char-
acteristics when integrated with KGs. Additionally, modern recommendation systems increasingly
rely on user simulators for policy evaluation and training, a factor that was not considered in this
study. Without simulated environments, it is difficult to conduct controlled experiments, evaluate
counterfactual scenarios, or assess the long-term impact of different recommendation policies on

user engagement and satisfaction.

Simple Aggregation Strategies The study used relatively simple aggregation strategies to com-
bine historical embeddings. More sophisticated approaches, such as attention-based mechanisms,

could provide different insights into optimal KG integration.

Missing KERL Comparison This study did not include a direct comparison with KERL Wang
et al. (2020), cited in Section 2.4. While KERL employs a different approach, such a compar-
ison would have provided valuable insights into the effectiveness of both reward modeling and
knowledge-based future preference detection. Future work should incorporate KERL and similar

hybrid approaches to establish a more comprehensive baseline comparison.

6.2 Future Work

6.2.1 Near-Term Research Directions

Knowledge Graph Embedding Exploration: To identify which relational models best capture
semantic relationships for sequential recommendation tasks in next-item prediction, a comprehen-
sive ablation study should investigate different KG embedding methods beyond TransE, including
TransR, RotatE, ComplEx, and DistMult. The addition of negative edges (e.g. (u;,disliked,m;))
in the KG to explicitly show negative feedback is also a possibility.

Advanced Aggregation Mechanisms: Future work should explore more sophisticated meth-
ods of combining historical embeddings. One promising approach is attention-based aggregation,
which can dynamically adjust the importance of different historical interactions based on context
and item relationships.

Expanded Evaluation: Evaluating these approaches across a larger set of dataset variants
and diverse domains (e.g., e-commerce, music streaming, and video recommendations) would
demonstrate their scalability and effectiveness in specific domains.

Semantic-Aware Evaluation Metrics: The development of recommendation quality metrics
designed specifically to evaluate the effectiveness of different representation models is critically
needed. These metrics could assess the semantic coherence of recommendation lists, measure
the semantic similarity between recommended and ground-truth items, and evaluate how well

different embedding approaches capture user preference patterns beyond positional accuracy.
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6.2.2 Long-Term Research Directions

User Modeling and Simulation: Integration with sophisticated user simulators such as DeepFM
Guo et al. (2017) would enable more controlled experimentation and policy evaluation. These
simulators could provide richer feedback signals and facilitate counterfactual analyses of recom-
mendation strategies. More importantly, they could address the state-action sparsity problem by
generating synthetic interactions for underrepresented state-action combinations. This would en-
able the systematic exploration of the action space and the more robust training of value-based RL
algorithms.

Sample-Efficient RL Algorithms: Investigating newer, more sample-efficient offline RL al-
gorithms, such as model-based approaches like MOPO Yu et al. (2020) and COMBO Yu et al.
(2021), or recent advances in conservative learning, could potentially reduce computational over-
head while maintaining or improving performance.

Path Reasoning and Explainable Recommendations: Investigating RL-based path reason-
ing methods that walk through KG structures to generate recommendations. These methods could
generate explainable recommendations by revealing the paths taken through the KG. This allows
users to understand why specific items were recommended based on the semantic connections
discovered by the model.

Reward Function Modeling: Lastly, developing multi-objective reward functions that incor-
porate KG coherence terms alongside traditional user satisfaction metrics. An approach could be
to penalize recommendations that violate semantic relationships and reward recommendation se-
quences that maintain coherent paths through the KG structure. These approaches would allow RL
algorithms to optimize for both immediate user engagement and long-term semantic consistency

of the recommendation policy.
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